
1 
 

 
 
 
 
 
Quantifying avian and forest communities to understand interdependencies of ecological 

systems and inform forest bird conservation 

 

Dissertation 
 

Presented in Partial Fulfillment of the Requirements for the Degree Doctor of Philosophy 

in the Graduate School of The Ohio State University 

 

By 

Bryce Timothy Adams 

Graduate Program in Environment and Natural Resources 
 

The Ohio State University 

2018 
 

Dissertation Committee 

Stephen N. Matthews, Advisor 

Robert J. Gates 

Chris M. Tonra 

Laura J. Kearns 

Louis R. Iverson  

 



2 
 

 
 
 
 
 

Copyrighted by 

Bryce Timothy Adams 

2018 
 

 



ii 
 

Abstract 

Forests represent the largest terrestrial biome on Earth, providing a wealth of 

ecological and social services. Their effective conservation and management under 

intensifying anthropogenic threats, climate change, and shifting disturbance regimes 

hinges on an accurate knowledge of ecological process and spatial pattern to address 

questions related to their dynamics, how they are changing, and what resources they 

provide to wildlife. Predictive models are currently the main tools used to quantify 

landscape-level forest parameters and resource use of wildlife communities. Advances in 

remote sensing technologies and new, innovative ways to characterize these data offer 

great potential for improved quantification and monitoring of ecological systems. 

My overall research seeks to integrate new methodologies for landscape-level 

quantification of avian and forest communities and to investigate interrelationships that 

inform forest bird conservation in southeastern Ohio. The study area, positioned within 

the Central Hardwoods Region, displays a pronounced floristic gradient, recognized as 

one of the most speciose forested regions in the eastern US. I sampled avian and woody 

plant assemblages across a spectrum of forest stands with different vegetation 

composition and structure within six study sites during 2015 and 2016. My objectives 

include: (1) to determine the relative importance of plant taxonomic composition versus 

vegetation structure on the species composition of avian assemblages; (2) to examine the 
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effectiveness of multi-sensor fusion of different remote sensing platforms that are 

sensitive to improved monitoring of forest successional state; (3) to incorporate concepts 

of community-continua to map floristic assemblages; (4) to develop predictive models of 

bird species abundance to map potential habitat quality for selected species and examine 

the importance of various remotely-sensible data attributes; and (5) to develop a 

community-level model of bird species composition and evaluate its efficacy in providing 

species-level inference.  

Collectively, my results help to reinforce (1) the importance of environmental 

heterogeneity in maintaining bird diversity within managed forests, (2) the many 

interdependencies among avian and floristic assemblages, and (3) the effectiveness of 

remote sensing platforms in quantifying ecological process and spatial pattern of forested 

landscapes. Many of the vegetation factors I examined, considered decisive in 

determining avian resources, were rarely independent. The strong individual and 

community-level responses of birds to forest compositional gradients can also be taken as 

a response to variation in structure among these different forest types, as vegetation 

structure and floristic composition were intimately related in most cases. But species-

specific preferences for certain tree species and the integrative nature of plant 

composition data helped explain its strong predictive power for avian assemblage 

composition. Nonetheless, stand management aimed to manipulate structural complexity 

within and among forest stands will influence plant species composition in ways that 

meet the fine-scale resource needs of certain species. A diversity of growth stages can 

provide not only diverse vegetation structures, but also a diversity of tree species. The 
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diversity and composition of understory shrubs should not be overlooked as well, as 

many forest birds utilize the understory strata for nesting and foraging. Foundational oak 

species (Quercus spp) will require special attention to ensure restoration of these species 

assemblages into the future. Policies should aim to maintain a diversity of stand types, in 

terms of structure, growth stage, and tree composition, to provide a range of habitat 

conditions for birds and other wildlife. Additionally, climate change is expected to impact 

forest communities in unpredictable ways. Full-stand taxonomic composition of forest 

stands of different type and structure should be frequently evaluated in the coming 

decades to ensure policies are successfully implemented to maintain environmental 

heterogeneity and desired levels of diversity. The methods I utilized show great potential 

for remotely inventorying the compositional patterns of forests at landscape extents. 

Restoration of important tree species can be greatly advanced by these methods to ensure 

viable species pools remain under shifting vegetation pressures. 
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Chapter 1: Introduction 

With current global biodiversity loss now apparently exceeding the background 

extinction rate in the fossil record (Pimm et al. 2014), it is critical that actions be taken to 

balance the competing demands of minimizing further loss and maximizing human well-

being. Forests represent the largest terrestrial biome on Earth, providing a wealth of 

ecological and social services. The decisions taken about the management of individual 

forest stands have implications on habitat suitability for other organisms, especially birds 

(Quine et al. 2007). Composition, growth stage (e.g., old-growth, early-successional), and 

additional structural attributes of forests, including horizontal and vertical canopy 

heterogeneity, determine forest habitat type and quality for bird species (Block and 

Brennan 1993). The most direct interactions between wildlife and vegetation patterns are 

expected to arise at these fine scales, making observations at these levels especially 

informative (Wiens 1989, Cushman and McGarigal 2004). Scaling up these observations 

to the landscape-level has considerable potential to provide insight into ecological 

processes that determine species distributions, species assembly, and prioritizing 

management actions (Guisan et al. 2013), ensuring environmental heterogeneity be 

maximized across managed forestlands. 

I studied avian and forest communities among six study sites owned and managed 

by the Ohio Department of Natural Resources (ODNR) in southeastern Ohio. The area is 
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part of the Central Hardwoods and unglaciated Allegheny Plateaus physiographic 

regions. The dissected terrain, forming narrow v-shaped ridges and valleys with <100 m 

local relief, supports diverse tree assemblages, establishing a highly pronounced floristic 

gradient among the study sites. The ODNR - Division of Wildlife has adopted a 

Conservation Opportunity Area Approach to maintaining species diversity of forest 

dependent wildlife within the study area and among a few of the study sites (ODNR 

DOW 2015). Much of the previous work within these forests has demonstrated the 

importance of structural features in local habitat that govern resource use and 

demographic processes of forest bird species across the predominately forested landscape 

(Bakermans and Rodewald 2009, Sheehan et al. 2014). Additionally, environmental 

heterogeneity in the form of diverse mixtures of stands of different growth stages, 

especially young regenerating hardwood forests, benefits a number of bird species, 

including obligate shrubland-dependent and mature-forest species alike (Vitz and 

Rodewald 2006, 2007). A landscape-scale perspective on species patterns and forest 

parameters is required to help fulfill mission objectives in the study area. 

Predictive models are currently the main tools used to quantify landscape-level 

forest parameters and resource use of wildlife communities. Advances in remote sensing 

technologies and new, innovative ways to characterize these data offer great potential for 

improved quantification and monitoring of ecological systems. Laser altimeters, light 

detection and ranging (LiDAR), provide unparalleled windows into the vertical profiling 

of forest habitats (Davies and Asner 2014). LiDAR instruments are active remote sensing 

technologies that emit short-duration laser pulses that interact with surface features and 
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return to the sensor. The travel times of the returns are converted to unit distance to 

characterize the three-dimensional properties (particularly vertical profile) of forest 

habitats. Many applications have demonstrated the utility of such technologies for 

modeling avian response to structural patterns across forested landscapes (Goetz et al. 

2010, Swatantran et al. 2012). 

In addition, space-borne multispectral images have long been used to map the 

distribution of vegetation at landscape extents (Turner et al. 2003). However, finer 

taxonomic detail is required than what has traditionally been used for mapping vegetation 

patterns to assist management of forest resources. The nearly complete removal of these 

forests in the last century and their subsequent regeneration occurring under shifting 

anthropogenic and natural disturbance regimes has led to dramatic legacy effects. Forests 

that are rapidly transitioning to intermediate stages of development in the eastern US lack 

the structural and floristic diversity that characterized presettlement conditions (Schulte et 

al. 2007, Wang et al. 2015). One of the concerns is the lack of oak (Quercus spp) 

recruitment in current forest stands, and how this might affect wildlife communities if 

restoration efforts cannot ensure viable populations of these species into the future 

(Rodewald 2003, Iverson et al. 2017, 2018). Oak-dominated stands have been shown to 

support abundant and diverse bird communities (Rodewald and Abrams 2002). This 

quality extends beyond the presence of acorn mast and also includes differences in leaf 

architecture and growth form that affect foraging behaviors of foliage-gleaning 

insectivorous bird species (Wood et al. 2012). Evidence also demonstrates that the 

increasing homogenization of tree composition can have negative effects on the long-
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term population persistence of many bird species (Buchanan et al. 2016). Therefore, 

restoration efforts aimed to restore desired species and conservation efforts aimed to 

maintain diverse wildlife communities across landscape extents require a spatial 

knowledge on detailed floristic patterns. 

My research advances our knowledge on the vegetation factors that govern avian 

community assembly, the ways in which remote sensing data can be used to effectively 

characterize spatial pattern in forest communities, and how these remotely-sensed data 

attributes translate to landscape-scale predictions of individual bird species and avian 

assemblages. I address the following questions: 1) How well does vegetation structure 

versus plant species composition explain avian assemblage composition? 2) Can existing 

remote sensing platforms be operationalized to identify early-successional “shrublands” 

in managed forestlands? 3) Can space-borne, frequently acquired, multispectral images 

be used to map the detailed floristic composition of forest stands? 4) What remotely-

sensible forest parameters, along with their degrees of uncertainty, translate to accurate 

predictions of individual species distributions, and what do these relationships tell us 

about avian response to vegetation structure and composition? 5) How can compositional 

patterns of avian assemblages be spatially modeled, and can these predictions provide 

inference on individual species distributions? 

I organized my dissertation such that chapters 2-6 represent separate manuscripts 

intended for publication. As such, some of the content, particularly methodologies, show 

a degree of redundancy. I intend to submit these manuscripts with coauthors and have 

prepared them with plural pronouns. However, I take full responsibility for the content 
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herein. Furthermore, I have arranged my chapter order to follow my logical formulation 

of these questions by first addressing a fundamental base of avian assemblage 

organization in chapter 2; chapters 3 and 4 tackle needed quantitative surfaces to 

ultimately apply these models to develop predictive models of bird species and avian 

assemblage composition across the landscape in chapters 5 and 6, respectively. 

Additionally, each manuscript is intended for submission to different journals. Thus, in 

following journal specific guidelines, some chapters, and their respective appendices, 

differ in some formatting respects. Chapter 2 is intended for Ecology; chapter 3 for 

Natural Areas Journal; chapter 4 for Forest Ecology and Management; chapter 5 for 

Journal of Wildlife Management; and chapter 6 for Diversity and Distributions. 

 In chapter 2, I investigated the relative importance of plant species composition 

versus vegetation structure for the species composition of avian assemblages. Of these 

factors, birds are expected to select habitat primarily based on vegetation structure, due to 

strong theoretical concepts behind structural diversity and its impacts on faunal niche 

space (Dunlavy 1935, MacArthur 1958, MacArthur and MacArthur 1961, Block and 

Brennan 1993). However, changes in tree species composition can also affect individual 

bird species (Robinson and Holmes 1984, Gabbe et al. 2002, Brawn 2006, Wood et al. 

2012), ultimately structuring avian assemblages in some way (Holmes et al. 1979, 

Rodewald and Abrams 2002). Questions on the importance of these factors that affect 

avian assemblages have suffered from inadequate analytical procedures that cannot 

incorporate species identities (both plant and avian species) into the relation of different 

taxonomic groups (MacArthur and MacArthur 1961), failing to seize the species-specific 
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interactions among members of either assemblage (Schaffers et al. 2008). Considering 

these deficiencies in previous examinations, I instead used new direct ordination 

methodologies that finally allow the species composition of one assemblage (e.g., plants) 

to predict the species composition of another assemblage (e.g., birds), providing 

quantifiable predictions that are directly comparable to those according to vegetation 

structural data (ter Braak 1986, ter Braak et al. 1993, ter Braak and Verdonschot 1995, ter 

Braak and Schaffers 2004, Schaffers et al. 2008). My overall data set included 210 point 

samples where the composition of plant and avian assemblages and vegetation structure, 

based on field-derived and remotely-sensed measurements, were collected across forest 

stands of different type and structure. The remote sensing data set included LiDAR data 

that captured detailed, three-dimensional characteristics of vegetation structure. As strong 

proximate signals of shifting vegetation pressures project significant species turnover for 

the eastern deciduous forest biome in the coming decades (Nowacki and Abrams 2008, 

Iverson et al. 2017), the consequences of this chapter will have profound implications for 

forest wildlife conservation. 

In chapter 3, I developed and validated a vegetation and land cover model 

utilizing Landsat-LiDAR data fusion for the improved mapping of shrubland habitat in 

managed, forested landscapes. Early-successional “shrubland” habitat has reached a high 

conservation priority, as many shrubland-dependent wildlife species have experienced 

precipitous range-wide population declines in recent decades due to near historic lows in 

shrubland and young forest habitat (Askins 1993, King and Schlossberg 2014). Shrubland 

bird species require recently disturbed stands in forested landscapes. The conditions that 
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determine resource use are highly ephemeral and change rapidly over relatively short 

periods of time as the vegetation succeeds into later stages of development (Thompson III 

and DeGraaf 2001, DeGraaf and Yamasaki 2003). National land cover products, based on 

their general class scheme, often lack the temporal and thematic resolution necessary for 

monitoring these successional changes. The distribution of vegetation, however, can be 

frequently mapped with multispectral images from the Landsat program (Turner et al. 

2003, 2015, Rose et al. 2015) - though, spectral mixtures of vegetation and the difficulties 

in detecting subtle changes in the vertical dimension of forest habitats contributes to poor 

classification accuracies of shrubland cover types often observed in applications using 

multispectral images (Wickham et al. 2010, 2017). Instead, the multi-sensor fusion of 

Landsat images and LiDAR data may help to offset this discrepancy (Pohl and van 

Genderen 1998). I collected detailed land use/land cover data from 4,264, 30-m Landsat 

pixels in southeastern Ohio in 2016. I used a cluster-sampling design, in which five pixels 

per each bird observation point (pixel located at the point and its four neighbors) were 

sampled during field surveys to maximize efficiency (Schetter and Root 2011). Random 

Forests (RF) models were trained to classify 10 vegetation and land cover types across 

the study area at the native 30-m Landsat resolution using a multiseasonal Landsat image 

and a Landsat-LiDAR fusion image. Thus, the aim of this chapter was to produce a 

quantitative assessment of disparate remote sensing platforms and their fusion to capture 

the importance of height-above-ground information for characterizing forest growth 

stage. Though expensive and typically targeted over small geographic extents, frequent 

LiDAR acquisition should be encouraged at all costs, based on the temporal scales 
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commensurate with the ephemeral nature of shrubland habitats. Agencies and researchers 

should evaluate the need for LiDAR data and attempt to pool resources to offset costs 

(Pettorelli et al. 2014a, b, Turner et al. 2015). 

In chapter 4, I quantified forest composition as community-continua using an 

ordination-regression approach (Thessler et al. 2005, Harris et al. 2015). Indeed, the 

distribution of vegetation can be frequently mapped with supervised classifications of 

Landsat images (Turner et al. 2003). The improved management of forest resources and 

restoration of desired species often requires a more detailed representation of forest type 

than what is typically used in supervised classifications (Running and Coughlan 1988, 

Tilman et al. 1997). The exercise and mapping of detailed floristic assemblages, however, 

can be problematic for traditional, discrete cover type mapping (Hakkenberg et al. 2018). 

First, defining communities a priori can be challenging, as any number of classes are 

possible. Second, such approaches require homogenous vegetation coverage at the scale 

of the sensor. Third, as the number of community units increase, the number of per-unit 

sample sizes decreases for a given data set, impacting the statistical rigor of accuracy 

assessment (Zhu and Liu 2014). Finally, discrete cover types fail to recognize the natural 

intergrading character of biological communities, comprising overlapping – yet 

independent – species distributions (Whittaker 1967). The mathematic analog of the 

community-continua concept is ordination (Austin 1985). I performed an ordination on a 

matrix of importance values of woody plant taxa collected among 699 field plots to 

quantify taxonomic turnover of floristic assemblages across our study area. Ordination 

values were taken as numerical indices that relate to the degree of floristic similarity or 
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dissimilarity among pairs of sampled field plots, and used as the basis for mapping forest 

floristic variation (Thessler et al. 2005). By developing a predictive forest gradient map 

my goal is to demonstrate that Landsat-based applications can be tuned to predict highly-

detailed floristic patterns. Moving forward, my model will be a valuable tool for 

developing suitable management options on individual forest stands for the restoration of 

desired species, adapting to climate change, and improving wildlife habitat quality in 

forestlands.  

In chapter 5, I evaluated remotely-sensed data attributes representing variation in 

vegetation structure and floristics in predicting abundance patterns of 26 bird species. 

Many of the previous models were incorporated along with an extensive derivation of 

forest structural parameters from the LiDAR data in this analysis. A primary objective in 

this work was to test the effectiveness of the derived layers in predicting abundance 

patterns of individual bird species to identify useful habitat parameters (Swatantran et al. 

2012). I leveraged results from chapters 3 and 4 to capture discrete vegetation type and 

floristic composition as key predictors of avian relative abundance patterns. Taken 

together, this chapter explores the importance of vegetation structure and plant species 

composition as the dominant drivers of species occurrence at relatively fine 

organizational levels (Hewson et al. 2011), and the importance of floristic characteristics 

in predicting avian abundance (Rotenberry 1985, Mac Nally 1990, Mac Nally et al. 

2002). These models help to also demonstrate the relative importance of such factors for 

individual species, and showed that modeling efforts quantifying spatial pattern of 

forested landscapes can be extended to the predictive modeling of species distributions. 
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In chapter 6, I developed an avifaunal gradient model that expressed 

compositional turnover in avian assemblages using similar methodologies in chapter 4. 

The results provided additional confirmation that modeling efforts used to monitor spatial 

patterns of forests can be extended to the predictive modeling of avian assemblage 

composition. Often there is a need to summarize information across all individuals that 

make up a community (Ferrier and Guisan 2006). A deeper understanding of these 

patterns can provide insight into the ecological processes that determine species 

distributions and avian assemblage composition (Elith et al. 2006, Cardinale et al. 2012). 

Indeed, the interesting, emergent properties of ecosystem process, biodiversity, and 

habitat emerge at the community level (Ferrier and Guisan 2006). Community-first 

strategies, in which biological entities are summarized first to the community-level with 

multivariate statistical approaches (such as ordination) rather than treating each species 

separately in predictive models, offer practical advantages over the merging of individual 

species-level predictive models. For one, not all species can be modeled effectively (or 

not at all) for statistical reasons, as the often-low sample sizes of rare species preclude 

their inclusion in predictive modeling (Elith et al. 2006, Ferrier and Guisan 2006, 

Bonthoux et al. 2013, Katabuchi et al. 2017). Community-first strategies instead employ 

numerical analyses, such as ordination, that generalize a full species data set onto a set of 

numerical indices that relate to the degree of compositional similarity or dissimilarity 

among pairs of sample units. Ordination scores then become the model response onto 

which spatially-explicit environmental gradients are related during predictive modeling. 

Not only does this approach effectively characterize the landscape-level compositional 
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turnover of avian assemblages, but it can also potentially provide species-level inference 

in the form of individual species distributions (Guisan et al. 1999). Species distributions 

can be inferred by tracking the distances between mapped pixels to a species centroid 

(scaled to unit variance in species optimal) in the original ordination space (Guisan et al. 

1999). These distances can be used as a surrogate for species occurrence, by representing 

the degree of optimality in habitat conditions for a given species. A matrix containing 

avian count data of 63 species, from 328 point samples surveyed in either 2015 or 2016, 

were ordinated onto three NMDS ordination axes. The RF models were used to describe 

the amount of variance explained in avian NMDS axes, which were modeled separately 

by year for six total models, and the predictive models were applied to spatial grids for 

mapping. Next, for selected species, I developed predictive models of occurrence with 

RF. Using counts in 2015 as test data, I predicted probabilities of occurrence and 

ordination values derived from the 2016 models, and calculated the area under the 

receiver operating characteristic curve (AUC) between these predictions and the 

detection/non-detection observations in the 2015 data to evaluate model accuracies. For 

21/29 species considered in this step, the community-level model provided similar 

accuracies as the individual species-level models based on permutation procedures. 

Considering global biodiversity loss and the importance of diversity towards ecological 

function and process (Cardinale et al. 2012), this methodology could be useful for 

regional- and landscape-scale biodiversity assessment. 

My research affirms the importance of environmental heterogeneity at relatively 

fine organizational levels. My results demonstrate the interdependencies of vegetation 
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factors that which bird species also depend on to fulfill resource needs during the 

breeding period. I show the potential for innovative ways to quantify spatial pattern of 

biological communities for the improved monitoring of ecological systems under shifting 

environmental perturbations. This work helps to inform the development of decision 

support tools for targeting management actions and the restoration of desired species. 
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Chapter 2: Composition of Forest Assemblages as the Basis for Predicting Avian 
Community Composition in the Central Hardwoods 

Abstract 

Vegetation factors are among the major drivers of faunal resource use at relatively 

fine organizational levels. The aggregate structure of vegetation has long served as a 

strong generalizable framework for the conservation and management of avian 

assemblages, while its taxonomic composition has received less attention. This may be in 

response to methodological deficiencies incapable of accommodating full plant 

assemblage composition in the explanatory role in community studies. We used new 

direct ordination methodologies that compare the predictive power of woody plant 

composition versus vegetation structure for avian assemblage composition across a wide 

floristic and physiognomic spectrum in the Central Hardwoods of southeastern Ohio. 

Woody plant composition (cross-validatory fit: 11.22%) explained more variance in the 

species composition of avian assemblages in comparison to vegetation structure (P <0.05; 

999 permutations), quantified with dense LiDAR recordings (7.35%) and field methods 

(6.31%). Additionally, vegetation structure poorly predicted woody plant assemblage 

composition (1.23-3.56%) across the pronounced floristic gradient of the sample data. 

Compositional data draws from its strong synthesizing character, integrating aspects of 

vegetation structure, environmental condition, and species-specific preferences for certain 

plant species when used for predicting avian species composition. While traditionally 
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thought to contribute little to faunal niche space beyond mere structure, plant species per 

se appear to be critically important to avian assemblages in diverse temperate eastern 

deciduous forests. We recommend wider application of this approach, enabling 

comparisons to be drawn with other forestlands and assisting the adaptation of 

conservation to climate change. 

Introduction 

Identifying the factors that influence avian resource utilization and community 

structure is important for effective conservation planning (Jones 2001). The distribution 

and abundance of many bird species is primarily driven by gradients in the aggregate 

structure and taxonomic composition of vegetation assemblages at relatively fine 

organizational levels (i.e., territory selection) (Block and Brennan 1993, Cushman and 

McGarigal 2004, Quine et al. 2007). Of these factors, the importance of vegetation 

structure is well established in temperate forest ecosystems, while relationships with plant 

species composition remain relatively unknown. The relative importance of such factors 

has been the subject of an ongoing debate in the literature (Anderson and Shugart 1974, 

Wiens and Rotenberry 1981, Rotenberry 1985, Mac Nally 1990, Fleishman and Mac 

Nally 2006, Müller et al. 2010). Methodological deficiencies that can accommodate plant 

species composition in the explanatory role may be responsible for the ambiguity in 

faunal assemblage studies (Rotenberry 1985, Schaffers et al. 2008). 

Observations on the vertical profiling of forest habitats have long recognized the 

importance of vegetation structure for the diversity of avian assemblages (Dunlavy 1935). 

The pioneering work by MacArthur and MacArthur (1961), with their structural index 
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relating to the distribution of foliage over height, provided the first quantitative 

assessment of such relationships. MacArthur’s results and prior observations were 

interpreted to be the result of the exploitation of individual bird species to the potential 

increases in niche space afforded by vegetation structure, despite an inherent relationship 

with plant species diversity (Mac Nally et al. 2002). Plant species diversity was 

interpreted to operate solely through its effects on vegetation structure, and provide little 

additional niche space for avian assemblages (MacArthur and MacArthur 1961, Mac 

Nally et al. 2002). 

Since then, several experiments have shown that many bird species exhibit 

significant preferences for certain tree and shrub species (Holmes and Robinson 1981, 

Gabbe et al. 2002). These preferences are thought to be due to differences in the 

provisioning of specific resources by different tree species, such as food (i.e., 

invertebrates, seeds, and fruits) and nest sites (Rotenberry 1985, Holmes and Schultz 

1988). Species-specific foliage architecture and growth form can also affect avian 

foraging behavior and concealment from predators (Robinson and Holmes 1982, Wood et 

al. 2012). Therefore, plant species per se also contribute to the differential partitioning of 

bird species in some way (Holmes et al. 1979). 

Quantifying the correspondence between avian and plant assemblages has 

recently experienced a methodological advancement. Many previous studies relied on 

correlations between univariate descriptors, such as richness/diversity, or independent 

ordinations/dissimilarity matrices of avian and plant assemblages (MacArthur and 

MacArthur 1961, Rotenberry 1985, Lee and Rotenberry 2005). Such approaches are 
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ineffective at elucidating the cross-taxon congruence among members of either 

assemblage because raw species identities must be preserved to account for plant-specific 

preferences/relationships of individual faunal species (Schaffers et al. 2008). The 

characteristics of direct ordinations, particularly canonical correspondence analysis, 

allows for the quantification of individual species response to the community level, 

preserving raw species identities in the process. However, until now, direct ordinations 

were incapable of accommodating a second, highly-complex species assemblage in the 

predictor role. Predictive co-correspondence analysis was recently developed, finally 

allowing one assemblage (e.g., plants) to predict another (e.g., birds) and providing a 

quantification of prediction levels equivalent to those obtained by canonical 

correspondence analysis parameterized with vegetation structural variables (ter Braak and 

Schaffers 2004). 

We use the latest multivariate techniques to compare the power of plant species 

composition versus vegetation structure to predict avian assemblage composition in a 

southeastern Ohio forestland. We expect that some of the apparent relationships that 

emerge between plant and avian assemblages be also the result of strong relationships 

between vegetation structure and plant species composition. However, we predict that the 

effects of plant species composition not operate entirely through variation in vegetation 

structure due to strong species-specific preferences for certain plant species documented 

in the literature. Combined with the possible integrative character of plant composition 

data found in recent studies with arthropods (Schaffers et al. 2008), we hypothesize that 

plant assemblage composition explains more variance in avian species composition than 
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vegetation structure. Ultimately, we hope to demonstrate how advanced methodologies 

support novel insight into the importance of vegetation factors for the conservation and 

management of avian assemblages. We expect these results to be particularly topical 

considering strong proximate signals of shifting regional and global vegetation pressures. 

Methods 

Study Area and Sampling Design 

We sampled the composition of bird and plant assemblages from point samples 

distributed across five study sites in an actively managed, mixed-used forest landscape 

(~1,300-km2) in southeastern Ohio’s Central Hardwoods (Appendix A: Figure A.1). 

Point locations were distributed >150 m from one another and <400 m from roads to 

facilitate landscape-scale coverage according to a generalized random tessellation 

stratified sampling design (Stevens and Olsen 2004). Floristic assemblages closely track 

the topographic contours of the unglaciated Allegheny Plateaus physiographic region, 

which features dissected terrain with <100 m local relief, casting distinct topographically-

defined ecological sections, referred to as ecological landtypes (ELT), in the study area 

(Iverson et al. 2018). Mixed-oak assemblages, primarily composed of Quercus and Carya 

genera, dominate the (1) dry ridgetops and southwestern hillslopes and transition into 

more mesophytic assemblages on opposing, mesic (2) northeastern hillslopes and (3) 

bottomlands, with considerable species-level variation in between. The three ELTs are 

used in this study to support interpretation of avian and floristic gradients (additional 

information on species associations can be found in Appendix A). Sampling coverage 

was inclusive to a wide spectrum of native and plantation forest types, growth stages 
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(open-canopy clear-cuts to closed-canopy mature forests), and physiography (uplands, 

valleys, and riparian positions), maximizing the ecological coverage and 

comprehensiveness of our data set. 

Avian Data 

Bird surveys followed the standard point count protocol (Ralph et al. 1995). 

Trained observers performed counts for 10 min over three visits from mid-May to early-

July in 2015 and 2016 on mornings (half-hour before sunrise to the hour of 10:30) with 

minimal wind or precipitation interference. We used detections ≤50 m from the 

observation point to ensure that only birds using the habitat being sampled were included 

in the analysis. Recent studies support the use of fixed-radius counts over model-based 

solutions, particularly for limited observation radii and comparably large sample sizes 

(Johnson 2008, Hutto 2016). Thus, we used raw counts as an index of relative abundance, 

and limited our analysis to only passerines because members of this group (except for 

American crow [Corvus brachyrhynchos] and blue jay [Cyanocitta cristata]) feature 

similar body sizes, insectivorous diets during the breeding period, and defense of 

relatively small discrete territories (i.e., similar life histories). We summed all detections 

(auditory and visual) over the six survey visits and arranged these data into a matrix of 

bird species composition by point (hereafter denoted as [B]). 

Plant Data 

Plant composition included woody stems (≥1 m height), sampled at each point 

location from either two or three 11.3-m radius circular plots (~400 m2), depending on 

logistical constraints, and in two stem size classes: large-diameter stems were ≥8 cm 
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diameter at breast height (DBH), and small-diameter stems were <8 cm DBH. Plots were 

arranged into 3x3 arrays on point center, in which the center plot was sampled first and 

additional plots (either one or two) selected at random. Large stems were counted and 

DBH recorded within the full plot, while small stems were counted (DBH omitted) from 

a nested subplot (5-m radius; ~100 m2). All woody stems were identified to species 

except for members of the genera Carya, Crataegus, Salix, Smilax, Vaccinium, and Vitis 

due to difficulties in field identification. Stem counts were summarized across the 

multiple plots per point location into local stem densities (stems ha-1) for each plant 

taxon, generating three matrices of plant composition per point, representing the 

composition of the shrub/regeneration layer by the small-diameter size class ([S]), 

midstory and overstory tree composition by the large-diameter size class ([T]), and 

combined ([A]) for the full stand composition of both size classes. The number of sample 

plots (either two or three) had no effect on the total species richness summarized per 

point (P = 0.453). 

Vegetation Structural Data 

Vegetation structure was derived from publicly available LiDAR data ([L]) 

(http://ogrip.oit.ohio.gov/Home.aspx; accessed 2014 October 13), collected in 2007, and 

through the field ([F]) methods for two structural predictor sets (Appendix B: Table B.1). 

Field-derived variables included (mean) canopy cover (%), (mean) canopy height (m), 

composite (i.e., across all species) stem density (combined size classes), and composite 

basal area (m2 ha-1) (large size class only). The LiDAR data set, including filtered ground 

and vegetation points, had an average point spacing and density of 1.27 m and 0.27 points 
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m-2, respectively. We computed the maximum, mean, and SD of the canopy surface for 

each point from a 5-m resolution canopy height model. Three penetration ratios (number 

of LiDAR points <2 m divided by the number of points <50 and <10 m, including points 

<2 m; and the number of points <1 m divided by the number of points <5 m, including 

points <1 m) were also computed after Müller et al. (2010) to characterize the degree of 

canopy openness (0-2/0-50 m ratio), amount of midstory foliage (0-2/0-10 m ratio), and 

amount of understory foliage (0-1/0-5 m ratio). Finally, we computed foliage height 

diversity in a manner similar to MacArthur and MacArthur (1961) by clustering points 

within three vertical layers, 0-5, 5-25, and >25 m, and calculating the diversity 

(Shannon’s index) of vegetation hits throughout the vertical profile of each point 

location: -∑pi ln pi; where pi is the proportion of the total LiDAR points within the ith 

vertical layer. 

Data Analysis 

The study area includes active forest management in which timber harvests 

occurred at some of the point locations since the acquisition of LiDAR. We excluded 

those points, as recommended in studies featuring non-coincident LiDAR and wildlife 

survey data (Vierling et al. 2014), and points <30 m from roads for a total of 210 point 

samples used in this study. We applied log (x + 1) transformations to the compositional 

([B], [S], [T], and [A]) and structural ([L] and [F]) data sets to increase the weights of 

less abundant species and reduce the skewness of structural variables, respectively. We 

used only species recorded in ≥5 (2%) point locations for each compositional data set to 

reduce noise associated with the effect of rare species on the exaggeration of the 
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distinctiveness of sample units according to the X2 distance measure (McCune et al. 

2002). 

We used a predictive version of canonical correspondence analysis (partial least 

squares [PLS] extension; ter Braak and Verdonschot 1995, ter Braak and Schaffers 2004) 

to predict species composition with the structural data ([L] or [F]), and (predictive) co-

correspondence analysis (ter Braak and Schaffers 2004, Schaffers et al. 2008) to predict 

species composition (such as [B]) with the compositional data of another assemblage 

(such as [A]). Co-correspondence analysis is like canonical correspondence analysis in 

many ways, both assume unimodal species response. Model fit is determined by a 

predictive, leave-one-out cross-validatory procedure because the large number of 

predictor variables (i.e., individual plant species) tend to inflate the relationship between 

two compositional data sets based on traditional explanatory methods. Accordingly, a 

series of PLS regression models were calculated, each time withholding an individual 

point location for use as test data, until all point samples were used in validation. 

Prediction accuracies (i.e., cross-validated explained variance) were quantified by 

comparing the predicted composition of each point location to the actual species data 

using the cross-validatory fit: 100 × (1- sspa/ssp0); where sspa is the sum of squared 

prediction errors for the model and a given axis solution, and ssp0 is the squared 

prediction error under the null expectation of equal relative abundances. This robust 

estimator produces model fits that are usually lower than those customary for explanatory 

methods, but are not indicative of weak relationships (Schaffers et al. 2008). Among the 

multidimensional solutions, permutation tests (999 permutations) were used to determine 
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the significance of each axis solution to select the minimum adequate predictive models. 

Both canonical correspondence and co-correspondence analyses follow this same 

predictive framework, supporting the direct comparison between model fits obtained 

from either compositional or structural predictor sets. Finally, the significance in pairwise 

differences in the residuals (specifically, the sum of squared prediction errors) among 

models that comprise different predictor sets was determined with two-sided 

randomization tests (999 permutations) (van der Voet 1994). All analyses were conducted 

in the R statistical environment (https://cran.r-project.org/). Specifically, co-

correspondence analysis utilized various functions in the cocorresp package (Simpson 

2016), whereas canonical correspondence analysis was implemented by adapting 

functions in cocorresp and Matlab scripts provided in supplementary materials of ter 

Braak and Schaffers (2004). 

Results 

Our final data set included 48 bird species and 65 plant taxa (Appendix C: Table 

C.1, Table C.2). Mean richness was 16.58 (±3.97 SD) bird species and 19.76 (±6.03 SD) 

woody plant taxa per point. The prediction levels (% cross-validatory fit) according to all 

predictor data sets on [B] featured fits greater than zero, indicating that these predictions 

were better than expected under the null expectation of no relationship (Appendix D, 

Figure D.1). Minimum adequate predictive models included six, three, four, five, and 

four axes solutions for [L], [F], [T], [S], and [A], respectively (Table 2.1). The greatest 

accuracy was obtained for [A], which predicted 11.22% of the variation in [B]. The 

structural predictor sets, [L] and [F], exhibited moderate predictive capacity, according to 
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the range in fits, at 7.35% and 6.31%, respectively. The fit of [S] was slightly greater than 

the two structural data sets at 9.11%. The weakest prediction level was observed for [T] 

at 3.45%. Two-sided randomization tests revealed that the accuracy of [A] was greater 

than that of the remaining predictor sets: [L] (P = 0.048), [F] (P = 0.015), [S] (P = 

0.001), and [T] (P = 0.001) (Appendix D, Table D.1). The difference between [S] and [T] 

was statistically significant (P = 0.014), while the differences between [S] and [L] and 

[S] and [F] were similar, despite a better fit observed for [S]. The fits between [L], [F], 

and [T] were also similar according to the randomization tests. Correspondingly, plant 

composition, considering both stem size classes (i.e., both the shrub/regeneration and 

overstory layers, [A]), was the most appropriate predictor of the quantitative composition 

of bird species ([B]) (Table 2.1). 

Examining the model with the greatest support, variation in avian species 

composition constrained by plant composition ([A]) revealed realistic ecological 

gradients in ordination space (Figure 2.1; point locations are shaded according to their 

dominant ELT and vectors of structural variables are fitted post hoc to assist 

interpretation using the envfit() function in the vegan package [Oksanen et al. 2018] in 

R). The first axis portrayed a gradient from wet (i.e., mesic bottomlands) to dry (i.e., 

ridgetops and southwestern hillslopes) site conditions. Plant species typical of inundated 

floodplains, such as the indicator species Acer saccharinum and Betula nigra (Appendix 

A: Table A.1, Figure A.2), and wetland bird species, red-winged blackbird (Agelaius 

phoeniceus) and common yellowthroat (Geothlypis trichas), occupy points with low axis 

scores on the first gradient. Those points with high axis scores represented taxa typical of 
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drier conditions and sparse, oak-dominated canopies, such as Vaccinium spp, Quercus 

coccinea, and worm-eating warbler (Helmitheros vermivorum). The second axis 

corresponded to a structural gradient from open- to closed-canopy habitats. Early-seral 

forests/shrublands, comprising species such as Rhus copallinum, Hypericum spathulatum, 

prairie warbler (Setophaga discolor), and yellow-breasted chat (Icteria virens), 

dominated points with low second axis scores. In turn, points with higher second axis 

scores represented structurally-complex riparian habitats characterized by species such as 

Asimina triloba and northern parula (Setophaga americana). 

Discussion 

Plant composition was significantly more powerful in predicting the species 

composition of passerine assemblages in our floristically-speciose study system. Indeed, 

the observation that many bird species respond directly to certain plant species is well 

supported in the literature (Holmes and Robinson 1981, Gabbe et al. 2002, Wood et al. 

2012). From a methodological standpoint, direct ordination techniques circumvent the 

deficiencies of univariate descriptors in the relation of two species assemblages, yielding 

a purer expression of the cross-taxon congruence among members of either group when 

enumerated to the community level (Schaffers et al. 2008). From an ecological 

perspective, direct ordination techniques also provide innovative insight into the 

processes that are responsible for such relationships. 

The strength of plant composition data draws from its ability to also synthesize 

other factors that may be responsible for determining faunal resource use, in addition to 

species-specific plant preferences. This is because plants themselves are responding to 
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environmental condition, as well as defining and modifying their environment through 

growth (i.e., changing the structure of the environment), litter deposition, and competition 

(as interpreted by Schaffers et al. [2008]). Consequently, the correspondence between 

avian and plant assemblages could result from shared responses to the same set of 

conditions, or the conditions responsible for shaping plant assemblages may appear to 

manifest as drivers of corresponding avian assemblages, despite whether they directly 

interact with individual bird species or not (Gioria et al. 2010). As evidence of this 

quality, topographic drivers of plant assemblage composition manifested along the 

primary axis of the co-correspondence analysis. This relationship was not portrayed when 

vegetation structure was used to constrain avian assemblage composition (Appendix S5: 

Figure S1). Additionally, projecting structural variables onto the co-correspondence 

analysis produced faithful directional loadings towards expected plant assemblages 

according to their observed structural properties, further highlighting the integrative 

character of compositional data. It is indeed the plants themselves that support structural 

variation of the vegetation. Thus, we presumed that the composition and vegetation 

structure of the sampled stands were greatly correlated. 

Interestingly, however, vegetation structure, either LiDAR- or field-derived, was 

not a strong predictor of woody plant composition (Table 2.1). These data domains 

typically obtained similar predictive fits, ultimately indicating that, while the different 

sources of data likely captured different aspects of vegetation structure, no derivation of 

vegetation structure was more useful than the other for predicting plant and avian 

assemblages in our study. Why vegetation structure did not capture plant assemblage 
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composition better could have resulted from a high incidence of stands composed of 

similar gross structures amid an overall more pronounced floristic gradient in the data set. 

For example, predictions based on vegetation structure failed to partition the sparsely-

treed stands, particularly open floodplains and regenerating clear-cuts, from one another, 

which are expected to function differently and host different bird communities. These 

otherwise structurally-similar, albeit floristically-different, habitats were closely related 

according to their quantified structures, which resulted in weak predictions of their 

corresponding avian assemblages. Additionally, predictions of avian species composition 

by vegetation structure failed to distinguish mixed-oak and mesophytic forest types, 

which can influence avian community structure (Rodewald and Abrams 2002). It was not 

our intention to combine environmental parameters with vegetation structure. However, 

combining vegetation structure with the ELT data had little effect on the predictive 

accuracy of bird species composition for the LiDAR- (7.31% fit) and field-derived 

(6.71% fit) data sets. The combination of vegetation structure and topographic data does 

not appear to provide the information necessary for accurate predictions of avian 

assemblages as does highly-detailed floristic composition. 

Other applications utilizing these ordination methodologies support the power of 

plant composition for the prediction of arthropod assemblages as well (Schaffers et al. 

2008, Gioria et al. 2010, Nyafwono et al. 2015). However, our results contrast with a 

recent finding in a Bavarian forestland, in which vegetation structure emerged as a better 

predictor of avian assemblage composition (Müller et al. 2010). While caution is advised 

when comparing the predictive accuracies among studies using different sampling 
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methodologies, that accuracies for predicting avian assemblage composition by plant 

composition, particularly shrubs/trees, were so different between studies (1.91% versus 

11.22%) is especially noteworthy. The differences in predictive power by plant 

composition suggests that the factors that underpin compositional turnover of avian 

assemblages may depend on the floristic variation and, most importantly, functional 

significance of individual tree species within different forest ecosystems (Gabbe et al. 

2002). Indeed, many studies have concluded that changes in forest composition can have 

dramatic effects on the foraging behaviors of birds within eastern deciduous forests 

(Robinson and Holmes 1982, Wood et al. 2012). Our results suggest that these diverse 

forests provide a considerable degree of faunal niche space to avian assemblages in terms 

of plant species per se beyond that of mere vegetation structure alone. This dimension of 

vegetation variation is missing in less diverse forests in which vegetation structure 

becomes most important in leveraging competitive interactions among different species 

and supporting the ecological separation of species (MacArthur 1958). The importance of 

plant assemblage composition would not have manifested without the consideration of 

the entire species composition of trees/shrubs in predictive models of avian assemblage 

composition. Weak predictions of plant assemblage composition by gross vegetation 

structure (as previously discussed) helps support the presence of the independent 

contribution and important dimension of plant species per se in avian assembly 

processes. These differences are otherwise obscured with univariate descriptors, such as 

plant species richness or diversity. Taken together, this assertion supports the importance 

of plant assemblage composition no matter the forest. Also, previous studies have 
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concluded that the disparate support among vegetation factors in the literature may be a 

consequence of the spatial scale of inference, with studies supporting vegetation structure 

typically covering relatively large geographic extents that encompass a greater diversity 

of habitat types, while studies supporting plant composition typically comprise a single or 

small number of habitats (Rotenberry 1985, Mac Nally 1990). Yet, our sampling of a 

wide variation of forest stands of different type and structure does not support this claim. 

Interestingly, we found relatively greater support for the composition of the small 

stem size class ([S], i.e., shrubs) in comparison to the large stem size class ([T], i.e., 

trees). This is not surprising, considering that many of the forest bird species in our study 

forage and nest among the lower strata and utilize a diversity of shrub species as seasonal 

resources, particularly post breeding (Vitz and Rodewald 2007). Additionally, the small 

size class was a consistent source of plant variation across the point samples (i.e., present 

in early- and late-seral stands) and had great potential for characterizing the diversity in 

structure across forest stands as the different understory species respond to the effects of 

canopy structure and openness on light regimes (Müller et al. 2010). This assertion 

corresponds to the integrative character of composition data when used for the prediction 

of another assemblage. In total, however, the inclusion of both stem size classes into a 

single metric of plant assemblage composition ([A]) provided the best prediction of avian 

assemblage composition. This suggests that full-stand vegetation composition should be 

considered when evaluating resource use of bird species. 

Many forest ecosystems are undergoing rapid compositional change in the face of 

a changing climate, competition with invasive species, and altered anthropogenic and 
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natural disturbance regimes, profoundly affecting ecological function and the 

provisioning of ecosystem services (Tilman et al. 1997). Mixed-oak assemblages of the 

Central Hardwoods, including many other eastern deciduous forests, are transitioning to 

more mesophytic-type species assemblages, mainly Acer rubrum (Nowacki and Abrams 

2008). The anticipated decline in oaks over the next several decades is expected to have 

dramatic consequences on wildlife communities, both directly and indirectly, through 

compounding, otherwise, non-intuitive interactions (McShea et al. 2007). The increasing 

overdominance of a few tree species, coupled with losses in the diversity of understory 

shrubs, was indeed interpreted to be the primary factor responsible for long-term change 

in a Northern Hardwood avian community (Buchanan et al. 2016). Management and 

restoration strategies aimed to shift forest trajectories in favor of certain tree species will 

help to preserve a diversity of forest types into the future and be a valuable tool for the 

conservation of forest wildlife by leveraging the complex relationships between avian 

and floristic assemblages. 

We demonstrate that new statistical methods can provide novel insight into the 

factors that support local avian assemblages. The development of a predictive ordination 

approach that can accommodate an entire species assemblage in the predictor role has 

been a critically missing component in assemblage studies examining the importance of 

vegetation factors for the species composition of avian assemblages. While vegetation 

structure has proven to be a strong generalizable framework in assessing avian-habitat 

relationships and understanding of the ecological separation of species, the taxonomic 

composition of plant assemblages harbors a practical synthesizing character, accounting 
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for the many decisive factors that may determine faunal resource use that even includes 

aspects of vegetation structure. Still though, vegetation structure remains a strong 

generalizable factor for avian assemblage composition. We note that the importance of 

such factors may vary for different forest ecosystems. Given the vegetation diversity of 

temperate eastern deciduous forests, it is unsurprising to find that plant assemblage 

composition was such a powerful predictor of avian assemblage composition. We instead 

shift our focus towards forest composition in better understanding the diversity in avian 

assemblage composition across our Central Hardwoods study system. This information is 

a critical component in advancing basic ecological science and developing better founded 

conservation and restoration strategies in the face of accelerating vegetation pressures. 

We recommend wider application of this predictive ordination methodology, allowing 

comparisons to be drawn with other forestlands. In furthering the debate, we recognize 

that vegetation composition does indeed support additional faunal niche space. The 

strong support for plant composition shown here merits further attention focused on plant 

species per se in future assemblage studies – the greater prediction levels obtained for 

floristic assemblage composition in comparison to vegetation structure notwithstanding. 

Finally, we suggest that future applications not disregard the importance of plant 

composition in providing important resources for wildlife assemblages. 
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Table 2.1. A comparison of the prediction levels (% cross-validatory fit) of the minimum adequate solutions (dimensionality given in 
parentheses) for the taxonomic composition of avian and plant assemblages constrained by vegetation structure or plant composition. 
Statistical comparisons in model fit (determined by two-sided randomization tests; P <0.05) are coded by letters where statistically 
similar fits are represented by similar letters. Notes: CCA-PLS = canonical correspondence analysis-partial least squares extension; 
CoCA = co-correspondence analysis. 
 
 
 

  Dependent matrix 

Independent 
matrix (model) Large stemsStem density, [T] Small stemsStem density, [S] All stemsStem density, [A] BirdsPasserine counts, [B] 

StructureLiDAR, [L] (CCA-PLS) 1.71 (2) 2.35 (2) 2.66 (2)   7.35 (6) a, b 

StructureField, [F] (CCA-PLS) 1.23 (1) 3.56 (2) 3.45 (2)   6.31 (3) a, b 

Large stemsStem density, [T] (CoCA) … 8.72 (8) …   3.45 (4) a 

Small stemsStem density, [S] (CoCA) 13.41 (7) … …   9.11 (5) b 

All stemsStem density, [A] (CoCA) … … … 11.22 (4) c 
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Figure 2.1. Predictive co-correspondence analysis ordination diagram of bird species composition constrained by plant composition 
(the stem densities [stems ha-1] of all woody plant taxa recorded among the two stem size classes, [A]). Structural vectors were not 
used in the actual analysis and are projected onto the results to facilitate interpretation (see Appendix B: Table B.1 for variable 
descriptions). Likewise, point locations are shaded according to their predominant ecological landtype. Species are positioned 
according to their normalized sites scores derived from the plants. 
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Chapter 3: Enhancing Forest and Shrubland Mapping in a Managed Forest Landscape 
with Landsat-LiDAR Data Fusion 

Abstract 

Contemporary losses of early-successional young forest and shrubland habitat 

have elevated their status to the forefront of conservation efforts. The Landsat program is 

an important resource for quantifying vegetation and land cover related to sustainable 

forest management. However, recent applications indicate that divergent structural 

characteristics of some feature classes, such as vegetation height between forest and 

shrubland, are not readily captured by spectral response alone. The fusion of Landsat 

imagery with light detection and ranging (LiDAR) data at the pixel level into existing 

classification schemes offers a potential improvement to remotely-sensed cover type 

mapping. We compared Landsat and Landsat-LiDAR fusion data to classify 10 

vegetation and land cover types across a ~5,000 km2 area in southeastern Ohio at the 

native 30-m Landsat resolution. Fusion data produced a 12% increase in overall 

classification accuracy from the Landsat-only model and met minimum mapping 

accuracy standards in remote sensing. Added LiDAR textural bands in the fusion data 

model improved discrimination between spectrally similar forest and shrubland classes 

with the most dramatic difference manifesting as a 75% increase in shrubland user’s 

accuracy. We demonstrate that Landsat-LiDAR fusions are valuable for accurate 

shrubland mapping. 
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Introduction 

Many forests in the eastern US are recovering from heavy exploitation in the 19th 

and early 20th centuries and are rapidly transitioning to intermediate stages of 

development as a result of recent changes to natural and anthropogenic disturbance 

regimes (Wang et al. 2015). For example, Ohio experienced a 78% loss in forest area <20 

years in age, while forests >60 years old increased by 68% during 2007-2011 (Widmann 

et al. 2014). In other words, while many landscapes are experiencing a net increase in 

forestland, the extent of forest stands in early stages of development is decreasing. 

Subsequently, early-successional forest and shrubland cover is becoming increasingly 

rare. Long term trend data from the North American Breeding Bird Survey indicates that 

many shrubland-dependent species, such as the yellow-breasted chat (Icteria virens 

Linnaeus) and prairie warbler (Setophaga discolor Vieillot), have experienced 

concomitant and profound range-wide population declines (Askins 1993, Ziolkowski et 

al. 2010). The landscape-scale maintenance of forest condition in both early- and later-

growth stages is important to provide habitat for all forest-associated wildlife, and has 

reached a high conservation priority in the eastern US (King and Schlossberg 2014). 

Practitioners and researchers require easy access to consistently acquired spatial 

information on forest structure and growth stage, particularly shrublands to address these 

crucial conservation efforts. 

Remotely-sensed imagery provide a comprehensive, consistent, and relatively 

cost-effective platform, particularly when synchronized with ongoing ecological 

monitoring efforts, for the quantification of vegetation and land cover across broad 
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geographic extents (Rogan and Chen 2004, Fassnacht et al. 2006). Spaceborne imagery 

from the Landsat program (a partnership between the United States Geological Survey 

[USGS] and the National Aeronautics and Space Administration [NASA]) is one of the 

primary sources for concurrent globally-available remote sensing data (Turner et al. 

2015) and is the foundation for the widely used National Land Cover Database (NLCD; 

Danielson et al. 2015). Landsat-8, launched in 2013, is the latest operating satellite and 

includes a pushbroom multispectral instrument, the Operational Land Imager (OLI). 

Landsat has supported a wide spectrum of use cases, including the mapping of locally-

specific imperiled vegetation assemblages (Landsat-5 Thematic Mapper; Schetter and 

Root 2011), productivity (Landsat-5 Thematic Mapper; Boisvenue et al. 2016), stand 

volume (Landsat-8 OLI; Chrysafis et al. 2017), and disturbance-induced assemblage 

change (Landsat-8 OLI; Savage et al. 2017). 

On the basis of spectral information alone, however, many land use and land 

cover (LULC) applications have noted problems with accurately classifying spectrally-

mixed feature classes (Irwin and Bockstael 2007, Wickham et al. 2010). Classification 

error has been documented in a number of studies using a variety of both satellite and 

airborne imagery, particularly for differentiating forest and vegetated open-canopy 

(sometimes explicitly shrubland based) classes (Hill and Thompson 2005, Geerling et al. 

2007, Koetz et al. 2008, Verrelst et al. 2009, Singh et al. 2012) The NLCD confuses 

forest-shrubland-grassland cover types both spatially and temporally (Wickham et al. 

2010, 2017). The discrimination of forest- and shrubland-based classes is often hindered 

due to intergrading species compositions (e.g., regenerating forest stands) that differ only 
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in vegetation height or canopy structure (Anderson et al. 1976) that is not directly 

inferred from passive multispectral sensors (Xie et al. 2008). 

The Light Detection and Ranging (LiDAR) airborne laser scanner was purposed 

to facilitate data collection for digital elevation models (DEM; Ackermann 1999), but has 

also become a popular tool in forestry applications (Dubayah and Drake 2000, Lim et al. 

2003) and habitat modeling (Davies and Asner 2014, Simonson et al. 2014) because of its 

ability to also collect very high resolution information on the vertical structure of 

vegetation. LiDAR is an active sensor that uses laser altimetry to collect precise 3D 

geometries of terrestrial objects by measuring travel times of short-duration laser pulses 

between the sensor and surface features. The vast quantities of LiDAR data are usually 

summarized by transferring statistics of the resulting “point cloud” to layered grids, 

where reflections at ground level (usually last returns or filtered ground points) are used 

to create the DEM, and above ground reflections (usually first or maximum height 

returns) are used to construct the digital surface model (DSM). The canopy height model 

(CHM), representing maximum vegetation height values (quantified by subtracting the 

DEM from the DSM), is the most basic and commonly used measurement of LiDAR-

derived vegetation structure (Zimble et al. 2003). 

Perhaps the most straightforward approach to improve quantification of forest and 

shrubland habitats across managed landscapes is the integration of data provided by these 

complementary sensors into existing per-pixel classification schemes. In this approach, 

the image and LiDAR data are fused at the pixel level and processed together during 

model calibration (Leckie et al. 2005). This is referred to as multi-sensor fusion (Hall and 
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Llinas 1997), and the mixture of LiDAR and optical remote sensing data have been 

explored in applications involving LULC (Koetz et al. 2008, Singh et al. 2012) and 

vegetation (Verrelst et al. 2009, Gu et al. 2015) mapping with promising results. 

We evaluated the degree to which multi-sensor fusion of Landsat OLI imagery 

and LiDAR structural information improves classification accuracy at the nominal 30-m 

Landsat resolution of vegetation and land cover of our study area. The need for accurate 

spatial knowledge on the distribution of shrublands and other unique vegetation types 

(e.g., floodplain forest) which are important to regional bird conservation, yet lacking in 

standard LULC classification systems (such as Anderson et al. [1976] in which the 

NLCD is based), prompted us to pursue this study. The outcome of this study is also 

intended to facilitate cross-disciplinary efforts between studies of biodiversity and remote 

sensing (Pettorelli et al. 2014b, 2016a, Vihervaara et al. 2015). We integrated this study 

into our overall investigation of multi-scale bird response to forest management in 

southeastern Ohio. We classified multiband composite images composed of either 

Landsat OLI imagery or Landsat OLI-LiDAR fusion data using the classification-type 

Random Forests model. Map accuracy was assessed using total and three class-level 

accuracy metrics. We demonstrate that applications of remote sensing can be easily 

synchronized with existing field study (Pettorelli et al. 2014a). 

Methods 

Study area and Sampling Design Overview 

We defined a ~5,000-km2 area as our mapping extent and study area (Figure 3.1). 

The study area is predominantly forested and located primarily within E. Lucy Braun’s 
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Mixed Mesophytic forest type (Braun 1950, Dyer 2006). Forest cover includes mostly 

second-growth stands that regenerated ca. 1850-1900, after a short-lived iron industry 

(Stout 1933). The study area mostly falls within the unglaciated Allegheny Plateaus 

physiographic region of Ohio, which features dissected terrain with local relief <100 m. 

Mixed-oak assemblages comprising Quercus alba Linnaeus, Q. coccinea Muenchh, Q. 

montana Willdenow, Q. velutina Lamarck, Carya glabra Miller, and Carya tomentosa 

Sargent naturally dominate dry uplands and southwestern hillslopes and transition to 

mixed-mesophytic assemblages comprising Liriodendron tulipifera Linnaeus, Acer 

saccharum Marshall, Fraxinus americana Linnaeus, Fagus grandifolia Ehrhart, and 

Aesculus flava Solander on opposing northeastern hillslopes and mesic lowlands. 

We sampled the composition of vegetation and land cover features in 2016 from 

selected map pixels at 335 point samples also actively sampled for avian assemblages 

using the point count method (Ralph et al. 1995). Point samples were distributed via a 

generalized random tessellation stratified sampling design (each point separated by >150 

m and <400 m from a road to facilitate landscape-scale field campaigns) across six, 

actively managed, public forest study sites owned by the Ohio Department of Natural 

Resources (ODNR; Appendix F: Table F.1). In addition, a subset of points (n = 284) also 

received either two or three vegetation plots (n = 699 total), where the composition of 

woody plants were sampled to describe the floristic details of our classification system 

and to inform selection of training pixels. Point samples represented a diverse collection 

of management histories and compositionally- and structurally-variable forested and non-

forested vegetation communities, including examples from the dominant forest types 
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present in our study area: hardwood, evergreen, and floodplain forests, shrublands 

(typically regenerating hardwood stands), and small wetlands. 

Classification System 

We consulted the literature on forest types common to the study area (Hix and 

Pearcy 1997, Martin et al. 2011), and Ohio’s Plant Community Classification System 

(ODNR Division of Natural Areas and Preserves 1982), to develop our classification 

system. We developed a classification system that we considered (i) relevant to regional 

bird ecology and conservation; (ii) extensive enough to capture the major habitat and land 

cover types found throughout the study area that could be realistically mapped within the 

constraints of a 30-m resolution Landsat pixel; and (iii) easily distinguished from high-

resolution orthophotography. The vegetation and land cover types that form our 

classification system include 10 classes: 

1. Deciduous Forests: upland closed-canopy, typically mixed-mesophytic or mixed-

oak communities, on mesic to well drained soils with at least 20% cover of 

deciduous trees ≥5 m height; additional species (not already described in the study 

area section) include Nyssa sylvatica Marshall, Oxydendrum arboretum de 

Candolle, and Quercus rubra Linnaeus; mesic sites often feature a dense 

understory of Lindera benzoin Linnaeus or Asimina triloba Dunal; xeric upper 

slopes and ridges feature Smilax sp. 

2. Shrublands: upland mixtures of pioneer species, such as Rhus glabra Linnaeus, R. 

copallinum Linnaeus, and Sambucus canadensis Linnaeus, and regenerating 

canopy species on mesic to well drained soils that includes at least 20% thick 
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cover of deciduous woody vegetation <5 m in height; most examples are from 

direct forest management, including clearcuts and low-retention shelterwood and 

seed-tree cuts with or without prescribed fire – with some examples of unknown 

management history. 

3. Evergreen Forests: mostly closed but some open canopy evergreen stands in both 

upland and lowland conditions; some naturally occurring (Pinus rigida Miller and 

P. virginiana Linnaeus on dry sites and Tsuga canadensis Carrièr in sheltered 

sites) and other monospecific plantations of a few non-native species (P. echinata 

Miller and P. strobus Linnaeus; Picea abies Karsten in parks and residential 

areas); stands either pure or intermixed with >20% cover of evergreen species. 

4. Floodplain Forests: after the mixed floodplain forest category of Ohio’s Plant 

Community Classification System; features various riparian, wet to mesic 

deciduous species (Cornus amomum Miller, Betula nigra Linnaeus, Juglans nigra 

Linnaeus, Ulmus americana Linnaeus, Platanus occidentalis Linnaeus, and Salix 

sp.) on poorly to moderately drained soils, seasonally inundated with flowing 

water; either closed or open canopy; typically an abundant herbaceous understory 

is also present; best examples are found along Elk Fork and Raccoon Creeks. 

5. Emergent Wetlands: semi-permanent and seasonally inundated wetlands featuring 

emergent wetland vegetation, Typha sp., Juncus effusus Linnaeus, and Nelumbo 

lutea Willdenow; few examples are found along Raccoon Creek. 

6. Pastures/Oldfields: vacant lands of herbaceous vegetation, particularly cool 

season grasses (Festuca sp.), and some examples of large expanses of frequently 
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mowed turf grasses; low-lying woody vegetation (Rubus allegheniensis Porter, R. 

occidentalis Linnaeus, and non-native Rosa multiflora Thunberg) are also present 

in moderate to high densities in some examples; livestock grazing is the typical 

land use. 

7. Water: reservoirs, permanent excavated ponds, or wide rivers. 

8. Cultivated Crops: large fields of constituent land cover representing row crops, 

typically corn and soybean; more frequent in the northwestern, glaciated portion 

of the study area; few extensive examples found elsewhere. 

9. Developed: built-up with at least 20% impermeable surfaces made up of large 

tracts of asphalt, pavement, building rooftops, and closely associated residential 

structures, and often mixed with natural or seminatural vegetation. 

10. Barren Lands: sand mines; rock quarries; or large expanses of gravel, bare 

ground, or other hard but pervious surfaces that lack vegetation or residential 

structures. 

Remote Sensing Data 

Landsat OLI Data 

We used the USGS Earth Resources Observation and Science Center Archive 

(http://earthexplorer.usgs.gov, accessed 1 May 2017) to select Landsat OLI imagery that 

featured no visible cloud cover for the entire study area (path 19, row 33). We targeted 

multiseasonal images to account for seasonal variation in spectral response of different 

species and vegetation states. We downloaded three images acquired on 10 June 2015, 5 

February 2016, and 12 April 2017 (hereafter summer, winter, and spring, respectively) 



 

57 
 

that met these criteria. Use of multiseasonal images improves the classification of 

detailed forest cover types (Townsend and Walsh 2001). Each image received precision 

and terrain correction processing through USGS. Excellent radiometry and 

georegistration (planimetric error was <8.9 m root mean square error [RMSE]) were 

reported for each image. We used the raw quantized brightness values (digital numbers) 

of each image without further processing because we neither evaluated temporal change 

in vegetation nor attempted to mosaic multiple images together in our classification 

(Geerling et al. 2007, Jensen 2016, Young et al. 2017). We used six bands from each 

image: band 2 (“blue”; 0.452 - 0.512 μm), band 3 (“green”; 0.533 - 0.590 μm), band 4 

(“red”; 0.636 - 0.673 μm), band 5 (“near infrared”; 0.851 - 0.879 μm), band 6 (“shortwave 

infrared 1”; 1.566 - 1.651 μm), and band 7 (“shortwave infrared 2”; 2.107 - 2.294 μm). 

Images were projected in NAD 83 UTM zone 17N. 

LiDAR Data 

We obtained publicly-available airborne discrete return LiDAR data from the 

Ohio Geographically Referenced Information Program (OGRIP; 

http://ogrip.oit.ohio.gov/Home.aspx; accessed 2014 October 13). Data were acquired in 

2007 during the months of March-May using the Leica ALS50 digital LiDAR system at 

an approximate 2,225 m flying altitude, a targeted flight speed of 170 knots, and an 

approximate 30% overlap in flight lines. Point clouds were made available in American 

Society of Photogrammetry and Remote Sensing LAS format and downloaded in county 

sets, consisting of multiple 1,524 m x 1,524 m tiles, in NAD 83 Ohio State Plane South 

Zone and NAVD 88 horizontal and vertical datums, respectively. Collection protocol 
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were designed to meet an approximate vertical accuracy of 0.15 m RMSE and a 2.13-m 

point spacing with a maximum of two returns pulse-1. Points were quality assessed and 

classified by the vendor. 

We used only classified ground and vegetation points to generate a CHM. The 

final LiDAR data set, containing only filtered ground and vegetation points, had an 

average point spacing and density of 1.27 m and 0.27 points m-2, respectively. We built a 

DEM and a DSM of our study area using tools from ESRI’s ArcGIS 10.1. The raster 

resolution of the DEM and DSM were 5 m (~7 LiDAR points pixel-1), and were snapped 

according to the Landsat OLI footprint and projected into NAD 83 UTM zone 17 N to 

place all spatial layers in the same geographic frame of reference. We chose the 

minimum ground point elevation value for the DEM, the maximum vegetation or ground 

point elevation value for the DSM, and linear interpolation for void filling. We subtracted 

the DEM from the DSM, and inspected the resulting CHM for spurious canopy height 

values. Based on our vegetation plots, we chose to correct values >50 and <0 m by 

replacing these values with the mean height value of neighboring cells (Farrell et al. 

2013). Canopy height values >50 and <0 m of the CHM comprised <0.001% and 

~0.001% of the entire study area, respectively. 

Acquiring contemporaneous remote sensing data is sometimes a hurdle in studies 

of multi-sensor fusion (Swatantran et al. 2012). Harvest activities that occurred after 

LiDAR acquisition, which could potentially bias classification results by incorrectly 

over-classifying forest habitat (errors of omission) where shrubland occurs (errors of 

commission), was a primary concern. We obtained spatial data on management and 



 

59 
 

research zones from the ODNR Division of Forestry. These data indicated that timber 

extractions or experimental cutting were implemented across 1,257 ha, or approximately 

5% of the total area between the six public forest study sites, since 2007 to the time of 

our study. We replaced pixel values of the CHM that intersected these documented 

harvests with a height value of 1.6 m. We arrived at this value by assessing shrubland 

vegetation heights obtained from our vegetation plots (often placed within the same cuts). 

However, this correction did not account for undocumented structural changes (such as 

rare large-scale natural blow downs or cutting on private lands). As such, all pixels 

(training and testing) were visually verified in a GIS, and only pixels in which the CHM 

accurately resembled apparent canopy structural conditions in orthophotos were used. 

Corrections to the Landsat OLI imagery were unnecessary because timber harvesting 

occurred prior to when the first Landsat OLI image was acquired. 

Data fusion 

The corrected 5-m CHM was fused at the pixel-level to the multiband Landsat 

OLI image by resampling it to the 30-m native Landsat OLI resolution in which five 

LiDAR textural bands were generated for modeling input. These were minimum (min), 

maximum (max), mean, standard deviation (SD), and the proportion of canopy cells <5 

m. The min, max, and mean values represented the shortest, tallest, and average height 

values of the canopy surface typically used in studies utilizing LiDAR for habitat 

mapping (Goetz et al. 2010, Müller et al. 2010, Swatantran et al. 2012) and vegetation 

classification (Geerling et al. 2007, Verrelst et al. 2009). The proportion of cells <5 m 

was used to represent the amount of area within a given Landsat OLI pixel that may be 
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considered shrubland habitat based on the 5-m height threshold established in our 

classification system. The SD captures variation in the vertical surface of the canopy and 

is influenced by a mixture of short and tall vegetation, such as along streams and rivers, 

but also tree species composition, with typically higher values corresponding to sites 

dominated by coniferous relative to deciduous trees (Müller et al. 2009). Thus, we 

expected SD to be important in floodplain and evergreen forest classification. 

Model Training 

Training pixels were selected from field visits (ground surveys and vegetation 

plots) and through a GIS by means of high resolution color orthophotos acquired in 2013 

by OGRIP (0.3 m resolution) and the National Agricultural Imagery Program 

(https://gdg.sc.egov.usda.gov/; accessed 6 November 2016; 1 m resolution) in 2015, the 

CHM, the management and research zone spatial data, and wetland spatial data from the 

National Wetlands Inventory (https://www.fws.gov/wetlands/Data/Data-Download.html; 

accessed 6 November 2016). We identified 2,132 training pixels that featured 

homogenous coverage of the targeted vegetation type or land cover (Appendix F: Table 

F.2). We targeted a minimum of 230 pixels per vegetation or land cover class, or 10 

pixels per each band in the Landsat OLI-LiDAR fusion image (18 Landsat OLI bands and 

5 LiDAR bands; Jensen 2016). However, we identified far fewer training pixels for 

emergent wetlands and barren lands due to few examples existing in our study area, but 

retained these classes despite their reduced coverage to produce a more comprehensive 

assessment (Appendix F: Table F.2). 
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Most training pixels (56%) were selected from within the study forests where we 

performed ground surveys, but some classes had either few or no examples where ground 

surveys had occurred. This was particularly apparent for cultural land uses, such as 

cultivated crops and developed land cover. Thus, we selected pixels from the surrounding 

landscape in a GIS (referring to “outside” in Appendix F: Table F.2). This also was 

intended to more satisfactorily represent variation in the spectral and structural responses 

of the classes for model training (except for deciduous and floodplain forests and 

shrublands). We selected collections of training pixels that were neither identified for 

model testing nor neighboring (separated by >30 m) to ensure independence. 

Classification 

We employed a supervised, per-pixel classification, in which training pixels were 

used to calibrate the classification models. We used the classification-type, ensemble-tree 

algorithm Random Forests (RF; Cutler et al. 2007), using the randomForest package 

(Liaw and Wiener 2002) in the R statistical environment (http://www.R-project.org), to 

classify the Landsat OLI and Landsat OLI-LiDAR images. The Landsat OLI 

classification model utilized only the 18 multispectral Landsat OLI bands from the 

multiseasonal image (6 bands image-1), whereas the Landsat OLI-LiDAR model used the 

five LiDAR-derived textural bands fused with the multiseasonal Landsat image. 

Machine-learning techniques, in particular RF, have shown to achieve better 

classification results than traditional maximum likelihood classifiers (Khatami et al. 

2016). 
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The RF routine builds upon approaches used to construct decision trees. Decision 

trees use a hierarchical splitting mechanism that attempts to increase the homogeneity of 

the training data, resulting in a series of binary splits of predictor variables that resemble 

a “tree” with terminal nodes or “leafs” associated with predicted classes (De’ath and 

Fabricius 2000). These models make no assumptions regarding the frequency distribution 

of the image data. The RF model combines predictions of many trees (500 in this study) 

grown via cross calibration and bootstrap aggregation. Final results were determined by 

the number of “votes” per class by each tree. Two levels of randomness introduced into 

the RF routine have shown to increase prediction accuracy, particularly into novel 

parameter space, and make this technique less susceptible to over fitting (Prasad et al. 

2006, Iverson et al. 2008, Matthews et al. 2011): (i) the splitting criteria at each node is 

determined by the best predictor selected from a random sample (default for classification 

is square root of the number of possible predictors); and (ii) each tree is constructed with 

37% of the data randomly withheld “out of bag” (OOB) in which the results of each 

individually grown tree are predicted onto. OOB errors are averaged and provide an 

estimate of the quasi-independent cross validated error for the final model. 

We evaluated RF performance of both classification models with independent test 

data and compared accuracy with that estimated by OOB portions of the training data. 

We also ranked the importance of each variable band using the RF variable relative 

importance (VRI) metric based on the influence that a given band has on the prediction 

error of a tree. This was computed by averaging (and normalizing by the SD) the 

decrease in accuracy on removing a band from OOB predictions (Breiman 2001, Liaw 
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and Wiener 2002). Large decreases in accuracy on excluding a specific band meant high 

VRI for that band. 

Evaluation 

Classification accuracy was assessed by comparing a sample of individual map 

pixels to independent ground points. The 335 bird point samples formed the primary 

locations for model testing. Using cluster sampling, five pixels per each bird point sample 

(pixel located at the point and its four neighbors; 1,675 total pixels) were validated by 

trained observers (Nusser and Klaas 2003, Schetter and Root 2011). Observers, 

accompanied by maps of each 30-m pixel laid over orthophotos, assigned the dominant 

vegetation or land cover class to each pixel and recorded various qualitative site details 

during bird survey visits. Maps were provided to ensure the extents of each test pixel 

were precisely located on the ground and the dominant vegetation or land cover was 

correctly identified. This was particularly helpful where field observations were obscured 

by dense vegetation. Reference assignments were later compiled and crosschecked for 

inaccuracies in a GIS. 

We made an additional stratified random sample for cluster validation outside of 

the six public forest study sites to better assess cultural land use classification accuracy. 

We used the results from the Landsat OLI-LiDAR model to select 10 pixels per each 

vegetation or land cover class that were <50 m from a randomly selected road network 

(including pixels located directly on roads) in the center of the study area. We removed 

duplicates for a total of 457 additional test pixels (21% of the total number of test pixels). 

In contrast with test pixels referenced from bird point samples, these data were referenced 
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entirely from a GIS via photo-interpretation and the various spatial data used in training 

pixel selection. Overall, 2,132 test pixels were used in this study.  

We derived conventional indicators of model accuracy, including error matrices, 

total accuracy, and three class-level accuracies, to compare the Landsat OLI and Landsat 

OLI-LiDAR classification models. Class-level accuracy metrics were producer’s, user’s, 

and an overall class accuracy. Producer’s accuracy summarizes the probability that a 

particular vegetation or land cover is correctly classified (errors of omission) and user’s 

accuracy is the probability that a classified pixel belongs to the vegetation or land cover it 

represents (errors of commission; Congalton 1991). The overall class accuracy accounts 

for both errors in a single metric and is computed for each class as follows: 

Ncorrect / (Ncorrect + Nomission + Ncommission) 

where Ncorrect, Nomission, and Ncommission are the number of correctly classified test pixels, the 

number of omission errors, and the number of commission errors, respectively (Singh et 

al. 2012). The percentage net change in accuracy from the Landsat OLI model to the 

Landsat OLI-LiDAR model was used to compare the classification results of the two 

images, representing the effect of adding the LiDAR information to the Landsat OLI 

imagery. 

Results 

Most of the 2,132 test pixels were assigned deciduous forests (60%), followed by 

shrublands (13%) and developed (8%; Appendix F: Table F.2). Our strategy to evaluate 

additional test pixels on private lands helped to better evaluate classification results for 

cultural land uses. Test pixels of cultivated crops and barren lands were only identified 
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outside of public forest study sites and were the two most underrepresented classes in the 

test data set (both <1% combined). Emergent wetlands and water were also relatively 

underrepresented at <10% combined compared to other feature classes in this study. 

We identified 160 training pixels from recent timber harvests indicated by the 

management and research spatial data, which was nearly half (160/329) of the training 

pixels used for shrublands. Additionally, several test pixels (n = 122) were located within 

these cuts. All but one of these test pixels were assigned shrublands during field surveys 

(one was considered pastures/oldfields). The Landsat OLI-LiDAR model classified all 

but three of these pixels correctly (98% total accuracy; two assigned shrublands pixels 

were incorrectly classified as developed, while the pastures/oldfields reference pixel was 

incorrectly classified as shrublands). The Landsat OLI model, in contrast, classified 21 of 

the assigned shrublands pixels incorrectly (83% total accuracy). These pixels were 

incorrectly classified as deciduous forests (10 pixels), developed (10 pixels), and 

pastures/oldfields (1 pixel). The assigned pastures/oldfields pixel was correctly classified 

by the Landsat OLI model. 

Specific bands important to the Landsat OLI model included summer bands 4, 6, 

and 2 (Figure 3.2a). Bands 4 (red) and 2 (blue) correspond to light that is absorbed by 

plants during photosynthesis (particularly band 4), and thus represents vegetation 

presence and variation in photosynthetic activity. Band 2 also relates to variation in soil 

and vegetation moisture, and differentiating deciduous and coniferous vegetation. Band 6 

(shortwave infrared 1) discriminates moisture content of the soil and vegetation, as well 

as hard surfaces, such as rocks and anthropogenic impervious surfaces. In addition, band 
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3 (green) emphasizes peak vegetation, band 5 (near infrared) electromagnetic energy 

reflected by photosynthetically active vegetation, and band 7 (shortwave infrared 2) 

additional detection of soil and vegetation moisture content. We also calculated the 

importance of season by averaging band VRI values specific to each Landsat OLI image. 

Summer bands were the most important in this model, followed by spring and lastly 

winter bands (Figure 3.2b). 

Important bands in the Landsat OLI-LiDAR fusion model were two LiDAR 

(mean canopy height and proportion of canopy cells <5 m) and two spectral bands (bands 

4 and 2 from the summer Landsat OLI image). In contrast to the Landsat OLI model, 

bands from summer and spring images were equally important as the Landsat OLI-

LiDAR model. A large degree of variation in importance of the LiDAR bands was the 

result of the range in importance between the top bands, mean CHM and proportion of 

CHM <5 m, and the least important bands, min and SD, in this category. 

Total classification accuracy for the Landsat OLI model was 76% (Table 3.1). 

Forest classes and shrublands achieved better classification accuracy in comparison to the 

other classes. For these classes, producer’s accuracy ranged from floodplain forests 

(62%) to shrublands (86%), and user’s accuracy ranged from shrublands (51%) to 

deciduous forests (96%). Much of the confusion in this model was the result of several 

incorrectly classified shrublands pixels belonging to the forest classes (nearly 73% of 

incorrect shrublands pixels were deciduous forests). Landsat OLI classification results 

were poor overall for emergent wetlands, cultivated crops, developed, and barren lands 

classes. Producer’s accuracy ranged from barren lands (20%) to cultivated crops (90%). 
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These errors were the result of these classes being classified over each other’s test pixels. 

User’s accuracy ranged from barren lands (7%) to water (100%). 

The Landsat OLI-LiDAR fusion model had a total accuracy of 86%, exceeding 

the accepted 85% minimum accuracy standard in LULC mapping (Anderson et al. 1976, 

Rogan et al. 2003). This corresponded to a 12% increase in total classification accuracy 

from the Landsat OLI model. Class-level accuracies remained poor for cultivated crops 

and barren lands; this confusion was the result of several incorrectly classified cultivated 

crops pixels belonging to emergent wetlands, pastures/oldfields, and water assignments, 

and several incorrectly classified barren lands pixels belonging to the developed class. 

Producer’s accuracy ranged from developed (57%) to deciduous forests (94%), and user’s 

accuracy ranged from barren lands (18%) to water (100%). Forest classes achieved 

higher classification accuracies in comparison also. Producer’s accuracy for these classes 

ranged from evergreen forests (69%) to deciduous forests (94%), and user’s accuracy 

from floodplain forests (47%) to deciduous forests (97%). 

Class-level accuracy metrics were improved with the addition of LiDAR textural 

bands in the Landsat OLI-LiDAR fusion model, except for producer’s accuracy for 

shrublands (86% in the Landsat OLI model and 85% in the Landsat OLI-LiDAR model) 

and producer’s and user’s accuracies for cultivated crops and water, respectively, which 

were similar in both models. The Landsat OLI-LiDAR model resulted in a 75% and 63% 

improvement in user’s and overall class accuracy, respectively, for shrublands. The forest 

classes achieved accuracy improvements that ranged from evergreen forests (4%) to 
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floodplain forests (23%). Improved classification of shrublands reduced confusion (both 

commission and omission errors) in these classes. 

Summer band 3, spring band 3, spring band 2, and spring band 4 were important 

to deciduous forests, shrublands, evergreen forests, and floodplain forests, respectively, 

in the Landsat OLI model (Appendix F: Figure F.1). This pattern likely reflected 

compositional and phenological differences between these vegetation types, particularly 

band 2 which helps differentiate coniferous and deciduous forest types. In contrast, 

summer band 2 was important to both developed and barren lands, likely the result of 

spectral similarities between anthropogenic impervious surfaces and bare ground. Bands 

5-7, particularly for the summer and spring images, were important in water classification 

accuracy, which is consistent with these band’s capabilities in discerning water and 

moisture content (especially 6 and 7). Similarly, wetlands also featured bands 5-7 as 

important, specifically in the spring image. Pastures/oldfields featured winter image band 

5 as important, which was likely the result of photosynthetically active cool-season 

grasses during that period. 

LiDAR bands were effective in classifying shrublands, cultivated crops, and all 

forest classes except evergreen forests in the Landsat OLI-LiDAR model (Appendix F: 

Figure F.1). Shrublands and deciduous and floodplain forests featured mean CHM height 

and the proportion of CHM height <5 m as important, whereas cultivated crops featured 

max and mean CHM height as important. The SD CHM height was not, as predicted, 

important in floodplain and evergreen forests classification – although SD CHM was 

more effective in distinguishing floodplain forests from all other classes. For evergreen 
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forests, spring band 2 was similarly (to the Landsat OLI model) the most important band. 

For all other classes, LiDAR bands were not particularly important at the class level, and 

patterns in Landsat OLI band VRI values were relatively similar between the two 

classification models for these classes. 

Self-reported classification accuracies, estimated by OOB portions of the training 

data as part of the RF routine, were 13-24% greater than indicated by independent test 

data (Appendix F: Table F.3). Final maps of both models are displayed in Figure 3.3. The 

Landsat OLI map (Figure 3.3b) predominantly featured the over classification of 

shrublands where deciduous forests occurred, corresponding to the high commission 

error reported in the error matrix for this model (Table 3.1). In contrast, the Landsat OLI-

LiDAR fusion model featured more homogeneous geographic coverage of these feature 

classes (Figure 3.3c), important for the ecological monitoring of forest growth stage. 

Discussion 

Adaptive forest management is increasingly charged with conserving landscape 

mosaics that balance wildlife species response to forest structure and growth stage. 

Classification of remotely-sensed imagery is a highly practical platform to generate 

coverage of forest conditions necessary in support of these efforts. However, the often-

overlapping species compositions and sometimes subtle differences in vegetation height 

that influences wildlife use of these habitats are not directly inferred from passive optical 

remote sensors, challenging the accurate classification of early-successional young 

forests and shrublands in the eastern US. We found that by fusing LiDAR structural 

information into existing per-pixel classification schemes utilizing Landsat multispectral 
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data improved classification accuracy of shrubland cover. The result was a highly 

accurate LULC product meeting mapping accuracy standards necessary in support of our 

research and conservation needs. 

Fusion data produced a 12% improvement in total accuracy and overall class 

accuracies that improved 4-63% (excluding barren lands) over Landsat OLI imagery 

alone. Especially large improvements in overall class accuracy were revealed for 

shrublands (63% accuracy improvement). Nearly 73% of incorrectly classified 

shrublands pixels belonged to deciduous forests in the Landsat OLI model. These results 

demonstrate the contribution of height-above-ground vegetation structural information in 

differentiating the vertical properties of these feature classes. These improvements 

support the fusion of LiDAR data with optical remote sensing data for the landscape 

monitoring of forest structure and growth stage. 

The computation of VRI values for each variable band allowed further 

investigation into the relative contribution of Landsat OLI and LiDAR data to 

classification accuracy. We found that LiDAR bands were particularly important for 

deciduous forests, floodplain forests, shrublands, and cultivated crops. Contrary to our 

expectation, the SD of canopy height was not particularly important in floodplain and 

evergreen forests classification (Müller et al. 2009, 2010). Although, some support of SD 

of canopy height was evident for floodplain forests, which captures the presence of 

canopy gaps and subsequent variation in canopy height along streams and rivers. The 

lack of importance for this metric in evergreen forests classification could be the result of 

differences in LiDAR point density (<1 point m2) and resulting resolution of our CHM (5 
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m) or the presence of some recent plantings of open-canopy conifer stands in our study 

area. A higher LiDAR point density could have possibly improved overall classification 

accuracy as the 3D structure is better recorded (Geerling et al. 2007). However, 

considering that physiognomic differences in the thematic classes we mapped are largely 

rudimentary (such as differences in canopy height between forests classes and 

shrublands), it seems unlikely that a higher point density could have corresponded to 

larger accuracy gains (Jakubowski et al. 2013). 

We identified the importance of multiseasonal images on class-level accuracies 

through VRI values. Some of these relationships were dramatic, such as the winter season 

band 5 for pastures/oldfields. The importance of detecting phenological phases afforded 

by multiseasonal data has been demonstrated in studies that used higher spatial and 

spectral resolutions than the Landsat series with the recommendation that multiseasonal 

data should be used when available (Zhang et al. 2012, van Deventer et al. 2017).While 

spatial and spectral resolutions impact the type of information (for example identification 

of individual plant species [Ballanti et al. 2016] or detailed floristic assemblages 

[Schmidtlein et al. 2007] are possible with high resolution hyperspectral imagery) that 

may be reliably mapped, the temporal consistency afforded by the Landsat program, 

encouraging easy integration of multiseasonal remote sensing data into LULC 

classifications, remains a highly attractive quality. However, cloud contamination 

precluded the inclusion of additional images in our classification case study, particularly 

dense Landsat time-series incorporating multiple images from a single season (Zhu and 
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Liu 2014, Chrysafis et al. 2017), indicating that the temporal consistency in Landsat data 

can also be limited if conditions are not suitable during acquisition.  

We identified a number of ways in which we may classify our study area, but 

decided that an automated remote sensing approach provided the most labor efficient and 

easily reproducible approach over manual examples in the literature (e.g., Buffum et al. 

2011). Post-classification sorting, an alternative approach we considered, has been used 

extensively in the literature to differentiate spectrally-similar vegetation types from each 

other through the inclusion of ancillary data post classification (Hutchinson 1982). The 

data fusion approach, however, does not require additional steps in the subjectification of 

thematic maps by the vegetation structural information provided by LiDAR (Pohl and 

van Genderen 1998) and allowed us to determine the individual value of Landsat 

multispectral variable bands and LiDAR structural models to classification accuracy. 

Therefore multi-sensor fusion of complementary data into a single supervised, per-pixel 

classification scheme remains a highly straightforward and accurate operational method 

to map LULC across heterogeneous landscapes (Singh et al. 2012). 

We synchronized collection of vegetation and land cover features with the 

sampling of avian assemblages as part of our overall study design. This study was easily 

integrated into our established wildlife monitoring efforts and should encourage future 

cross-disciplinary efforts in sustainable forestry applications and biodiversity assessments 

(Vihervaara et al. 2015). While the relative cost-to-benefit threshold is likely to be highly 

context specific, the parallel sampling of animal distributions and vegetation and land 

cover features should in most cases maximize efficiency. However, the burden of entry of 
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most ecologists to the practice of remote sensing is likely to remain difficult due to 

historical segregation of the disciplines in university departments and challenging 

terminology and workflows (Pettorelli et al. 2014b, a, Turner et al. 2015, Young et al. 

2017). Nonetheless, many efforts are underway to bridge this gap in making satellite 

remote sensing more accessible to applied ecologists through working guides, more 

analysis-ready image products, and open-sourced software, such as the R statistical 

environment (Young et al. 2017). Combined with magnifying environment crises and the 

need to quantify locally-specific vegetative communities in efforts to sustain globally-

threatened ecological communities that may not always be represented in National 

mapping products (Schetter and Root 2011), practitioners and researchers are encouraged 

to integrate remote sensing into their toolbox (Pettorelli et al. 2014a). 

We employed a cluster sampling design, in which clusters of Landsat pixels were 

assigned dominant vegetation and land cover features present during bird survey visits 

and used as independent test data in determining classification accuracy. Independent 

tests of predictive models are important in discerning the reliability of final map products. 

An attractive quality of the RF routine is its ability to also provide quasi-independent 

estimates of test error because withheld OOB portions of the data set are not used in the 

construction of individual trees. However, it has been shown that these errors may not be 

as reliable as expected in some circumstances. In fact, we show that in our case study, RF 

self-reported errors based on OOB portions of the training data overestimated class-level 

accuracies by 13-24%. Nonetheless, several studies have noted the adequacy of these 

errors in determining model performance (Swatantran et al. 2012, Boisvenue et al. 2016). 
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We recommend the testing and comparison of independent test errors for the evaluation 

of future LULC models to determine the reliability of classifications. 

Height-above-ground vegetation structural information provided by LiDAR in the 

data-fused model was particularly important in helping to differentiate structurally 

variable classes from one another (such as deciduous forests and shrublands) and 

structurally variable from structurally invariable classes (such as deciduous forests and 

pastures/oldfields). However, the discrimination between classes without well-defined 

structure was not always improved. For example, confusion in discriminating cultivated 

crops and pastures/oldfields and developed and barren lands remained, which given our 

focus on forest land was an acceptable trade-off. While the rareness of cultivated crops 

and barren lands inhibit a more robust comparison, these results mirror findings in other 

studies of spectral-LiDAR fusions, which indicate that gains in classification accuracy 

should only be expected for classes that contain some vertical structure (Geerling et al. 

2007, Singh et al. 2012). Subsequently, we do not expect this approach to be useful for 

applications requiring accurate discrimination of many structurally invariable habitat 

types (e.g., coastal wetland, saltmarsh, grassland, etc.). 

While airborne LiDAR collection is becoming more widespread, the efficacy of 

its use is constrained by relatively infrequent missions acquired across limited geographic 

extents. We combined temporally mismatched LiDAR and multispectral Landsat OLI 

imagery by correcting structural details in the LiDAR data with known timber harvests 

occurring after LiDAR acquisition. Our results demonstrated that the fusion of LiDAR 

with existing multispectral sources was a highly effective approach to monitoring 
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structural and growth stages of forest-associated habitat. Detailed understanding of 

shrubland habitat outside of forest study sites, where we lacked spatial data on timber 

harvests, was not possible with our study, however. Improved monitoring of landscape 

dynamics in our study area requires more frequent acquisition of LiDAR to represent 

features important to wildlife conservation. Yet, our study highlights a reproducible, 

streamlined method to classify forestlands, which as a critical piece in developing 

conservation strategies. The best situation would be one in which both multispectral and 

LiDAR data are acquired at the same time from the same source. Satellite-based LiDAR 

was almost a possibility (at a nominal footprint of 25 m) with the now dismissed 

DESDynI (Deformation, Ecosystem Structure, and Dynamics of Ice) mission (Goetz 

2011). Future vegetation and land cover classifications, particularly those concerned with 

detailed quantification of structurally-variable vegetation feature classes, would greatly 

benefit from satellite-based remote sensing platforms that better record the vertical 

structure of surface features, such as LiDAR or synthetic aperture radar, and should be 

encouraged at all costs. 

Conclusion 

Early-successional young forests and shrublands are important resources for a 

variety of wildlife species that specialize in these habitats, with many experiencing range 

wide population declines (Askins 1993), or utilize these habitats as seasonal resources 

(Vitz and Rodewald 2006). Large tracts of public lands coupled with adaptive forest 

management are increasingly charged with maintaining heterogeneous mosaics of forest 

structural conditions to benefit all wildlife. As we aim to appropriate conservation efforts 
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directed at providing habitat for all forest-associated species and monitor their 

consequent responses to these actions (and other forest management activities) it is 

essential that we frequently and rapidly obtain robust coverages of forest and shrubland 

habitats. The purpose of this study was to determine the effectiveness of fusing LiDAR 

structural information with the widely-used Landsat multispectral platform to develop a 

highly accurate LULC model, with attention focused on the accurate identification of 

shrublands, in support of our ongoing efforts to conserve avian assemblages in 

southeastern Ohio. 

The use of fusion data (Landsat OLI imagery + LiDAR) exceeded classification 

results than those produced by Landsat OLI imagery alone in several categories, 

particularly improved discrimination of forests and shrublands. Our results corroborate 

other findings that have noted the inadequacy of spectral data (of various sources and 

spatial and spectral resolutions) for classifying spectrally similar yet structurally 

divergent LULC types (Hill and Thompson 2005, Geerling et al. 2007, Koetz et al. 2008, 

Verrelst et al. 2009, Singh et al. 2012). The fusing of LiDAR structural information into 

existing per-pixel classification schemes utilizing Landsat multispectral data provides an 

accurate, straightforward approach to classifying forested landscapes and subsequent 

monitoring of forest structure and growth stage. We integrated this study into our overall 

investigation by also sampling the composition of vegetation and land cover features 

from similar locations actively sampled for avian communities. This demonstrates the 

ease and effectiveness of incorporating remote sensing applications into existing 
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biodiversity research without the need for extensive, additional field efforts, and should 

encourage future applications. 
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Table 3.1. Error matrices and accuracy metrics for the Landsat OLI (18 multispectral, multiseasonal Landsat bands) and Landsat OLI-
LiDAR fusion (Landsat OLI bands + 5 LiDAR-derived textural bands) classification models. Net (Δ) accuracy is the percentage 
change in classification accuracy from the Landsat OLI to the Landsat OLI-LiDAR model, representing the effect of including 
LiDAR-derived textural bands in the Landsat OLI-LiDAR model. 
 

Classification: 
Landsat OLI 

  Actual Land Cover (from test/reference points) Row 
total 

User's 
accuracy (%) 

Overall class 
accuracy (%) Class FOR SHR EVE FLO WET PAS WAT CUL DEV BAR 

Classified Land Cover 
(from map) 

Deciduous Forests (FOR) 1054 13 12 8 1       15   1103 96 79 
Shrublands (SHR) 164 237 19 18 1 7     16   462 51 47 
Evergreen Forests (EVE) 13 1 113           5   132 86 60 
Floodplain Forests (FLO) 36 5 15 57 2   3   5   123 46 36 
Emergent Wetlands (WET)     7 1 10 2 2   6   28 36 28 
Pastures/Oldfields (PAS) 1 6   1 1 56 1 1 29   96 58 44 
Water (WAT)             12       12 100 55 
Cultivated Crops (CUL)           10   9 13 4 36 25 24 
Developed (DEV) 9 15 3 7 3 9 4   75   125 60 33 
Barren Lands (BAR)           3     11 1 15 7 5 

Column total 1277 277 169 92 18 87 22 10 175 5 2132   
Producer's accuracy (%) 83 86 67 62 56 64 55 90 43 20    

Total accuracy (%) 76             
Classification: 
Landsat OLI-LiDAR Fusion         
  Deciduous Forests (FOR) 1194 16 11 2 1       13   1237 97 90 

 Shrublands (SHR) 6 234 5 4 1 7     4   261 90 77 
 Evergreen Forests (EVE) 12 2 117           5   136 86 62 
 Floodplain Forests (FLO) 53 1 23 80         12   169 47 44 
 Emergent Wetlands (WET)     7   12 1 3   4   27 44 36 
 Pastures/Oldfields (PAS)         2 60 2   12   76 79 58 
 Water (WAT)             14       14 100 64 
 Cultivated Crops (CUL)         1 12 1 9 7 1 31 29 28 
 Developed (DEV) 12 24 6 6 1 7 2 1 100   159 63 43 
 Barren Lands (BAR)                 18 4 22 18 17 
 Column total 1277 277 169 92 18 87 22 10 175 5 2132    Producer's accuracy (%) 94 85 69 87 67 69 64 90 57 80     Total accuracy (%) 86             

 Δ Producer's accuracy (%) 13 -1 3 40 20 7 17 0 33 300    
 Δ User's accuracy (%) 1 75 0 2 24 35 0 16 5 172    
 Δ Overall class accuracy (%) 14 63 4 23 31 32 17 16 28 230    
  Δ Total accuracy (%) 12                         
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Figure 3.1. The 5,089-km2 study area located in southeastern Ohio, USA, concentrated 
around six public forest study sites where the composition of vegetation and land cover 
were sampled at 335 bird point samples in 2016. 
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Figure 3.2. Variable relative importance (VRI) values, calculated as the change in 
prediction accuracy on excluding a given band from out of bag predictions, of the 
spectral and Landsat OLI-LiDAR Random Forests classification models (a). Large 
decreases in accuracy indicate high VRI for a given band and vice versa. Mean (± 95% 
CI) band VRI values for each image and LiDAR-derived textural bands (five metrics of a 
CHM summarized to the extent of a Landsat pixel) (b). 
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Figure 3.3. Landsat OLI-LiDAR vegetation and land cover map of the predominately 
forested study area, concentrated around our investigation into bird-forest management 
relationships in southeastern Ohio, USA (a); map developed by combining multiseasonal 
Landsat imagery with LiDAR-derived textural bands (metrics of a CHM summarized to 
the native resolution of a Landsat OLI pixel) into a per-pixel classification. A close-up of 
Vinton Furnace Experimental State Forest with maps produced by Landsat OLI data (b) 
and Landsat OLI-LiDAR fusion data (c) indicates that more realistic and homogeneous 
geographic features, particularly the important distinction of shrublands, are highlighted 
in the Landsat OLI-LiDAR relative to the Landsat OLI model, which incorrectly over-
classified much of the hardwood forest as shrublands. 
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Chapter 4: Mapping Floristic Gradients of Forest Composition using an Ordination-
Regression Approach with Landsat OLI and Terrain Data in the Central Hardwoods 

Region 

Abstract 

Forests of eastern North America are incurring rapid species turnover in woody 

plant assemblages because of recent changes to natural and anthropogenic disturbance 

processes and climate change. We employed an ordination-regression approach to 

mapping the current species composition of forest assemblages as floristic gradients in a 

~5,000-km2 area in southeastern Ohio’s Central Hardwoods Region. Forest plot data (n = 

699 plots; 99 species/genera) from a comprehensive sample of both overstory and 

understory woody plants across structurally- (open to closed canopy) and 

topographically-variable forest conditions were projected onto a 3D ordination solution 

using non-metric multidimensional scaling. Floristic gradients, via their ordination 

scores, were related to spectral reflectance provided by a multitemporal Landsat 8 OLI 

image and various terrain variables using the regression-type Random Forests model. 

Approximately 61%, 49%, and 25% of the variation in the first, second, and third axes 

were captured by the remotely-sensed variables, respectively. The three predicted axes 

were merged to a RGB color composite for the final floristic gradient map, displaying the 

compositional complexity in 3D ordination space across the landscape in terms of 

variation in color. The color of each pixel subsequently references its unique position 
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within the original 3D ordination space, producing a statistical approximation of species 

composition. Our case study determined that this approach is a highly effective means to 

mapping forest cover types, and remains an attractive alternative to traditional 

classifications because it is time-efficient, more realistic in that compositional turnover is 

represented in continuous fields rather than arbitrary breaks, and it overcomes the 

generalization problem inherent in categorizing assemblages a priori. Moving forward, 

our model will be a valuable tool in developing suitable management options on 

individual forest stands for the restoration of desired species, adapting to a changing 

climate, and improving wildlife habitat quality in forested lands across the Central 

Hardwoods. 

Introduction 

Forest ecosystems are frequently mapped with supervised remote sensing 

approaches at local to regional scales (Boisvenue et al. 2016, Chrysafis et al. 2017, 

Savage et al. 2017). Field-based inventories, while accurate, are time-consuming, 

logistically challenging, and, thus, rarely comprehensive for a given area (Condit 1995). 

Thus, synchronizing field and remotely-sensed data provides an efficient, repeatable 

platform to support coverage of pertinent ecological characteristics needed for better 

prioritization of management focus (Ferrier 2002, Rogan and Chen 2004, Fassnacht et al. 

2006). 

The taxonomic composition of forest stands is of particular importance for its 

impacts on the regulation of essential social and ecological services (Running and 

Coughlan 1988, Tilman et al. 1997). Mapping of forest composition has traditionally 
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relied on some combination of quantitative approaches (classification/clustering) or 

expert opinion to categorize forest communities a priori into a set of discrete mappable 

features, representing floristic assemblages as a patch mosaic in geographic space (Turner 

et al. 2003). Typically, forests are represented by the dominant canopy species of stands, 

such as oak-hickory (Quercus spp – Carya spp) or beech-maple (Fagus spp – Acer spp). 

In practice, these approaches demand homogeneous vegetation coverage at the spatial 

resolution of the sensor, creating problems for unambiguous classification of forest stands 

that exhibit a large degree of compositional overlap. Additionally, as the number of 

community units increase these approaches often suffer from insufficient per-unit sample 

sizes for rigorous statistical evaluation (Zhu and Liu 2014). 

Gradient mapping of continuous compositional turnover was developed, in part, 

to overcome some of these shortcomings (Schmidtlein and Sassin 2004, Thessler et al. 

2005, Schmidtlein et al. 2007, Feilhauer et al. 2011). In this procedure, numerical values 

relating the level of floristic similarity or dissimilarity between sampled field plots 

obtained from an ordination are used as the basis for mapping taxonomic variation of 

vegetation communities. Spectral reflectance and environmental variables are related to 

the ordination space position of sampled field plots through regression modeling. 

Floristic variation is inferred by mapping the estimated ordination position of new 

locations to the composition of sampled field plots. Gradient mapping is based on the 

principals of the community-continua concept (Gleason 1926), which theorizes 

communities as collections of overlapping, yet ultimately independent, species 

distributions, each expressing individual responses to environmental gradients (Whittaker 
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1967). Indeed, modeling efforts in response to future climatic change recognizes the 

individualistic responses of species that form a community (Webb III and Bartlein 1992). 

This combined ordination-regression approach has been used extensively to map floristic 

gradients of open-canopy communities (Schmidtlein et al. 2007, Feilhauer et al. 2011, 

Harris et al. 2015), and more recently forest assemblages (Gu et al. 2015, Hakkenberg et 

al. 2018) with hyperspectral imaging and LiDAR scanning of vegetation physiognomies. 

Although many of the studies that employ high-spatial and -spectral resolution 

remote sensing data have demonstrated exceptional accuracies, the low availability and 

high cost of obtaining such data is limiting for broad implementation. Instead, 

spaceborne, medium resolution imagery from the Landsat program (a partnership 

between the United States Geologic Survey [USGS] and National Aeronautics and Space 

Administration [NASA]), representing one of the primary sources for concurrent 

globally-available remote sensing data due to its long-running data record and complete 

free-of-cost since 2008 (Kennedy et al. 2014, Turner et al. 2015), deserves attention in 

gradient mapping applications. Only, one example has employed a Landsat-based 

approach (Thessler et al. 2005) and no examples have examined compositional modeling 

of forest gradients in the eastern US with Landsat imagery. 

Forests across the Central Hardwoods are experiencing a transition from 

dominance by oak-hickory species to more mesophytic species assemblages, particularly 

maples (Acer spp), due to changes to natural and anthropogenic disturbance regimes 

(Nowacki and Abrams 2008, McEwan et al. 2011). Restoration of mixed-oak forest 

ecosystems has consequently received considerable attention. A detailed knowledge of 
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the current taxonomic composition of forest stands is necessary for ecologists and land 

managers to develop sound strategies to mitigate against these effects. The strong 

response of forest composition to topographic variation, decomposed into predominant 

ecological landtypes, is used to focus management efforts in the study area (Iverson et al. 

2018). However, a complete full-stand compositional perspective could provide further 

assistance in these efforts. 

In this study, we used a standalone ordination-regression approach to map forest 

composition across six study forests and the surrounding landscape in a portion of 

southeastern Ohio’s Central Hardwoods. We decomposed a large ecological data set of 

importance values of woody plant taxa onto three ordination axes and intersected plot 

ordination scores with spectral and topographic data. Ordination values were then 

modeled across the study area using the ensemble-learning algorithm, Random Forests. 

In doing so, we tested the effectiveness of Landsat-based images for the detailed 

depiction of gradient forest composition across large landscape extents. 

Methods 

Overview 

The gradient mapping procedure used in this study included four steps (Figure 

4.1). (1) Ordination is used to decompose field plot compositional data onto a reduced 

space. (2) Remotely-sensed data are summarized for field plots. (3) Parallel regression 

models are tuned to the remotely-sensed and ordination inputs to build predictive models 

for each ordination axis. (4) Ordination space position, denoting resemblance to the 

composition of sampled field plots, is approximated for all areas across the study area 
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using derived regression equations, and finally depicted via a RGB color combination in 

the final floristic gradient map. 

Study Area and Study Sites 

The six public study forests and surrounding study area cover ~5,000 km2 of the 

Central Hardwoods Region in southeastern Ohio (Figure 4.2). The primarily forested 

study area (64%; Chapter 3) contains a diversity of natural and plantation forest types of 

various compositions, physiognomies, and stand ages, owing to a variety of forest uses 

and management regimes. Like much of the eastern US, the predominant forest cover is 

recovering from heavy exploitation, notably ca. 1850-1900 following a short-lived iron 

industry (Stout 1933). Floristic assemblages closely track the topographic contours of the 

unglaciated Allegheny Plateaus Physiographic region, which features dissected terrain 

with <100 m relief, casting distinct topographically-defined ecological landtypes in the 

study area (Iverson et al. 2018). Generally speaking, mixed-oak forests dominate the dry 

ridgetops and southwestern hillslopes and transition into more mesophytic species 

compositions on opposing (wetter) northeastern hillslopes and valleys (Hix and Pearcy 

1997). Some diagnostic species include Quercus alba, Q. montana, Q. velutina, Carya 

glabra, C. tomentosa, Sassafras albidum, and Oxydendrum arboreum on dry uplands; 

Acer saccharum, Fraxinus americana, Lindera benzoin, Liriodendron tulipifera, and 

Tilia americana on northeastern hillslopes; and Fagus grandifolia, Aesculus flava, Acer 

negundo, and Carpinus caroliniana in valleys and mesic bottomlands. The numerous 

plantation forests are usually composed of monospecific stands of either Pinus strobus, P. 
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resinosa, or P. echinata, while other native conifers, including P. virginiana, P. rigida, 

and Tsuga canadensis, combine at low densities with deciduous hardwoods. 

Data 

Field Data 

Field data were collected in the summers of 2015 and 2016 from 699, 0.04-ha 

circular vegetation plots (radius = 11.3 m), following a spatially-stratified, cluster 

sampling design. First, according to a generalized random tessellation stratified sampling 

design, plot arrays (3x3 plots placed at 25 m intervals; see inset map in Figure 4.1) were 

randomly located <400 m from roads and >150 m apart to facilitate landscape-scale 

coverage within each study forest (Stevens and Olsen 2004). Next, clusters of 2-3 plots 

were sampled from each array after substituting or slightly offsetting locations where 

physically inaccessible or obstructed by roads or streams. Final plot locations were 

georeferenced with a handheld GPS receiver with self-reported geo-locational error 

usually ≤8 m. Field plots included a wide physiographic spectrum, including ridgetops, 

valleys, and riparian positions, as well as a variety of forests (natural and plantation) and 

forest-associated habitats, such as clear-cuts, shrubby wetlands, and swamps, maximizing 

the ecological coverage and comprehensiveness of our final floristic data set. 

Woody stems ≥1 m in height were sampled for two diameter size classes: 

1. Large: stems ≥8 cm diameter at breast height (DBH) were identified and DBH 

recorded within the entire plot area. 
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2. Small: stems <8 cm DBH were identified and tallied within a reduced area, 

designated by a nested 0.01 ha circular subplot (~5 m radius) at plot center, and 

extrapolated to the full plot extent. 

Woody plant taxa were identified to genus for the following genera due to facilitate 

timely data collection: Carya, Crataegus, Salix, Smilax, Vaccinium, and Vitis. 

Compositional variation was expressed using importance values (IV) of each 

species/genera (Iverson and Prasad 1998). IVs were computed by summing the relative 

densities (stem ha-1; large + small stems) and relative basal areas (m2 ha-1; large stems) of 

each species/genus. Except for 23 treeless plots, each row in the final species-by-plot 

matrix summed to 200. Our IVs indeed give more weight to species/genera with records 

in both size classes because DBH measurements were not taken for the smaller stem size 

class. However, this perspective best leveraged disparities between the relative 

dominances of certain key species, such as Quercus alba, within the regeneration and 

overstory layers over other such options, especially presence/absence and density, 

rendering IVs most valuable to setting conservation and management priorities. 

Digital Data Acquisition and Processing 

Multiseasonal images were used to capture the phenological variation expressed 

by different species and vegetation states, through green-up to dormancy, to maximize 

the accuracy of the predictive models (Ghitter et al. 1995, Wolter et al. 1995, Townsend 

and Walsh 2001, Hill et al. 2010, Zhu and Liu 2014, Chrysafis et al. 2017). We used an 

image data set that comprised four cloud-free Landsat 8-Operational Land Imager (OLI) 

(path 19, row 33) images, processed to L2T surface reflectance by the United States 
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Geological Survey (USGS), following a thorough search of the USGS data archive 

(https://earthexplorer.usgs.gov/) (Table 4.1). We used the entire 30-m multispectral band 

catalog of each image, which included 7 bands image-1. The green (B3), red (B4), and 

near infrared (NIR) (B5) bands are important in distinguishing vegetation species, while 

the blue (B2) and shortwave infrared bands (SWIR-1; SWIR-2) (B6; B7) are useful for 

discriminating deciduous versus coniferous vegetation and moisture content of the soil 

and vegetation. The Landsat OLI sensor also includes an additional (coastal) blue band 

(B1) that has recently demonstrated some utility in forest modeling applications 

(Chrysafis et al. 2017). 

The images were projected in NAD 83 UTM zone 17N, and reflectance values 

were topographically-corrected for visually apparent hill shadows resulting from terrain-

induced solar illumination effects (Appendix G: Figure G.1). While several algorithms 

exist (Riaño et al. 2003), we selected the empirical-statistical method after a test of 

several options and because of its performance in a recent review (Sola et al. 2016). We 

used the topCor() function in the RStoolbox package (Leutner et al. 2018) of the R 

statistical environment (https://cran.r-project.org/) and a LiDAR-derived digital terrain 

model (DTM) to perform topographic corrections. 

Model accuracy was slightly improved by including terrain data, often used as 

supplementary data in image classification (Dorren et al. 2003, Zhu and Liu 2014), with 

the principal images. Thus, we computed seven terrain variables, including elevation, 

slope, transformed aspect (eastingness and northingness), topographic wetness index 

(TWI), topographic position index (TPI), and topographic deviation (DEV), from the 
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DTM for use as ancillary data with the principal images, generating a stack of 35 total 

predictor variables (Table 4.1). The LiDAR-derived DTM was developed for the study 

area using publicly-available LiDAR data collected in 2007 and distributed by the Ohio 

Geographic Reference Information Program (http://ogrip.oit.ohio.gov/Home.aspx; 

accessed 2014 October 13). The LiDAR data set had an average point spacing and 

density of 1.27 m and 0.27 points m-2, respectively. The DTM was generated by first 

interpolating mean elevation values of ground points at a 5-m resolution and then 

resampling it to the native resolution of the image data (30 m).  

Plot-wise reflectance and terrain variables were sampled according to an area-

weighted mean of pixel values within a 30-m resolution square window centered on each 

field plot – a window size we considered to best stabilize spatial uncertainties in field 

reconnaissance and Landsat geometric precision (planimetric error, according to the 

USGS, was <9 m root mean square error [RMSE] for each image). In addition, when 

transferring models trained at this scale back to the imagery, it matched the native 

Landsat resolution, voiding additional processing. 

Analysis 

Ordination Analysis 

We selected non-metric multidimensional scaling (NMDS) because of its robust 

capabilities in simplifying large ecological data sets (McCune et al. 2002) and use in 

recent remote sensing and ecological applications (Thessler et al. 2005, Schmidtlein et al. 

2007, Harris et al. 2015). NMDS is a non-parametric, unconstrained ordination technique 

that employs user-selected distance matrices and dimensionality, and an iterative 



 

101 
 

approach to sample entity placement in the final gradient space. Beginning with an initial 

random arrangement, the procedure strives to maximize the rank-order correlation 

between the original compositional distances and the distances in the reduced space over 

a series of slight redistributions of the data. Disagreement, or “stress”, is minimized when 

the ordering relationship is maximally preserved. The axes scores from the minimum 

stress solution are transferred, using a principal-component rotation, to orthogonal 

gradients of maximum floristic variation. We selected Bray-Curtis dissimilarity for the 

compositional distance matrix and a maximum of 500 random starts, because of the strict 

criteria of the metaMDS() function as implemented in the vegan package (Oksanen et al. 

2018) to avoid settling on a local minimum and to find the minimum stress solution for 

the three selected axes. The dimensionality was selected so that NMDS axes 1-3 would 

be assigned to one of each of the three channels in RGB color space (Thessler et al. 

2005). 

 Regression Analysis 

Random Forests (RF) was selected to parameterize three parallel continuous axis 

models (one per each NMDS axis 1-3) with reflectance and terrain inputs, using the 

randomForest package in R (Liaw and Wiener 2002). The RF algorithm has become an 

attractive modeling platform in remote sensing (Belgiu and Drăgu 2016, Khatami et al. 

2016) and ecological (Prasad et al. 2006) applications because of its effectiveness and 

convenience in (1) producing highly accurate predictions that are largely immune to over-

fitting; (2) handling of large numbers of potentially collinear predictor variables; (3) 

providing relatively unbiased test error even when all of the sample data are used for 
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model calibration (Breiman 2001); and (4) discerning useful predictor variables and 

ecological relationships via variable contribution (Breiman 2001). 

The RF algorithm is similar to bootstrapping a decision tree model (Breiman 

2001, Prasad et al. 2006, Cutler et al. 2007). The algorithm combines the predictions 

(mean for continuous responses) from an ensemble of individual decision trees (usually 

500 – 1,000 total) – each comprising a modified version of the overall data set. Withheld 

samples not used in the growth of individual trees (default is 37% of the sample data) are 

purposed for the test of the final model, referring to “out of bag” (OOB) test error. 

Because each node is split via a random subsample of the possible predictors (default is 

1/3 of the variables), variable contribution is assessed by determining the effect on 

removing a specific predictor from OOB predictions. 

RF models were tuned to the default settings and 1,000 trees each. Prediction 

accuracy was assessed with OOB predictions using an adjusted version of the coefficient 

of determination (R2) and RMSE. A separate split-sample validation (dividing the data 

into separate 75% training and 25% testing data sets) yielded similar accuracy estimates 

as the OOB observations in the full data set. Thus, we opted to validate the models using 

the built-in features of RF, which allowed the use of the entire data set in model training. 

Variable contribution was assessed using the mean percentage increase (normalized by 

the standard deviation [SD]) in mean square error (%IncMSE) to support ecological 

interpretation of the NMDS models. Model uncertainties were derived based on the SD of 

all predictions in each ensemble.  

Forest Floristic Gradient Map 
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The RF model equations were applied to the predictor stack, producing three 

images of ordination values that depicted the estimated position of each pixel along 

NMDS axes 1-3. In total the three images represent the approximate position of mapped 

pixels within the original ordination space, expressing resemblance to the composition of 

sampled field plots. The three images were merged into a RGB color composite for the 

final floristic gradient map as a visual aid to track ordination space position after scaling 

the ordination values of the three individual maps to 8-bit based on a 2% stretch of the 

predicted range in NMDS scores. A forest mask was used to avoid interpretation over 

non-vegetated areas outside of the forest study sites (Chapter 3). 

Results 

Ordination results 

A total of 99 woody plant taxa were sampled and considered in the analysis with a 

range of 3-30 (x̄ = 14.52; SD = 4.62) species/genera per plot (Appendix G: Table G.1). 

The most frequently sampled taxa were Acer rubrum (85% of plots), Smilax spp (83%), 

Carya spp (80%), Quercus alba (61%), and Nyssa sylvatica (58%); less frequent species, 

occurring at <5% of field plots, included Aralia spinosa, Dirca palustris, Kalmia 

latifolia, Magnolia acuminata, and Tsuga canadensis. The NMDS analysis converged 

after 123 iterations with a stress metric of 19.1, transferring 77.2% of the variance in the 

Bray-Curtis dissimilarity matrix to the respective NMDS solution (Figure 4.3a-c). 

Specifically, this amounted to 37.5%, 27.2%, and 12.5% of the compositional variation 

assigned to NMDS axes 1-3, respectively, indicating that the largest floristic differences 

were reflected in the first axis with descending explanatory power with each subordinate 
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axis. We allocated axes 2, 1, and 3 to the red, green, and blue channels of the RGB color 

composite, respectively (Figure 4.3d). 

The first axis revealed a gradient from very dry to very wet site conditions with 

calcifuges taxa of well drained soils, such as Kalmia latifolia, Vaccinium spp, and 

Oxydendrum arboreum, dominating plots with low NMDS1 scores, and hydric taxa 

associated with flowing water or seasonally-inundated soils, such as Betula nigra, Salix 

spp, and Acer saccharinum, dominating plots with high NMDS1 scores. This pattern 

corresponded to a gradient highly correlated with the predominant ecological landtypes 

of the study area (Iverson et al. 2018). The second NMDS axis was broadly related to 

stand physiognomy, particularly successional state, with the low NMDS2 scores occupied 

by plots of open-canopy communities (such as shrubby wetlands dominated by Salix spp 

and Alnus serrulata and young, successional stands composed of pioneer species, such as 

Rhus typhina). Plots with high NMDS2 scores represented closed-canopy stands 

reminiscent of mature forest communities, dominated by Fagus grandifolia, Acer 

saccharum, and Tilia americana. Interestingly, the third axis demonstrated a longitudinal 

gradient in the sample plots (related in part to differences in moisture regime and later 

determined to be correlated with elevation; see Regression results), with eastern locations 

dominating lower NMDS3 axis scores and western locations dominating comparably 

higher NMDS3 values. 

Regression Results 

Modeling results were weakest when either Landsat reflectance values or terrain 

variables were considered alone in NMDS axes models (Appendix G: Figure G.2); we 
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will only discuss the results of the combined data domains in detail. Based on OOB 

observations, RF models accounted for 61.13% (RMSE = 0.28; 10.2% of axis length), 

49.3% (RMSE = 0.28; 9.7%), and 25.28% (RMSE = 0.29; 12.1%) of the variance in 

NMDS axes 1-3, respectively (Figure 4.4a-c), which was related to the amount of the 

original compositional variance transferred to each NMDS axis. Although the 

explanatory power, in terms of the adjusted-R2, was relatively weak for the third axis 

model, likely reflecting the degree of floristic variance transferred to this axis, it was 

ultimately retained because it exhibited a similar RSME in proportion to the range in 

ordination scores of the other two axes. 

Model uncertainties, in terms of the SD of all tree predictions comprising each RF 

ensemble, are displayed in Figure 4.4d-f. Uncertainty increases in terms of the variation 

in model predictions and helps to illustrate locations where additional sampling coverage 

may be targeted. Although no strict criteria are followed in interpretation, the uncertainty 

maps generally reveal that the targeted forest cover was sampled adequately. 

Transformed aspect, eastingness, the red (B4) band recorded on the April image, 

the NIR (B5) and SWIR-2 (B7) bands recorded on the September image, TWI, and 

elevation were important variables for the NMDS1 model (Figure 4.5a). Transformed 

aspects, northingness and eastingness, the green (B3) band recorded on the April and 

June images, the SWIR-2 (B7) band recorded on the September image, and TPI ranked 

high among the variables in the NMDS2 model (Figure 4.5b). Elevation ranked 

extremely high in the NMDS3 model (helping to align sample plots along a longitudinal 

gradient apparent in this axis), followed by the NIR (B5) band recorded on the September 
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image, TPI, and the red (B4) band recorded on the April image (Figure 4.5c). 

Environmental biplots are displayed according to selected predictors for visual 

interpretation (Figure 4.5d-f). For example, eastingness and TWI exhibit positive 

loadings with compositional variation along NMDS1, reflecting the described moisture 

gradient along this axis (Figure 4.5d, e). 

Forest Floristic Gradient Map 

The RF models were applied to the remote sensing data to create maps of each 

NMDS axis, and, finally, to visualize the spatial distribution of woody plant taxa across 

the study area as continuous fields of floristic variation (Figure 4.6). Species centroids 

provide vital context to the mapped color values, enabling associations to be drawn 

between the colors on the map and the sampled plant assemblages. 

The resulting floristic gradient map effectively visualizes the general pattern 

reflected in the data set, which tracks both the woody plant assemblages and the 

underlying terrain conditions of the study area. Zooming in, the pattern illustrates 

differences between the eastern study forests (e.g., Vinton Furnace State Experimental 

Forest and Zaleski State Forest) and the most western study forest (Tar Hollow State 

Forest), which features greater elevation, relief, and subsequently drier hillslopes (Figure 

4.6). The preponderance of the blue-magenta and pink hues of this western study forest 

reflect a dominance of Quercus montana, Sassafras albidum, and Oxydendrum arboreum 

(blue-magenta hues) and Liriodendron tulipifera, Celtis occidentalis, Lindera benzoin, 

and Tilia americana (pink hues). In contrast, the maroon hues, apparent in the eastern 

study forests, correspond to a greater dominance in Quercus alba, Q. velutina, Viburnum 
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acerifolium, and Carya spp in these forests. Bottomland, hydric assemblages appear as 

greenish-yellow hues (resulting from high NMDS1 values allocated to the green channel) 

and track the dendritic venation of steep stream channels throughout the study area. 

Early-successional stands comprising pioneer species and recruitment of canopy species 

from advanced regeneration appear as light-cyan hues, resulting from low NMDS2 values 

allocated to the red channel. The orange hues, appearing primarily along lower 

northeastern hillslope positions, represent mixed mesic assemblages, comprising Ostrya 

virginiana, Fraxinus americana, Acer saccharum, Aesculus flava, and Quercus rubra. 

Finally, several pine plantation forests appear in the brilliant blue or deep greenish hues, 

depending on the species composition and degree of intermixing with deciduous species. 

Discussion 

The combination of ordination and regression techniques enabled gradient 

mapping of forest assemblages in our study area located in the Central Hardwoods 

Region of southeastern Ohio. This modeling exercise will prove vital to ongoing 

restoration efforts to restore mixed-oak forest ecosystems (Iverson et al. 2017, 2018). The 

efficiency of use and need for more detailed representation of the taxonomic composition 

of floristic stands sparked the emergence of the predictive modeling of continuous 

ordination values (Thessler et al. 2005, Schmidtlein et al. 2007, Feilhauer et al. 2011). As 

relative indicators of compositional dissimilarity, ordination scores are used to relate new 

locations to the composition of sampled field plots, given that the reference samples are 

representative of the taxonomic variation in floristic assemblages encountered in an area 

and that ordination positions are statistically related to remotely-sensed reflectance and 
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environmental variables (Thessler et al. 2005). Finally, ordination space position depicted 

as a RGB color combination of the principal ordination axes provided a simple visual 

representation of the approximated taxonomic composition of the study area with 

underlying terrain attributes. 

We chose NMDS due to its flexibility in choice of distance metric, non-

parametric distributional assumptions, and robust capabilities in extracting reliable 

floristic gradients from complex ecological data sets (McCune et al. 2002). The use of 

Bray-Curtis dissimilarity is well supported in the literature due to its handling of pairs of 

sample plots exhibiting similar patterns in the absence and presence of species 

occurrences (Legendre and Legendre 2012). The NMDS analysis yielded a stress metric 

of 19.1 and a transfer of 77.2% of the variance in the floristic data set to the final 

ordination solution. Kruskal, (1964) ranks a stress of 10 as a fair result and a stress of 20 

as a poor result. However, stress generally increases with sample size, and it is not always 

the best indicator (McCune et al. 2002). Thus, stress obtained in our study is particularly 

robust considering the large number of sample plots (Feilhauer et al. 2011). The NMDS 

solution did exhibit some plot dispersion among the first two axes (as indicated by the 

outliers present in Figure 4.3c), suggesting some tension in sample plot ordering. Also, a 

relatively weak transfer of floristic variance to the third axis resulted in a comparably 

weak coefficient of determination obtained for this model. The gradient mapping 

approach depends on the assumption that floristic assemblages are composed of species 

with similar ecological requirements and aggregate structural and biochemical attributes 

that produce unique spectral signatures detectable in predictive algorithms. Hence the 
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importance of the careful selection of appropriate ordination techniques in generating 

reliable floristic patterns. Overall, the solution was supported by realistic ecological 

gradients related to the spectral responses of floristic assemblages and functional 

relationships to moisture regimes, directly linked to the predominant ecological landtypes 

of the study area.  

Medium resolution Landsat satellite images, acquired over four seasons, provided 

the principal data source in our gradient mapping study. Terrain information, often used 

as ancillary data in image classification (Dorren et al. 2003, Zhu and Liu 2014), was 

incorporated to improve prediction accuracy. In fact, terrain variables came out first in 

variable importance for each of the three NMDS axes. Indeed, both data sources 

complemented each other, as accuracies were comparably weaker when either was used 

alone in regression modeling. Overall, reflectance and terrain variables accounted for 

61%, 49%, and 25% of the variance in woody plant composition for NMDS axes 1, 2, 

and 3 respectively. Our Landsat-based approach is unique for two reasons: (1) many 

previous gradient mapping studies have employed airborne, hyperspectral or LiDAR-

hyperspectral data (but see Schmidtlein and Sassin [2004] and Thessler et al., [2005]) to 

predict the composition of (2) canopy vegetation or structurally inert, open canopy 

communities, entirely visible to remote imaging platforms (Schmidtlein and Sassin 2004, 

Feilhauer et al. 2011, Gu et al. 2015, Harris et al. 2015). Although it is difficult to directly 

compare prediction accuracies between studies with different sample sizes, floristic 

assemblages, and potentially disparate methodologies, surprising is the degree of 

similarity in the accuracies obtained from our Landsat-based approach with those found 
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in these other studies, despite perceived spectral, spatial, and structural advantages of 

hyperspectral data and LiDAR scanning of vegetation physiognomies. For example, three 

ordination axes of a UK peatland were modeled by Harris et al., (2015) with an accuracy 

(R2) ranging from 0.30 to 0.74. Urban forest composition among canopy foliage in 

Wisconsin, USA, was modeled by Gu et al., (2015) with an accuracy (R2) of 0.67 and 

0.47 for NMDS axis 1 and 2, respectively. The advantage of capturing phenological 

phases of different species and vegetation states by multitemporal Landsat images should 

not be taken for granted, as our study indicates that various temporal periods (particularly 

early spring, summer, and early fall), are important to the predictive accuracy of 

modeling floristic gradients. While multitemporal images clearly support better 

classification results (Chapter 3, Zhu and Liu 2014), conspicuous drawbacks remain in 

obtaining suitable cloud-free images. A search of Landsat images over a 5 year period 

resulted in only four suitable (and seasonal) images for the ambitious coverage of our 

~5,000-km2 study area, highlighting the potential difficulty in obtaining satellite images 

also encountered in other studies (Thessler et al. 2005). 

The red (B4), NIR (B5), SWIR-2 (B7), and green (B3) bands were some of the 

most important bands for compositional modeling in our study, as indicated by variable 

importance measures in the RF routine. Harris et al. (2015), employing airborne 

hyperspectral imaging, similarly demonstrated that bands occupying the red, red-edge, 

and NIR regions of the electromagnetic spectrum were important in the accurate 

characterization of peatland assemblages. They concluded that high-spectral resolution 

images may not be necessary to accurately map gradients of peatland vegetation and that 
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adequate characterization of red and NIR reflectance holds the greatest opportunity for 

compositional modeling in their system. Specifically, these regions of the 

electromagnetic spectrum are due to the absorption of red and the reflecting of green, 

NIR, and SWIR light during photosynthesis. Since these features detected are directly 

linked to photosynthetic processes, they hold great potential for detecting variation in 

floristic assemblages, and that higher resolution (spatially or spectrally) may not be 

necessary for floristic mapping. While we consider that all bands and supplementary 

terrain variables used in our study are important for compositional modeling of forest 

assemblages, we suggest that further work is needed regarding the effectiveness of 

derived indices, such as the tasseled cap and normalized difference vegetation index. The 

long-running data record of the Landsat series of satellites holds great opportunity for 

addressing questions related to the temporal dynamics of forest communities, particularly 

long-term compositional change detection. These indices may hold great potential for 

standardizing images collected by the various sensors employed by each Landsat mission 

in support of long-term compositional change detection. 

Our results help support other recent investigations for full-stand gradient 

modeling of floristic assemblages beyond canopy dominants alone. For example, 

Hakkenberg et al. (2018) predicted full-stand vascular plant composition (i.e., both 

understory and overstory vegetation) at a 30-m resolution in a North Carolina Piedmont 

forest with an accuracy (R2) ranging from 0.48 to 0.71 for three NMDS axes utilizing 

fusions of hyperspectral and LiDAR data. Thessler et al., (2005) accurately modeled the 

composition of pteridophytes and Melastomataceae species, taxa that are entirely 
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obscured by overstory foliage, in an Amazonian tropical rain forest with a single Landsat 

image. Accurate modeling of understory assemblages likely stems from correlations in 

response to factors (e.g., soil properties, exposure to light, etc.) that affect overstory flora 

that are perceived to directly influence the reflectance of an assemblage. The emergent 

properties of biodiversity, including habitat and ecosystem processes, indeed manifest at 

the community level (Ferrier and Guisan 2006). The use of multiseasonal images in our 

study could have also directly captured the spectral variation of understory foliage due to 

contrasting phenological phases among the vertical strata. Nonetheless, determining the 

mechanism responsible for accurate depiction of full-stand composition is beyond the 

scope of this study. However, gradient mapping shows great promise for accurate 

modeling of the taxonomic composition of structurally-diverse stands, whether they are 

perceived to directly impact the reflectance of the assemblage or not. 

We carefully settled on a rather fine window (30 by 30 m) to summarize plot-

level reflectance and terrain variables because floristic assemblages tend to vary 

dramatically over relatively short distances in the study area. For example, sampling 

arrays may cover more than one ecological landtype (e.g., ridgetop and hillslope), 

supporting different floristic assemblages among its field plots. Other applications 

involving forest information expression from remote-sensing data tend to select summary 

windows of a much larger spatial extent, such as 90 by 90 m (e.g., Chrysafis et al. 2017). 

This is thought to ensure an accurate portrayal of the measured vegetation and to account 

for spatial overlap in the surrounding vegetation that can impact the reflectance of the 

targeted stand. The relatively close distances between sampled field plots in our study 
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meant that spectral responses of the vegetation could have partially been affected by the 

reflectance of surrounding vegetation of nearby plots. We are not concerned that this 

impacted our results, considering that nearby plots likely shared many similarities in their 

floristic composition, and thus, similar spectral signatures. We believe that, in meeting 

our objective for the detection of fine spatial scale floristic variation apparent in our study 

area, balancing the critical tension between spatial uncertainties in field reconnaissance 

and Landsat geometric precision, and remaining as independent as possible, a window 

size slightly larger than the extent of the field plots was suitable in our study. 

Floristic variation is usually approximated at landscape extents by environmental 

correlates of assemblage composition based on known habitat affiliations (Ferrier 2002). 

In our study area, a large body of literature has demonstrated the importance of 

topographic variation as indirect drivers of forest composition (Iverson et al. 2018). Our 

gradient mapping study complements these efforts by providing a finer taxonomic 

resolution to the recognized ecological landtypes. For example, we showed shifts in the 

dominant species that make up the threatened mixed-oak forest type across the study 

forests (Nowacki and Abrams 2008). Dry ridgetops and southwestern hillslopes of the 

eastern study forests tended to occupy sectors of the ordination space that featured a more 

pronounced dominance in Quercus alba, while the western-most study forest showed a 

predominance in Quercus montana. This was attributed to greater relief and subsequently 

dryer hillslope conditions towards the western portion of the study area, as correlated 

with higher elevation values that spanned this geographic gradient. Such taxonomic 

resolution will be valuable in targeting restoration focus for desired species assemblages. 
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While nominal categories of broad forest types help to demonstrate coarse taxonomic 

variation (Zhu and Liu 2014), they have the unfortunate quality of homogenizing the 

intricate details of forest stands into a single discrete class that might ultimately function 

differently based on subtle shifts in important species. Information coming out of our 

work suggest a more focused response of avian assemblages to floristic gradients than 

previously considered (Chapter 2), demonstrating the importance of full-stand, fine-

detailed taxonomic resolution information on the spatial distribution of forest 

assemblages in assessing habitat quality for wildlife. Ultimately, more detailed 

information on the intergrading nature of overlapping, yet independent, species 

distributions found in gradient mapping provides a more realistic representation of 

floristic assemblages. 

A focus on community-level modeling has emerged because of the close link 

between the composition of an ecosystem and its ecological processes (Ferrier and 

Guisan 2006). Community-first approaches, such as the methods employed in this study, 

have several advantages over the aggregation of individual species models. It is usually 

not possible to model all species in a data set for statistical reasons, as many rare species 

are omitted due to small sample sizes. Instead, all available data across all species, 

regardless of the number of records per species, is analyzed by multivariate approaches, 

such as ordination, in community-level strategies. Rare species are better accounted for 

by exploiting patterns of interspecific association and co-occurrence with other, more 

abundant, species, essentially allowing less frequently-occurring species to borrow 

information from the overall pattern of compositional variation in a data set. Some 
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studies have demonstrated that such community-level approaches have a tendency to 

produce more accurate species-level predictions when employing community-first 

strategies (Guisan et al. 1999, Elith and Leathwick 2007). Individual species distributions 

can be depicted from ordination values by measuring the distance between mapped pixels 

to a species centroid in ordination space (Guisan et al. 1999, Ferrier and Guisan 2006) 

(Appendix H). The application of community-level modeling for accurate modeling at the 

species level opens a new area of interest for future research in our system. 

Conclusion 

Temperate forest ecosystems are threatened by accelerating local and global 

environmental change, affecting the ecological processing and provisioning of ecosystem 

services (Perera et al. 2018). Many of these forests are still recovering from heavy 

exploitation from the previous century with highly influential legacy effects impacting 

their present and future conditions (Wang et al. 2015). While field-based inventories 

provide an immediate window into the current state of forest ecosystems, remote-sensing 

platforms provide a practical and repeatable means to extrapolate beyond these efforts 

(Turner et al. 2015). A spatially-explicit knowledge of the taxonomic composition of 

forest stands is necessary to guide management and restoration investments (Tilman et al. 

1997). Spatial inventories of forest communities and their subsequent modeling have long 

relied on ecological classification to simplify the compositional complexity of forest 

stands into meaningful, albeit coarse, cover types, which can be of great utility and is the 

foundation for hierarchical vegetation classification systems (Jennings et al. 2009). 

However, at their core, discrete community units are not realistically distinguished 
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because of the intergrading nature of floristic assemblages (rarely are two stands 

compositionally alike), where subtle changes in environmental conditions drive 

overlapping, yet independent, species distributions. 

We adopted an ordination-regression approach for modeling woody plant 

assemblages across our study area. Full stand-level taxonomic composition of woody 

plants was sampled and ordinated onto three principal components of a NMDS 

ordination, in which regression analysis, employing the highly effective machine-learning 

RF algorithm, was used to extrapolate ordination values of each axis. Taxonomic 

composition was dissolved into a simple color transformation that relates mapped pixels 

to the original ordination data space and made transparent for interpretation by reference 

of species centroids. Uncertainty maps, based on the prediction variance of RF 

ensembles, provide a necessary consideration of the areas that require additional 

sampling coverage. The methods applied in this study will be an important contribution 

to the decades of work on oak-hickory regeneration practices (Caryell and Tryon 1961, 

Loftis and McGee 1993, Johnson et al. 2009, Iverson et al. 2017). Our Landsat-based 

approach further extends the utility of satellite-based remote imaging, fostering a new 

wave of forest ecosystem modeling. 
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Table 4.1. Landsat 8 OLI multispectral band properties, images, and terrain variables 
used in this study. 

Number Landsat 8 OLI spectral bands (path 19, row 33) Acquisition date Season Resolution 

1 - 4  B1·Band 1: coastal/aerosol (0.433–0.453 μm); 5-Feb-16 winter 

30 m 

5 - 8  B2·Band 2: blue (B; 0.450–0.515 μm); 12-Apr-17 spring 

9 - 12  B3·Band 3: green (G; 0.525–0.600 μm); 10-Jun-15 summer 

13 - 16  B4·Band 4: red (R; 0.630–0.680 μm); 24-Sep-13 autumn 

17 - 20  B5·Band 5: near infrared (NIR; 0.845–0.885 μm);   
 

21 - 24  B6·Band 6: shortwave infrared 1 (SWIR 1; 1.560–1.660 μm);   
 

25 - 28  B7·Band 7: shortwave infrared 2 (SWIR 2; 2.100–2.300 μm)   
 

  Terrain variables (Source) Abbrevation Equation/Notes   

29 
DTM: Elevation (LiDAR-derived DTM; Ohio Geographic 
Reference Information Program - interpolated min ground 
returns) 

ele 

DTM (5 m 
resolution) 

aggregated to 
30-m Landsat 

resolution using 
mean values and 

used to derive 
terrain variables 

30 m 

30 

 

Slope slo 
Slope in 

degrees; 8-
neighbor rule 

31 

 

Transformed aspect: Eastingness eas 
eas = 

sine(Aspect ∙ 8-
neighbor rule) 

32 

 

Transformed aspect: Northingness nor 
nor = 

cosine(Aspect · 
8-neighbor rule) 

33 

 

Topographic Wetness Index twi 

twi = 
ln(a/tanβ); a is 

the local 
upslope area 
and β is the 

slope 

34 

 

Topographic Position Index tpi 

tpi = zo - z ̄ ; zo 
and z ̄ are the 
focal cell and 

mean elevation 
in a 225 m 

radius 

35 

  

Deviation from mean elevation dev 

dev = (zo - z ̄ 
)/SD; zo and z ̄ 

are the focal cell 
and mean 

elevation in a 
225 m radius 

and SD is 
standard 
deviation 

elevation in 
neighborhood 
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Figure 4.1. A flowchart, including inputs and analyses, of the gradient mapping approach 
used in this study. Plot-level species composition data were ordinated onto three non-
metric multidimensional scaling ordination axes. Ordination space position with 
remotely-sensed inputs were modeled with the regression-type Random Forests model. 
Models were applied to the imagery for each ordination axis, and mapped ordination 
scores were merged into a RGB color composite for the final floristic gradient map, 
where color values are used to visualize each pixel’s estimated position within the 
original ordination space, meaningful with respect the composition of the sampled field 
plots. 
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Figure 4.2. The study area and study forests in southeastern Ohio where the species 
composition of forest assemblages was sampled from 699 vegetation plots (white dots). 
Displayed in the larger inset map is a Landsat 8 Operational Land Imager image (path 19, 
row 33) acquired on 10-June-2015 and used in this study (Red: B7∙shortwave infrared 2; 
Green: B5∙near infrared; Blue: B3∙green). The green hues correspond to the dominant 
forest cover in the image. A schematic of the cluster sampling design in relation to the 
actual sampled plot locations and Landsat pixels is displayed in the smaller inset map. 
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Figure 4.3. Non-metric multidimensional scaling ordination results. The distances in 
NMDS space plotted against the original Bray-Curtis dissimilarities (a). Floristic 
variation transferred to NMDS axes 1-3 (b). Variation in plot axis scores (c). Ordination 
diagram of field plots (dots) and species (squares) plotted in the 3D ordination space with 
colors representing the selected RGB color combination according to ordination 
coordinates (Red: axis 2; Green: axis 1; Blue: axis 3) (d) as well as selected plant taxa (e). 
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Figure 4.4. Observed versus predicted NMDS axes 1-3 plot scores (a-c, respectively) by 
Random Forests regression models, and model uncertainties derived from the standard 
deviation (SD) of all predictions in each ensemble for NMDS axes 1-3 (d-f, respectively). 
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Figure 4.5. Percentage increase in mean square error (%IncMSE) on removing a specific 
variable from Random Forests out of bag predictions, indicating predictor variable 
usefulness and relatedness to floristic variation in ordination (non-metric 
multidimensional scaling) axes 1-3 (a-c, respectively). Ordination diagrams (d-f) 
including vectors of selected predictor variables. See Table 4.1 for variable descriptions. 
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Figure 4.6. The final floristic gradient map of forest assemblages in southeastern Ohio, 
visualized as a RGB color combination of predicted NMDS ordination scores (Red: axis 
2; Green: axis 1; Blue: axis 3). Ecological interpretation and context regarding the 
mapped color values is provided by the species centroids in the legend. Species centroids 
are sorted according to their position along the first NMDS axis. 
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Chapter 5: Predicting Abundance of Forest Birds with Remotely Sensible Forest 
Attributes in the Central Hardwoods Region 

Abstract 

Species distribution models advance conservation efforts by identifying the 

underlying drivers of resource use and documenting the spatial pattern of species 

occurrence across large landscape extents. Here, we applied advanced remote sensing 

technologies (LiDAR) and new, innovative ways to characterize detailed floristic data 

with existing multispectral sources (Landsat) to predict relative abundances of 26 bird 

species across a southeastern Ohio forestland. Random Forests models, taken as an 

ensemble, explained 63% variance in abundance of all species combined. Early-

successional species were modeled more effectively than mature-forest species, likely 

because of strong habitat preferences of these species and the sensitivity of the remote 

sensing data in characterizing vegetation factors. Floristic characteristics were among the 

most frequently-selected variables of the 73 considered, followed by vegetation structural 

variables. Interestingly, coarse vegetation type had strong generalizing capabilities across 

the species examined, particularly for mature-forest specialists. Our results support the 

importance of landscape-scale environmental heterogeneity in providing habitat for a 

diversity of bird species across managed forestlands. Most importantly, results suggest 

that vegetation structure and floristics have interrelated effects on individual bird 

distributions. Though vegetation structure has received the most attention, the 
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synthesizing nature of floristic characteristics should be more frequently incorporated 

into conservation planning, especially regarding impacts of climate change on shifting 

vegetation assemblages. 

Introduction 

Effective conservation plans are advanced when practitioners and decision makers 

employ improved maps of species distributions (Guisan and Zimmermann 2000, Sala et 

al. 2000, Turner et al. 2003, Guisan and Thuiller 2005, Ferrier and Guisan 2006, Guisan 

et al. 2013). Predictive modeling can offset the costs needed for landscape-scale 

inventories of avian communities across forest stands of different type and structure, and 

parallel advances in remote sensing technologies and new, innovative ways of 

characterizing these data provide unparalleled windows into the spatially-explicit 

expression of forest habitat parameters (Rose et al. 2015). Here, we investigate the 

effectiveness of remotely-sensed forest attributes to predict bird species abundance. 

Decisions taken about the management of individual forest stands have 

implications for habitat selection of other organisms, such as birds (Quine et al. 2007). 

Habitat selection affects individual fitness (Rodenhouse et al. 1997), regulates population 

dynamics (Pulliam and Danielson 1991), and exists over a continuum of scales that range 

from fine-scales (e.g., foraging substrate, singing perch, etc.) to broad geographic scales 

(e.g., species range) (Johnson 1980, Block and Brennan 1993). However, the most direct 

interactions between faunal organisms and their habitat are expected to occur at relatively 

fine levels of organization (Wiens 1989, Cushman and McGarigal 2004) – commensurate 

with the scales in which individual stand management occurs (Block and Brennan 1993, 
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Quine et al. 2007). Conditions that produce high abundance are usually considered 

indicators of high quality habitat (but see Van Horne [1983]). Vegetation effects on the 

aggregate structure (particularly, vertical foliage height complexity) and composition of 

forest stands are considered to be most decisive among the external cues that regulate 

habitat selection and determine long-term population persistence (Block and Brennan 

1993, Jones 2001). 

Long-established observations and strong theoretical concepts link the complexity 

of vegetation structure to the amount of potential niche-space available for bird species 

(Dunlavy 1935, MacArthur 1958, MacArthur and MacArthur 1961). Vegetation structure 

can also affect the foraging behavior of birds (Robinson and Holmes 1982, 1984) and 

nesting patterns (Betts et al. 2008). At the same time, tree species composition can also 

have functional significance on bird species (Gabbe et al. 2002, Hartung and Brawn 

2005), affect community structure (Rodewald and Abrams 2002), and contribute to the 

ecological separation of bird species (Holmes et al. 1979). Management efforts to 

conserve high-quality habitat require extensive quantification of these resources across 

managed landscapes. 

Laser altimeters (LiDAR) have opened new possibilities for the spatially-explicit 

measurement of forest structure (Lefsky et al. 2002, Davies and Asner 2014). In addition, 

vegetation distribution and phenology can be readily mapped with extensive spatial and 

temporal coverage of space-borne, multispectral images provided by the Landsat program 

(Turner et al. 2003, 2015). Common vegetation characteristics have typically included 

discrete classes of forest type at coarse thematic resolutions (e.g., deciduous forest, 
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evergreen, shrubland, etc.) (Cushman et al. 2008). Newer applications have demonstrated 

that more detailed representation of fine taxonomic resolution forest composition is also 

possible with these data (Chapter 4) and their efficacy for modeling avian response 

remain untested. Other examples have shown the advanced utility of Landsat images in 

characterizing horizontal structure, in the form of tree density and basal area, of forest 

stands (Chrysafis et al. 2017). 

Extensive work in forestlands of southeastern Ohio have demonstrated the 

importance of stand management and subtle features of forest structure that determine 

density and demographic processes of forest birds (Bakermans and Rodewald 2009, 

Sheehan et al. 2014). A heterogeneous mixture of stands comprising different growth 

stages provides the resources necessary for obligate specialists, such as shrubland-

dependent species, and species that require the conditions present across multiple forest 

stands with different type and structure (Vitz and Rodewald 2006, 2007). The Ohio 

Department of Natural Resources - Division of Wildlife (ODNR - DOW) has adopted a 

Conservation Opportunity Area Approach to maintain species diversity of forest 

dependent wildlife across a few forested landscapes in southeastern Ohio (ODNR DOW 

2015). Detailed, spatially-explicit habitat models of focal species of greatest conservation 

need are required to fulfill this mission.  

Our overall objective was to investigate the use of remotely-sensible forest 

attributes for the prediction of bird species abundance. We calculated several metrics on 

the vertical and horizontal structure of forest habitats, and mapped detailed floristic 

characteristics on forest composition and richness. We compared the predictive 



 

136 
 

accuracies among a suite of species of varying habitat affiliations. We calculated the 

frequencies of variable selection among the top predictors of each species to document 

consistencies in response to the predictor variables. We then summarized this information 

to variable type (structure versus floristics) and sensor (LiDAR versus Landsat). We 

predict that many of the higher-level variables on vegetation structure and floristic 

characteristics be more useful in explaining abundance patterns over coarse vegetation 

type (e.g., deciduous versus evergreen forest). Species abundance patterns were mapped 

across the landscape to assist conservation efforts, and their resulting maps were 

compared to known habitat affiliations of each species. 

Methods 

Study Area 

This study was conducted within six public forests of the ODNR, located in 

southeastern Ohio’s Central Hardwoods Region (Figure 5.1). The unglaciated Allegheny 

Plateaus Physiographic region, which features a dissected terrain, composed of narrow v-

shaped ridges and valleys with <100 m local relief, possesses strong regulatory effects on 

forest assemblage composition in the study area (Hix and Pearcy 1997). Along a 

pronounced floristic gradient, mixed-oak assemblages, comprising Quercus and Carya 

genera, typically dominate the dry ridgetops and southwestern hillslopes, and transition to 

mixed-mesophytic assemblages on opposing northeastern hillslopes and mesic 

bottomlands. The distribution of vegetation has been impacted by a complex disturbance 

history, involving heavy exploitation prior to the 1900’s (largely in support of a local iron 
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industry [Stout 1933]), current residential and agricultural land use, and a modern period 

of fire suppression (since the 1930’s [Drury and Runkle 2006]). 

Avian Surveys 

A generalized random tessellation stratified sampling design was used to 

distribute bird observation points across the six study forests to be <400 m from roads 

and >150 apart (Stevens and Olsen 2004). A total of 302 point locations were established 

across a mixture of forest, open-floodplain, plantation, and shrubland (i.e., recent clear 

cuts) habitat types, largely representative of the variation in vegetative conditions 

encountered in the study area. Bird surveys followed standard point count protocol 

(Ralph et al. 1995). Trained observers performed counts for 10 min over three visits from 

mid-May to early-July with two weeks separating visits in 2016 on mornings (half-hour 

before sunrise to the hour of 10:30) with minimal wind or precipitation interference. We 

used detections ≤75 m from the observation point to ensure that only birds utilizing the 

habitat being sampled were included in the analysis. Counts were summed over the three 

sampling visits into a relative index of abundance for each species. We did not take 

detection bias into consideration for the current study, considering the growing support 

from studies questioning assumptions of detection adjustment, which when violated can 

impart additional bias (Johnson 2008, Hutto 2016). Additionally, preliminary models that 

included detection adjustment did not change the results for several species. We refer to 

our relative abundance index, calculated from summed counts of each species over the 

sampling period in 2016, as just “abundance” for simplicity hereafter. 

Vegetation Surveys 
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Vegetation surveys (n = 699 plots) were also conducted at some of the point count 

stations (n = 284) and used to develop several habitat variables (Chapter 4). A cluster 

sampling design was used to distribute vegetation plots at the point locations. Arrays (3x3 

plots) were distributed around the center of each point. From each array, either two or 

three vegetation plots were sampled from each point. The vegetation surveys included 

counts of woody plant taxa (species/genera) in two stem size classes: small stems (<8 cm 

diameter at breast height [DBH]) were recorded in a nested 100 m2 quadrat, and large 

stems (≥8 cm DBH) were recorded in a full 400 m2 quadrat. Structural (local stem 

densities [stems ha-1] and basal areas [m2 ha-1]) and floristic characteristics (richness 

[number of woody plant taxa], diversity [Shannon’s index], and floristic gradients from 

an ordination) were derived from these data and extrapolated across the study area with 

predictive models using Landsat imagery and terrain variables (see Overview and 

Multispectral Data). 

Remote Sensing Data 

Overview 

Habitat characteristics were derived from two remote sensing data sources: 

imagery from Landsat 8 (https://earthexplorer.usgs.gov/) and discrete return LiDAR data 

from the Ohio Geographically Referenced Information Program (OGRIP; 

http://ogrip.oit.ohio.gov/Home.aspx/). A total of 73 variables (largely means and standard 

deviations [SD] within the detection radii of the point locations) from 23 habitat 

attributes were derived from these data and tested for their efficacy in predicting 
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abundance patterns of bird species (Table 5.1). Variables were examined individually and 

summarized according to type (e.g., structure versus floristics) and source. 

Multispectral Data 

We performed a thorough search of the United States Geological Survey data 

archive for cloud-free, Landsat 8 images (path 19, row 33), dating back to 2013 when the 

platform became operational (temporally corresponding with field campaigns within a 3-

year window). We found four suitable images acquired during spring (12-April-2017), 

summer (10-June-2015), autumn (24-September-2013), and winter periods (5-February-

2016), capturing the seasonal variation in surface reflectance across the study area for 

ecological characterization. Capturing phenological phases of vegetation through 

multiseasonal imagery improves the characterization of stand volume (Chrysafis et al. 

2017), vegetation composition (Savage et al. 2017), and image classification (Zhu and 

Liu 2014) from satellite-based optical data. Surface reflectance products were 

downloaded for each image and reflectance values were topographically-corrected for 

visually apparent hill shadows resulting from terrain-induced solar illumination effects. 

We selected the empirical-statistical method after a test of several options and because of 

its performance in a recent review (Sola et al. 2016). We used the topCor() function in 

the RStoolbox package (Leutner et al. 2018) in the R statistical environment 

(https://cran.r-project.org/) and a LiDAR-derived digital terrain model (DTM, see LiDAR 

Data) to perform topographic corrections on each image. 

The images were used to develop a data fusion (Landsat-LiDAR) land use/land 

cover model of the study area, from which the distribution of vegetated-cover types (area 
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and number of patches) were obtained for each point location (Chapter 3). The Enhanced 

Vegetation Index (EVI) and Normalized Difference Moisture Index (NDMI) were 

calculated from the summer (leaf-on) image, measuring the greenness (i.e., productivity) 

and moisture content of the vegetation and soil. An additional EVI was calculated from 

the winter (leaf-off) image and subtracted from the leaf-on EVI for detecting productivity 

change as a measure of deciduousness (∆EVI). 

Detailed floristic composition of woody plant assemblages was modeled for the 

study area using an ordination-regression approach (Chapter 4). Specifically, plot-level 

vegetation data on importance values of full-stand level woody plant taxa were ordinated 

onto three non-metric multidimensional scaling (NMDS) ordination axes. Predictive 

models using the Landsat imagery and terrain variables were used to extrapolate NMDS 

axes 1-3 across the study area. Pixel-level ordination scores depict a given location along 

floristic gradients in the ordination volume, providing a fine-detailed window into the 

taxonomic variation (i.e., turnover) of the forests across the study area. Specifically, 

NMDS1 discriminated xeric versus mesic assemblages; NMDS2 was related to stand age 

and forest maturation, with increasing values corresponding to increasingly-diverse 

assemblages with complex vertical profiles; and NMDS3 differentiated a longitudinal 

gradient in forest composition, related to the underlying bedrock and terrain conditions 

across the study area. Additionally, woody plant richness and diversity (Shannon’s index) 

were modeled for the study area. Finally, large stem (≥8 cm DBH) basal area (m2 ha-1), 

large stem density (stems ha-1), and small stem (<8 cm DBH) density (stems ha-1) were 

modeled from the vegetation data and imagery/terrain data. 
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LiDAR Data 

In 2007, the study area was scanned using the Leica ALS50 digital discrete-return 

LiDAR system and made publicly-available by OGRIP. LiDAR acquisition occurred 

during the months of March-May (roughly leaf-out) at 2,225 m above mean terrain, a 

targeted flight speed of 170 knots, and an approximate 30% overlap in flight lines. 

Collection protocol were designed to meet an approximate vertical accuracy of 0.15 m 

root mean square error and a 2.13-m point spacing with a maximum of two returns pulse-

1. Points were quality assessed and classified by the vendor. Point clouds were 

downloaded in LAS format in county sets, consisting of multiple 1,524 m x 1,524 m tiles, 

in NAD 83 Ohio State Plane South Zone and NAVD 88 horizontal and vertical datums, 

respectively. The final LiDAR data set of isolated ground and vegetation returns had an 

average spacing and density of 1.27 m and 0.27 returns m-2, respectively. 

The LiDAR data were transferred to 10 spatial grids, comprising various vertical 

properties of the vegetation and terrain conditions. A DTM was developed by 

interpolating the minimum elevation values of ground returns at a 5-m resolution, while a 

digital surface model (DSM) was generated using maximum ground or vegetation height 

returns. The DTM was used to calculate variation in elevation, slope, and aspect of the 

point locations. Aspect was represented with the Beer’s transformed aspect index (Beers 

et al. 1966), converting circular aspect values to an index that ranges from 0 (xeric 

southwestern aspects) to 2 (productive, mesic northeastern aspects). The DTM was 

subtracted from the DSM to develop a canopy height model (CHM), representing the 

maximum canopy height surface. We replaced canopy heights >50 m and <0 m (<0.01% 
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of all pixels) that result from atmospheric obstructions or machine errors using a mean 

filter of neighboring pixels. Timber was harvested (~5% of the total area within the study 

forests) since LiDAR acquisition (>2007). We obtained spatial data on harvest zones 

from the ODNR - Division of Forestry, and corrected pixels of the CHM with a canopy 

height representative of the conditions during field surveys (1.6 m). The asynchrony in 

wildlife and remote sensing data acquisition is an unfortunate reality in many studies 

such as the current. 

We mapped the distribution of canopy gaps using the corrected-CHM and a 

threshold technique that identified clusters of pixels composed of short vegetation that 

were surrounded by pixels of taller vegetation that met specified height criteria (Gaulton 

and Malthus 2010, Barnes et al. 2016). We classified canopy gaps as pixels that 

contained maximum vegetation heights <12 m that were located within a 17.5-m radius 

neighborhood with a median height value >24 m. Finally, vertical variation of the LiDAR 

returns was summarized to spatial grids of 15-30 m resolution (resolutions selected to 

ensure sufficient sample sizes). Point clouds were normalized to elevation values from a 

high resolution DTM (0.75 m) and corrected for spurious height values (>50 m and <0 

m) and for the timber harvests before calculations were made. In particular, the 

MacArthur’s foliage height diversity index (MacArthur and MacArthur 1961) was 

replicated by clustering returns within three vertical layers, 0-5, 5-25, and >25 m, and 

calculating the diversity (Shannon’s index) of returns throughout the vertical profile of 

each pixel: -∑pi ln pi; where pi is the proportion of the total LiDAR returns within the ith 

vertical layer. LiDAR processing utilized several functions in the raster (Hijmans et al. 
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2017) and rLiDAR (Silva et al. 2017) packages in R. Additionally, a flowlines layer 

(https://nationalmap.gov/) was transformed into a spatial grid and used to summarize the 

proximity of points to streams/rivers. All layers were projected in NAD 83 UTM zone 

17N. Geolocational errors were greatest for the imagery, but still less than one 30-m pixel 

(<9 m). Despite marked differences in the resolutions of the data attributes (5-30 m), we 

found no influence of scalar effects on the results, shown by summarizing the frequency 

of variable selection by resolution. 

Analysis 

The ensemble-learning method Random Forests (RF) has become a popular tool 

in ecological applications in recent years (Prasad et al. 2006, Matthews et al. 2011, 

Swatantran et al. 2012). The RF algorithm is akin to bootstrapping a decision/regression 

tree model - which makes no assumptions about the relationships between response and 

explanatory variables and utilizes analytical procedures that can exploit the complex, 

nonlinear, and often-hierarchical interactions, common among large ecological data sets 

(Breiman 2001, Prasad et al. 2006, Cutler et al. 2007). Decision/regression trees explain 

the variation in a response (e.g., species abundance) by repeatedly splitting the data into 

homogeneous groups according to decision rules based on the explanatory variables most 

associated with each split (De’ath and Fabricius 2000). Specifically, the RF algorithm 

deploys many individual decision/regression trees that are grown in parallel and tuned to 

bootstrapped samples of the data. The remaining data (typically 37%) not used in the 

growth of individual trees form the “out of bag” (OOB) observations. These samples are 

reserved for the quasi-independent validation of model fit. Additionally, only a random 
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sample of 1/3 of the total variables are tested at each split. Predictions by RF are based on 

the mean vote of the ensemble, and model fit is estimated by averaging errors across all 

OOB observations. The multiple levels of randomness in the RF routine ensures that a 

diversity of the sample space is examined within each modified version of the data set, 

maximizing its overall predictive capability (Prasad et al. 2006). 

Bird abundance was explained with RF models, tuned with 1,000 trees each and 

with the default settings of 1/3 of the variables tested at each node, utilizing the entire 

data set of 73 remotely-sensed data attributes and functions in the randomForest package 

(Liaw and Wiener 2002) in R. Increasing the number of decision/regression trees beyond 

1,000 did not improve model accuracy for several of the species examined. Model fit was 

based on the explained variance, according to the pseudo-r2 (r2 = 1 - MSE/var[y]; where 

MSE is the mean square residual error between predicted versus observed values [y] in 

OOB observations). A separate 10-fold cross-validation was also used to ensure OOB 

errors were accurate and did not overestimate the confidence in abundance predictions 

(Evans et al. 2011). In this procedure, we partitioned the data into 10 subsets, and RF 

models were calculated, each time withholding an individual partition for use as test data, 

until all partitions were used in validation (i.e., n = 10, RF models). Variable importance 

was assessed based on the MSE on removing a given variable from OOB predictions, 

where large increases in residual error corresponded to more useful predictors. In terms 

of variable selection, top-10 lists of the most useful variables for each species were 

summarized individually and by type and source by tracking their frequency of 

occurrence in each model list among all models. Spatial grids were developed for each 



 

145 
 

variable at the same resolution as the point counts (75-m radius), in which the abundance 

of each bird species was predicted onto by the RF models to develop spatial predictions 

of bird abundance across the study area. 

Results 

A total of 85 bird species were recorded in the 2016 data set (among the 302 

points used in this study) after removing flyovers and observations ≥75 m. Modeling was 

not attempted for raptorial, galliformes, waterbird, nor nocturnal species. The data 

distributions of the remaining species were carefully inspected, and species with sparse 

occurrences and/or overly-binary (presence/absence) responses were excluded. Several of 

the permanent residents (e.g., Carolina chickadee, downy woodpecker, and white-

breasted nuthatch; see Appendix L: Table L.1 for scientific names) had models with little 

explanatory power (<10%), likely because surveys occurred after the primary breeding 

period for these species. Ultimately, 26 species in which preliminary models expressed 

satisfactory degrees of explanatory power (~10% explained variance or greater) were 

considered in this study (Table 5.2). 

The remotely-sensed variables accounted for ~10-68% variance in abundance for 

each species (the Kentucky warbler and prairie warbler exhibited the lowest and highest 

explained variances, respectively) (Figure 5.2). Model fits are based on OOB predictions 

because the 10-fold cross validation yielded similar results, indicating that the built-in 

features of RF provided adequate estimates of model accuracy (Appendix I: Table I.1). A 

pseudo-r2, calculated from the MSE of all models, showed that RF models explained 

63.28% variance in the abundance patterns of all species combined (Figure 5.3). 
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We generated lists of the 10 variables that exhibited the greatest decrease in MSE 

for each species (Table 5.3). These lists were compiled and used to compute the 

frequency of variable selection for all RF models. Of the 73 variables tested, 61 were 

identified as useful predictors of species abundance. The floristic gradient portrayed in 

the second NMDS axis of forest composition was the most important variable, emerging 

as a top predictor for 20/26 species (Figure 5.4). Species demonstrated expected 

relationships with this variable that reflected floristic variation in stand age and 

successional status, with early-successional species (such as blue-winged warbler, prairie 

warbler, and yellow-breasted chat) exhibiting negative relationships, while mature-forest 

species (such as the Acadian flycatcher, cerulean warbler, and ovenbird) showing 

positive relationships with this variable (Figure 5.5). Selected among the top variables of 

12/26 species were mean canopy height, small stem density, and large stem basal area. In 

fact, at least one of these three variables, combined with the NMDS2 gradient, were 

among the most useful predictors of 22/26 species analyzed. We note that the factors of 

vegetation structure and composition, usually regarded as decisive, are rarely 

independent. Indeed, floristic patterns reflecting successional state in the NMDS2 

variable were correlated with several structural variables (Figure 5.6). Metrics of 

MacArthur’s foliage height diversity index, minimum, mean, and maximum values, were 

selected among the top predictors of six, five, and two species, respectively. Three 

species, the cerulean warbler, white-eyed vireo, and eastern towhee, were associated with 

more than one foliage height diversity metric. 



 

147 
 

Next, we analyzed the frequency of variable selection according to variable type 

(e.g., structure versus floristics) and source (e.g., LiDAR versus Landsat), addressing the 

question of the relative importance of habitat attributes and data domains in predicting 

species abundance (Figure 5.7). Only one model did not contain a floristic variable in the 

list of top predictors (pine warbler was the only species without a floristic variable as a 

top predictor), indicating that floristics (compositional gradients and woody taxa richness 

and diversity) were the most useful forest parameters explaining species abundance, 

despite a smaller number of variables tested in comparison to the LiDAR-derived 

vegetation structural variables (10 floristic versus 27 LiDAR variables). In comparison, 

LiDAR-derived vegetation structural variables were deemed important in 23/26 models. 

Cover type and structural variables (density and basal area) characterized by Landsat 

imagery were deemed important in 17/26 models. Landsat-based variables were deemed 

important in all models, while 25/26 models selected LiDAR-based variables (pine 

warbler also being the only species without a LiDAR variable as a top predictor). 

Spatial predictions of the tested variables tracked geographic expectations of 

species occurrence with known habitat affiliations (Appendix J: Figure J.1). For example, 

zooming into selected study forests, the models showed high abundances of the yellow-

breasted chat in several recent clear cuts, dominated by dense shrubs and regenerating 

stands of canopy species (Figure 5.8). The cerulean warbler was most abundant in stands 

with tall tree canopies on steep, mesic hillslopes. Variation in Acadian flycatcher 

predictions showed highest abundances in mature forests with sparsely-vegetated 
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understories. In contrast, the conditions that supported high hooded warbler abundance 

were found in forests with dense/diverse understories. 

Finally, we mapped model uncertainty using the coefficient of variation in model 

predictions. While spatial predictions of bird abundance are based on the mean ensemble 

vote, the coefficient of variation, calculated as the ratio in SD:mean predictions, 

highlights the extent of the variability in predictions in relation to the mean, which can be 

useful for ecological interpretation, such as identifying casual relationships that may not 

be present in mean responses alone and prioritizing future sampling efforts where 

variability is greatest. The results highlighted a spectrum of model uncertainty for each 

species (Appendix K: Figure K.1). For many models, the greatest volatility occurred in 

areas with the lowest mean vote in abundance, suggesting that additional causal factors 

may be at play in determining abundance of certain species. 

Discussion 

The remotely-sensed variables quantified in this study proved useful for mapping 

avian species abundance, explaining 63.28% of the variance in abundance patterns of all 

species combined. Though each model included variables consistent with each species’ 

habitat associations, the variables also demonstrated generalities in usefulness for 

predicting abundance. Most models included a combination of structural and floristic 

characteristics as top predictors. The variables, however, exhibited a spectrum in their 

explanatory power among individual species. 

Early-successional species, for example the prairie warbler, yellow-breasted chat, 

indigo bunting, and blue-winged warbler, were modeled more effectively than mature-
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forest species. The explanation for this is likely twofold. First, the effects of strong, 

conspicuous habitat preferences help to explain this discrepancy. Early-successional 

species appeared to use a relatively restricted range of habitat conditions (such as clear 

cuts composed of canopy heights <5 m, undergoing dense hardwood regeneration) within 

the overall forested landscape during our investigation. For example, recent clear cuts 

including advanced regeneration of canopy vegetation supported numerous shrubland 

species. This is not surprising given the overwhelming importance of regenerating, young 

forest habitats in supporting diverse shrubland assemblages in comparison to other types 

of open habitats (such as wildlife openings and powerline corridors) (King et al. 2009, 

King and Schlossberg 2014). 

Second, the sensitivity of the remote sensing data in accurately characterizing 

habitat features important to early- versus late-successional species was also likely at 

play. For example, LiDAR density can disproportionately affect the accuracy of coverage 

attributes like canopy and shrub cover under closed canopies (Jakubowski et al. 2013). 

Because vertical attributes remain relatively unaffected by pulse densities (with sufficient 

accuracies obtainable around ~0.30-1 pulses m-2 in most scenarios [Jakubowski et al. 

2013]), we instead focused our attention on the vertical variability of LiDAR returns 

within larger spatial grains. In doing so, we adopted a novel application of MacArthur’s 

foliage height diversity index (MacArthur and MacArthur 1961) applied to LiDAR data 

to compensate for the omission of coverage attributes. The omission of coverage 

attributes, such as canopy cover, could be responsible for the lower overall accuracies 

obtained for more mature-forest species. We still cannot determine through our analyses 
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whether additional cover metrics could have improved model predictions for those 

species however. 

One of our primary objectives was to compare the predictive power of the 

remotely-sensed habitat features in guiding accurate predictions of bird species 

abundance patterns. We know that vegetation structure and floristic composition take 

precedence over other such factors for determining avian resource use (Block and 

Brennan 1993, Jones 2001). Vegetation structure has long been recognized for its 

supporting of the ecological niche-space for avian species (Dunlavy 1935, MacArthur 

and MacArthur 1961) by affecting the foraging behaviors (Robinson and Holmes 1984) 

and competitive interactions among individual bird species (MacArthur 1958). Floristic 

composition, on the other hand, has taken a secondary role (Jones 2001). However, 

mounting evidence has recently demonstrated the importance of floristic composition, as 

many species have shown strong preferences for certain tree species (Holmes et al. 1979, 

Robinson and Holmes 1984, Gabbe et al. 2002, Hartung and Brawn 2005), related to 

differences in arthropod abundance and micro-structural aspects of leaf architecture and 

growth form that determine the way in which birds maneuver forested habitats. 

Additionally, a recent application in our study system has identified plant taxonomic 

composition as a strong basis for predicting avian species composition (Chapter 2). 

Variables representing both perspectives, vegetation structure and floristic 

characteristics, were routinely selected among the top-predictors of the RF models, 

according to their contribution to model accuracy. The most frequently selected variable, 

interestingly, was the NMDS2 gradient of forest composition. This gradient expressed 
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compositional variation in floristics that was related to forest maturation. Much of the 

variation in floristics along this gradient was also correlated with vegetation structure. 

Mature forests of diverse floristic assemblages along this gradient contained well-spaced, 

large-diameter trees with tall canopies and complex vertical profiles. Thus, some of the 

apparent variation in floristics were a consequence of structure and vice versa. Still 

though, strong support for this variable among many of the species examined could not 

have been entirely a consequence of variation in vegetation structure alone (Hewson et al. 

2011). These results simply highlight the interrelationships between structure and 

composition of the vegetation. However, variation in floristic patterns per se that 

characterized this gradient appeared to be more useful despite covarying structure. The 

first gradient of forest composition expressed a gradient in moisture regime, which 

discriminated bottomlands from ridgetops. This variable was important in the Louisiana 

waterthrush, Kentucky warbler, and common yellowthroat models, among others. For 

these species, this variable helped to isolate floristic assemblages closely associated with 

riparian and bottomland conditions where these species are typically occur in the study 

area. 

Interestingly, broad cover types were particularly powerful, and exhibited strong 

generalizing capabilities in predicting bird abundance (Cushman and McGarigal 2004). 

The amount of forest cover was supported in 12 models. Additionally, floodplain and 

evergreen coverage were selected in 3 models each. Interestingly, shrubland cover was 

only selected in one model (blue-winged warbler). For many of the shrubland bird 

species, the density and basal area variables were more important in explaining their 
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abundance. This is likely in response to these variables better identifying the 

regenerating, young hardwood forests from other types of shrubland habitat in our study 

area. The broad classification scheme used to characterize shrubland habitat, which 

included regenerating hardwood stands and open-maintained infrastructure (such as 

power line corridors), should consider these differences in future applications. The blue-

winged warbler, being more of a generalist shrubland species in comparison to the other 

species (Chandler et al. 2009, King et al. 2009), appeared to not be as sensitive to the 

range in variation in shrubland habitat used in our classification system. These results 

further mirror the support of forest management for the conservation of shrubland species 

in forestlands of the eastern US (Chandler et al. 2009, King and Schlossberg 2014). None 

of the configuration metrics (number of patches) of vegetation type were important in 

explaining species abundance. It is most likely that the effects of patch configuration, if 

present, operate at different scales (i.e., greater than the extent of the observation radii of 

the point count stations) than the ones used here (Cushman and McGarigal 2004). 

Vegetation structure was useful in explaining abundance patterns of several key 

species. For example, the cerulean warbler model included each of the variables that 

characterized vertical variation in vegetation structure. This is not surprising given 

consistent range-wide associations of this species with structurally-diverse forest 

conditions (Carpenter et al. 2011, Boves et al. 2013, Barnes et al. 2016). Additionally, the 

models highlighted a relationship with dry-mesic forest types on steep hillslopes, 

represented by the compositional gradients in the floristic ordination (Barnes et al. 2016). 

We hypothesized that the characterization of canopy gaps (area and number) would be 
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important to some species, including the cerulean warbler and hooded warbler. Canopy 

gaps can provide advantageous resources to forest birds by altering light regimes that 

impact the distribution of vegetation. This in turn, increases the availability of arthropods 

for foliage-gleaning species and allows for more effective signaling in the upper canopy 

where there is less vegetation impeding male vocalizations (Jones et al. 2001, Barg et al. 

2006). However, our models did not detect strong support for canopy gap selection. This 

could be the result of mismatches between the way we defined gaps and the conditions 

that determine canopy gap selection in birds. It is possible that using a larger 

neighborhood window to summarize canopy gaps may help to better understand 

landscape-scale associations of birds with gaps. 

The interactions between wildlife and habitat are expected to occur most directly 

at fine levels of organization (Wiens 1989), making observations at this scale particularly 

useful and commensurate with the scales in which individual forest stands are managed 

(Quine et al. 2007). The degree of landscape composition (referring to relative amounts 

of vegetation) and configuration (the spatial and structural attributes of habitat patches), 

however, can impact wildlife populations also, particularly through impacts on mass 

effects (i.e., number of breeding individuals in the landscape or “propagules”) and 

connectivity of landscapes (Villard 2002, Fahrig 2003). Previous work in this largely 

forested study system determined that local habitat features support a better 

understanding of the spatial patterns and demographic parameters of some of the species 

considered here (Bakermans and Rodewald 2009). This is consistent with findings from 

other studies (Cushman and McGarigal 2004, Hewson et al. 2011). Additionally, long-



 

154 
 

term work on avian populations in a northeastern hardwood forest found that changes in 

the local forest community, particularly losses of tree and shrub species diversity, were 

the dominant drivers of population persistence in several species (Buchanan et al. 2016). 

The impacts of landscape-scale patterns of vegetation on forest bird distribution, though 

expected to be small for most species (but see [Rodewald and Vitz 2005]), remains an 

open area for further research. It is thought that our understanding of landscape effects on 

wildlife populations can be advanced only after we consider individual, species-specific 

perceptions of landscapes (Betts et al. 2014). The models in this study will provide 

insight and assist in these efforts by controlling for individual species distributions when 

examining sensitivity to landscape metrics. Specifically, the species distribution models 

developed here can be used in lieu of coarse habitat types by accounting for species-

specific resource needs within the overall forested study area. 

Multispectral Landsat data provided several useful variables for the prediction of 

species abundance patterns. While often regarded too coarse, spectrally and spatially, in 

characterizing subtle differences in vegetation patterns and structure, the temporal 

variation afforded by frequently acquired, spaceborne images should not be overlooked. 

Recent examples from our study system support the use of Landsat images for mapping 

fine-detailed compositional variation of floristic assemblages (Chapter 4). The costs and 

spatial constraints of acquiring LiDAR data, though important in capturing the vertical 

dimension of forest stands (Lefsky et al. 2002), often precludes its use for broad-scale 

implementation. With regards to remote sensing potential, Landsat data should be 

considered in future applications and tested accordingly for advanced forest information 
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expression (Turner et al. 2015, Chrysafis et al. 2017). Still though, many of the most 

useful variables quantified by Landsat were not developed in absence of laborious field 

data collection. Vegetation plots provided the data necessary to parameterize predictive 

models that developed several of the Landsat-based variables. This can be taken as a 

tradeoff between Landsat and LiDAR data though, depending on the objectives of a given 

study. Still though, costs required to collect field data for use in Landsat-based predictive 

models of forest information expression are likely to not exceed those needed for large-

scale LiDAR scanning. 

Spatial autocorrelation is a concern in predictive modeling, by affecting the 

generalization capabilities of predictive models (Legendre 1993, Lichstein et al. 2002a, 

b). The random selection of sample units used in growing individual decision/regression 

trees are thought to suppress the effects of spatial autocorrelation in the RF routine 

(Goetz et al. 2010). Correlograms of Moran’s I coefficients on the residuals of the RF 

models supported this claim in our study (Table 5.4). Although some models exhibited 

some significant spatial autocorrelation among certain species at the shortest lag 

distances, such as the yellow-breasted chat and pine warbler, these correlations were 

relatively small and likely to not be of concern here. The patchy nature of these species’ 

habitat, shrublands and pine plantations, probably had more of an effect on the presence 

of spatial autocorrelation in these models than pure contagious biological processes. 

Finally, maps of model uncertainty are critical components of predictive 

modeling. The maps tended to express relative confidence in model predictions across 

selected study forests, particularly for areas expected to produce high use in certain 
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species. Though no strict criteria are used when interpreting these maps, variation in 

prediction accuracy, indicated by somewhat weak overall mean predictions, provide 

insight into the areas that require additional sampling or more detailed characterization of 

habitat features. Denser LiDAR data would have allowed for the quantification of canopy 

cover, which was a missing component in our analysis. The quantification of food 

resources by the predominantly foliage-gleaning bird species could have also provided 

better insight into abundance patterns of the modeled species. Overall, caution is advised 

when interpreting results of observation studies like these in the absence of demographic 

data. Information on nest-site selection and success can provide additional information on 

the importance of forest habitat features on long-term population persistence. 

Additionally, individual and population-level responses to natural and anthropogenic 

change can be explained by carry-over effects from experiences encountered across the 

full annual cycle, particularly for species with tightly-organized periods of breeding, 

migration, and stationary non-breeding periods (Angelier et al. 2011, Marra et al. 2015). 

Environmental conditions affecting individuals during the non-breeding period, which 

impacts migration, breeding success, and survival, are critical to understanding responses 

of individual bird species to breeding habitat and should be considered in future studies. 

Management Implications 

Machine-learning algorithms have taken precedence for their strong capabilities 

in exploiting the nonlinear, often-hierarchical relationships found in ecological data sets, 

supporting the highly-accurate spatial depiction of species distributional patterns (Prasad 

et al. 2006). Though practical applications require accurate predictions of ecological 
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process and spatial pattern, inference and the detection of causal relationships are also 

critical components of ecological modeling (Evans et al. 2011). Despite being correlative 

in nature, predictive models, and the particular variables utilized for that matter, are 

explanatory if and only if they are sufficiently accurate and generalizable, in which 

predictive modeling demonstrates (Houlahan et al. 2017). 

Though conspicuous drawbacks remain, as many of the species were unable to be 

modeled effectively, we demonstrate the utility of characterizing habitat features 

considered important in determining avian resource use with remote sensing data. 

Executing effective conservation actions requires a spatial knowledge of species 

distributions throughout the planning and monitoring stages (Guisan et al. 2013). The 

spatial modeling of species counts, used as a surrogate for species abundance, can be a 

highly effective strategy for offsetting the logistical challenges and costs needed for 

comprehensive surveys of wildlife assemblages across forest stands of different type and 

structure, as shown in this study. Though no models are perfect, this work helps advance 

our understanding of the spatial patterns of forest birds in our study system. 

Importantly, this work identifies several key components of forest habitat that are 

useful for explaining avian abundances. Additionally, we identified the utility of different 

remote sensing platforms in characterizing these features and directions in which future 

studies may focus attention on these data. Many of the vegetation factors we examined, 

considered decisive, were rarely independent. Strong responses to forest compositional 

gradients can also be taken as a response to variation in vegetation structure, as 

vegetation structure and floristic composition were intimately related. Nonetheless, stand 
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management aimed to manipulate the structural complexity within and among forest 

stands will have influences on plant species composition in subtle ways that meet the 

fine-scale resource needs of certain species. A diversity of growth stages can provide not 

only a diversity of vegetation structures, but also a diversity of tree species and vice 

versa. However, explicit focus must be placed on ensuring a diversity of tree and shrub 

species remain into the future for eastern deciduous forest lands. These efforts may 

require additional management focus that explicitly works to restore oak-hickory 

assemblages, as much evidence suggests that current management regimes must be 

specifically tuned to this endeavor (Iverson et al. 2017). 

Ultimately, our work helps identify areas of high use in which conservation and 

management actions can be assisted. Policies should aim to maintain a diversity of stand 

types, in terms of structure, growth stage, and tree composition, to provide a range of 

habitat conditions for birds and other wildlife. The methods we utilized show great 

potential for remotely inventorying the compositional and structural patterns of forests at 

landscape extents, and these quantifications translate into satisfactory spatial predictions 

of avian abundance patterns. 
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Table 5.1. Predictor variables of forest parameters derived from the remote sensing data sets. 

Data 
(source) Type Variable Description 

(metric) n Resolution 
(m) Notes 

LiDAR 
(OGRIP) 

Vegetation 
structure chm 

Canopy surface 
height 

(max, mean, sd, 
skewness, kurtosis) 

5 5 

  

  

  can 

Canopy surface 
cover; 5 height 

intervals 
(5-12, 12-25, 25-35, 

and > 35 m) 

4 5 

  

  
  gap Canopy surface gaps 

(amount, number) 2 5 
  

  

  vdr 

Vertical distribution 
ratio; (max-

median)/median; 
(min, max, mean, sd) 

4 15 

  

  
  div 

MacArthur's Foliage 
Height Diversity 

(min, max, mean, sd) 
4 30 

  

  
  std SD of returns 

(min, max, mean, sd) 4 30 
  

  
  ran Range of returns 

(min, max, mean, sd) 4 30 
  

 
Continued  
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Table 5.1. Continued 
 

  Terrain 
ele Elevation 

(mean, sd) 2 5  

    
slo Slope 

(mean, sd) 2 5  

    
bee Beer's aspect 

(mean, sd) 2 5  

Landsat 8 
(USGS) 

Vegetation 
indices/ 
productivity 

evi 
Enhanced vegetation 

index 
(min, max, mean, sd) 

4 30  

    
dif Difference EVI 

(min, max, mean, sd) 4 30  

    

nmi 

Normalized 
Difference Moisture 

Index 
(min, max, mean, sd) 

4 30  

  Floristics 
nm1 

NMDS axis 1 of 
floristic variation 

(mean, sd) 
2 30 r2 = 0.61 

    
nm2 

NMDS axis 2 of 
floristic variation 

(mean, sd) 
2 30 r2 = 0.49 

    
nm3 

NMDS axis 3 of 
floristic variation 

(mean, sd) 
2 30 r2 = 0.25 

 
Continued  
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Table 5.1. Continued 
 

    
wpr Species richness 

(mean, sd) 2 30 r2 = 0.15 

    
wpd Shannon's Diversity 

(mean, sd) 2 30 r2 = 0.13 

  Vegetation 
structure 

tba 

Tree basal area 
(m2/ha) 

(≥8 cm DBH) (mean, 
sd) 

2 30 r2 = 0.33 

    

tde 

Tree density 
(stems/ha) (≥8 cm 

DBH) 
(mean, sd) 

2 30 r2 = 0.37 

    

sde 

Small stem density 
(stems/ha) (<8 cm 

DBH) 
(mean, sd) 

2 30 r2 = 0.31 

 
Continued  
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Table 5.1. Continued 
 

  Cover 
types for 

Deciduous Forest 
(amount, number of 

patches) 
2 30 86% total 

accuracy 

    
shr 

Evergreen Forest 
(amount, number of 

patches) 
2 30  

    
flo 

Floodplain Forest 
(amount, number of 

patches) 
2 30  

    
eve 

Shrublands 
(amount, number of 

patches) 
2 30  

    
wet 

Wetlands 
(amount, number of 

patches) 
2 30  

Streams/Rivers 
(The National 
Map) 

Other 
stm 

Distance to 
stream/river flowline 

(mean, sd) 
2 5  
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Table 5.2. Species considered in the analysis, including species code, common and Latin 
names, and the number of observation points in which each species was detected. 

Common name Scientific name Code 

Number of 
points detected 
(n = 302 total) 

Acadian flycatcher Empidonax virescens ACFL 224 
American redstart Setophaga ruticilla AMRE 108 
Baltimore oriole Icterus galbula BAOR 31 
blue-winged warbler Vermivora cyanoptera BWWA 55 
Carolina wren Thryothorus ludovicianus CARW 50 
cerulean warbler Setophaga cerulea CERW 85 
common yellowthroat Geothlypis trichas COYE 42 
eastern towhee Pipilo erythrophthalmus EATO 221 
eastern wood-pewee Contopus virens EAWP 182 
field sparrow Spizella pusilla FISP 21 
hooded warbler Setophaga citrina HOWA 266 
indigo bunting Passerina cyanea INBU 124 
Kentucky warbler Geothlypis formosa KEWA 87 
Louisiana waterthrush Parkesia motacilla LOWA 62 
northern cardinal Cardinalis cardinalis NOCA 121 
ovenbird Seiurus aurocapilla OVEN 274 
pine warbler Setophaga pinus PIWA 28 
prairie warbler Setophaga discolor PRAW 65 
red-bellied woodpecker Melanerpes carolinus RBWO 156 
red-eyed vireo Vireo olivaceus REVI 298 
scarlet tanager Piranga olivacea SCTA 246 
white-eyed vireo Vireo griseus WEVI 72 
worm-eating warbler Helmitheros vermivorum WEWA 183 
wood thrush Hylocichla mustelina WOTH 242 
yellow-breasted chat Icteria virens YBCH 58 
yellow-throated warbler Setophaga dominica YTWA 40 
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Table 5.3. Individual species variable rankings (see Table 5.1 for variable descriptions, 
and Table 5.2 for common and scientific names). 

  Species 

Rank ACFL AMRE BAOR BWWA CARW CERW COYE 
1 nm2_mea ele_mea vdr_max nm2_mea slo_std div_min wpd_mea 
2 sde_mea ran_min ran_std std_mea nm1_mea chm_mea nm1_mea 
3 ran_mea nm2_mea can_int tba_mea ele_std nm2_mea ele_mea 
4 can_tal chm_mea std_std tde_mea ele_mea div_mea nm1_std 
5 ran_max ran_mea wpr_std ran_min evi_mea ran_min flo_sar 
6 can_hig tde_std nmi_std ran_mea wpr_mea std_min nmi_mea 
7 div_mea nm3_mea vdr_mea std_min slo_mea can_hig sde_mea 
8 chm_mea chm_ske std_max sde_mea wpd_mea std_mea tde_mea 
9 slo_std div_min ran_max shr_sar flo_sar slo_mea stm_mea 

10 for_sar std_max ran_mea chm_mea dif_mea vdr_min nm2_mea 
        

Rank EATO EAWP FISP HOWA INBU KEWA LOWA 
1 sde_mea nm1_mea tba_mea ele_mea nmi_min nm1_mea nm2_mea 
2 div_min vdr_std nm2_mea sde_mea for_sar wpr_mea nm3_mea 
3 std_min for_sar tde_mea chm_mea nmi_std ran_min ele_mea 
4 chm_mea chm_mea std_min for_sar nm1_std ele_std slo_std 
5 div_mea dif_std sde_mea chm_ske chm_mea for_sar nm1_mea 
6 vdr_min chm_ske ran_min nm3_mea nmi_mea div_min vdr_mea 
7 tba_mea can_med ran_mea std_max nm2_mea nm3_mea sde_mea 
8 vdr_mea vdr_mea std_mea wpr_mea div_min nm2_mea ran_max 
9 ran_min nmi_min nmi_min nm2_mea vdr_min ele_mea can_tal 

10 nm2_mea std_mea wpd_mea tba_mea std_mea chm_max wpd_std 
        

Rank NOCA OVEN PIWA PRAW RBWO REVI SCTA 
1 for_sar nm2_mea tba_mea tba_mea gap_num nm2_mea dif_min 
2 dif_max chm_mea eve_sar vdr_mea std_mea tde_mea nm2_mea 
3 chm_std tde_mea dif_min sde_std wpd_std tba_mea eve_sar 
4 nm1_mea vdr_std tde_mea sde_mea chm_mea ran_max evi_min 
5 sde_mea vdr_mea dif_mea nm2_mea gap_are sde_mea gap_are 
6 nm2_mea chm_std dif_std tde_mea for_sar tde_std tba_mea 
7 dif_mea chm_ske eve_snu ran_min stm_mea nmi_min can_hig 
8 tde_mea for_sar evi_mea ran_mea div_max nmi_mea ran_max 
9 flo_sar tba_mea evi_max div_min dif_min ran_mea bee_mea 

10 vdr_min vdr_min evi_min nmi_min can_tal for_sar dif_mea 
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Table 5.3. Continued 
        

Rank WEVI WEWA WOTH YBCH YTWA     
1 nm2_mea nmi_min gap_are nm2_mea eve_sar   
2 sde_mea nmi_mea gap_num tba_mea evi_min   
3 tba_mea slo_mea ran_mea sde_mea tba_mea   
4 tde_mea for_sar std_max chm_mea chm_ske   
5 vdr_mea slo_std can_hig tde_mea dif_mea   
6 chm_mea nmi_max can_tal vdr_mea ele_mea   
7 div_mea nm2_mea std_mea div_mea nm1_mea   
8 div_max can_tal chm_max std_mea evi_mea   
9 for_sar nm1_mea bee_std sde_std wpr_mea   

10 ran_mea chm_max nm2_mea ran_mea dif_min     
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Table 5.4. Moran’s I coefficients of the residuals of Random Forests models used to 
predict the abundance of selected species (*P <0.05; see Table 5.2 for common and 
scientific names). 

  Lag distance 
Species 500 m 1,000 m 1,500 m 2,000 m 2,500 m 
PRAW 0.02 0.03 0.07* -0.02 -0.04 
YBCH 0.12* -0.05 0.15* -0.05 0.03 
INBU 0.02 -0.05 -0.08* -0.01 0.02 
BWWA 0.01 -0.04 0.03 0.01 0.01 
ACFL 0.01 -0.02 -0.01 -0.03 -0.07* 
EATO -0.05 -0.02 0.05 -0.07* -0.02 
OVEN -0.06 0.05 -0.02 0.01 -0.02 
COYE -0.03 0.05 0.03 -0.01 -0.01 
WEVI -0.03 -0.03 0.03 0.01 0.03 
PIWA 0.09* 0.03 0.01 0.01 -0.02 
WOTH 0.04 -0.03 -0.02 -0.02 0.01 
REVI -0.04 -0.04 -0.03 0.04 0.01 
NOCA -0.10* -0.04 -0.05 -0.02 -0.01 
LOWA 0.02 0.02 0.03 0.01 -0.01 
AMRE 0.02 0.02 0.01 0.05* 0.02 
YTWA 0.01 0.02 0.04 -0.02 0.01 
EAWP -0.01 0.01 0.03 0.01 -0.04 
FISP -0.01 0.11* 0.03 -0.03 -0.01 
HOWA 0.05 0.04 0.05 -0.05 -0.02 
WEWA 0.01 0.01 0.04 0.02 -0.05 
BAOR 0.01 0.03 0.06* -0.01 -0.03 
CARW -0.03 -0.02 0.02 -0.02 0.03 
CERW 0.01 -0.04 -0.02 -0.06* -0.03 
SCTA 0.03 -0.04 0.01 0.01 -0.04 
RBWO -0.04 -0.04 -0.05 -0.05* -0.04 
KEWA -0.01 -0.04 -0.01 -0.01 0.01 
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Figure 5.1. Map of study area and locations of bird observation points, distributed among 
six study forests in a portion of the Central Hardwoods Region in southeastern Ohio. 
Also displayed on the map is the foliage height diversity index (FHD). 
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Figure 5.2. Percent variance explained (based on the pseudo-r2) by Random Forests (RF) 
for the prediction of 26 bird species abundances (see Table 5.2 for common and scientific 
names of the species codes plotted along the y axis). 
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Figure 5.3. Observed versus predicted abundances (based on out of bag samples) by all 
Random Forests models, collectively accounting for 63.28% (pseudo-r2) of the variance 
in species abundance across all species 
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Figure 5.4. Frequency of variable importance among the top-10 variables for each bird 
species (see Table 5.1 for variable descriptions). 
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Figure 5.5. Variation in the abundance of six bird species in relation to the compositional 
gradient captured in the NMDS2 variable. Low NMDS2 scores feature points of early-
seral habitats (often recent cut, young stands of regenerating canopy species intermixed 
with pioneer species), while high scores are characterized by floristically diverse, 
structurally complex forest stands with well-defined vertical strata, typically on mesic 
northeastern hillslopes. 
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Figure 5.6. Variation in the relationships between the compositional gradient captured in 
the NMDS2 floristic variable and three structural variables (correlations are significant at 
P = 0.05). 
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Figure 5.7. Frequency of variable importance among the top-10 variables for each species 
compiled by variable type (Flo = floristics; Str = vegetation structure; Cov = cover type; 
Pro = productivity; Ter = terrain) and source. 
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Figure 5.8. A close-up look at the spatial predictions of bird abundance for four species in 
selected study forests. A hill shade model is displayed in the background and roads and 
streams are shown as gray and blue lines, respectively (See Table 5.2 for common and 
scientific names of the species codes). 
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Chapter 6: Predicting and Describing Avian Assemblage Composition in a Managed 
Forest Landscape: A Community-first Approach 

Abstract 

Predictive modeling has become an established tool in ecology and conservation 

by projecting species distribution patterns across broad geographic extents. It is becoming 

increasingly important to evaluate these patterns in a collective sense due to global 

biodiversity loss and its direct impacts to ecosystem function. We developed a model of 

avian compositional turnover across a mixed-use, forested landscape in southeastern 

Ohio. Field samples of 63 bird species from a total of 328 point samples were ordinated 

onto three non-metric multidimensional scaling ordination axes. Next, Random Forests 

models were tuned with 73 remotely-sensed forest habitat features, including canopy 

height, vertical profiling, and floristics, to predict avian ordination scores and species 

richness. The remotely-sensed variables explained 25-26% variance in species richness 

and 23-69% variance in compositional patterns of the avian assemblages. Predicted 

ordination scores of the 2016 models were merged into a RGB color composite to depict 

species turnover in terms of color, in which the color values represent the turnover and 

taxonomic composition of avian assemblages across the study area. Next, we evaluated 

the degree to which individual, species-level inference could be derived from the 

ordination values. For this, we compared the area under the receiver operating 

characteristic curves (AUC) of individual species models, also parameterized with 
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Random Forests using the 2016 data, versus distances of mapped pixels to a species 

centroid in the “community-first” ordination model with detection/non-detection 

observations in the 2015 data. Permutation tests revealed that species-level predictions 

between individual species distribution models and the community-level, ordination 

model were similar for 21/29 species considered in the analysis. Our results demonstrate 

the usefulness of community-level modeling employing this community-first strategy to 

both represent patterns of biodiversity in a collective sense and for the depiction of 

individual species distributions. Moving forward, these models will assist in improved 

management of forest resources in our study area. 

Introduction 

Many species have sustained rapid population and distribution changes as a result 

of unchecked habitat loss and climate change (Sala et al. 2000). Knowledge of the spatial 

distribution of biodiversity is required for effective conservation assessment and planning 

against accelerating habitat modification and climate change (Margules and Pressey 

2000). Predictive spatial models are well established tools in ecology and conservation, 

helping to identify where and under which scenarios these perturbations are likely to 

further impact species diversity and evaluate the potential success of alternative 

management strategies (Segurado and Araújo 2004, Guisan and Thuiller 2005, Elith et al. 

2006). The most popular approach to such modeling has focused on the extrapolation of 

statistical relationships between the, usually sparse, occurrence (or abundance) data of 

individual species and remotely-mapped environmental attributes to map species 

distributions across very large regions of interest (Guisan and Zimmermann 2000, Guisan 
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and Thuiller 2005, Guisan et al. 2013). These efforts usually conclude without combining 

or producing information at the community level, despite an otherwise comparably longer 

history of such community-level modeling and the rich array of possibilities for spatial 

modeling of biodiversity in general (Franklin 1995, Ferrier 2002, Ferrier and Guisan 

2006). As a result, the spatial distribution of assemblage structure and composition is 

unknown for most regions despite its importance to ecological function and the 

provisioning of ecosystem services – which has garnered considerable interest to sustain 

human well-being into the future (Cardinale et al. 2012). 

Ferrier and Guisan (2006), in their review, defined community-level modeling as 

any strategy that (i) combines data from multiple species and (ii) produces information on 

the spatial distribution of assemblage structure or composition in a collective (or 

emergent) sense instead of, or in addition to, the level of individual species. In their 

review, they identified several strategies and statistical approaches to community-level 

modeling, and by far (not surprisingly) the most common manifestation is that of local 

species richness (i.e., alpha diversity). This may be accomplished by either treating the 

numbers of species encountered at sampled locations as univariate responses in predictive 

models (e.g., Goetz et al. 2007, Lesak et al. 2011) or by combining information across 

multiple individual species models (e.g., Iverson and Prasad 1998, Dubuis et al. 2011, 

Gastón and García-Viñas 2013). However, species richness is likely to be of little 

conservation value in most applications because richness does not include information on 

the types of species present or whether sites with similar numbers of species share any 

compositional similarity. Additionally, spatiotemporal variation in ecological 
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communities likely varies more dramatically by changes in assemblage composition (i.e., 

beta diversity) rather than alpha diversity (Ferrier et al. 2007, Dornelas et al. 2014). Thus, 

improved modeling of biodiversity must take into account novel integrations of 

multivariate statistical approaches with predictive spatial modeling that include 

information on assemblage composition, which is subsequently better tied to ecosystem 

function (Cardinale et al. 2012, Pettorelli et al. 2016b). 

For community-level modeling, the treatment of biodiversity at the community-

level first (referring to “community-first” strategies) may confer substantial benefits, in 

particular with data sets that include a large number of infrequently detected species, 

because these approaches typically make use of all available data across all species 

(Ferrier and Guisan 2006). Moreover, the process of modeling individual species 

distributions one at a time is time-consuming, rare species are often excluded from 

analysis for statistical reasons, and species-level models assume individual responses to 

environmental gradients without factoring in the potential interactions (either forces of 

attraction or exclusion) between species. Many community-level approaches also directly 

or, in most cases, provide a basis for predicting distributions of individual species, 

potentially replacing the need for species-level modeling altogether in some instances. 

For example, by predicting ordination axes coordinates and calculating the distances of 

mapped grid cells to a given species’ centroid in ordination space, potential species 

distributions may be depicted in addition to compositional variation expressed by the 

ordination gradients (Guisan et al. 1999, Ohmann and Gregory 2002, Dirnböck et al. 

2003). 
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The vast array of pattern recognition techniques and multivariate extensions of 

various regression-based statistical algorithms (multivariate regression trees, multivariate 

artificial neural networks, multivariate adaptive regression splines, etc.) may be applied 

to community-level predictive spatial modeling with varying output (alpha versus beta 

diversity) depending on the approach selected. However, no single approach is likely to 

be optimal in all situations. A few recent examples have compared the effectiveness of 

single species- versus community-level modeling to both predict some level of 

community diversity and individual species distributions for a variety of taxa. However, 

most examples were conducted at very broad spatial resolutions (10-50 km; Baselga and 

Araújo 2009, Chapman and Purse 2011), where species-level models provided better 

accuracy for individual species regardless of rarity. Community-level models, in turn, 

offered highly simplified representations of community diversity. Unlike the previous 

two examples, Elith and Leathwick (2007) found that community-level models 

performed slightly better than species-level models in predicting distributions of 

individual species, but only at finer resolutions (<1 km) for plants, birds, mammals, and 

reptiles. Bonthoux et al. (2013) was the only example that assessed the performance of 

species- versus community-level models at the scale of individual bird observation 

points. They found that while species-level models performed better overall, community-

level models provided slightly better predictions of rare species. Clearly, the reliability of 

community-level modeling requires further examination, particularly at the scale of 

individual management units (<4 ha) where species interactions are likely to arise. 
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A gradient-based approach to visualizing the continuous spatial pattern in beta 

diversity that aligns with community-level modeling was described by Thessler et al. 

(2005), in which individual predictive maps of the main three axes of an ordination, 

representing taxonomic turnover of species assemblages, are merged to a RGB color 

composite by rescaling coordinates of each axis to 8-bit color bands (such as axis 1 to the 

red, axis 2 to the green, and axis 3 to the blue channels, respectively). The color values on 

the map of the combined image then correspond to distinct species assemblages related to 

their positions within the original ordination. The spatial turnover in community 

composition is interpreted by the rates in change of color across the prediction area 

(Thessler et al. 2005, Ferrier et al. 2007). This approach offers a highly simplified way of 

mapping multiple species distributions together at once, while also more realistically 

capturing spatial variation in community diversity that can be composed of both fuzzy 

transitional boundaries or discrete breaks between communities within the same 

landscape (Austin 1985, 1999, Manning et al. 2004). This avoids some of the 

shortcomings of conventional supervised classifications (such as numerical classification 

– the longstanding approach used to mapping vegetation [Verrelst et al. 2009] and land 

cover [Schetter and Root 2011]) that rely on the discretization of “pure” or homogenous 

coverage of species compositions or land cover along usually continuous remotely-sensed 

habitat measurements and across otherwise potentially complex environmental gradients 

that are sometimes not easily classified due to these intricacies (Schmidtlein and Sassin 

2004). Gradient mapping has experienced a growing number of applications in vegetation 

mapping by combining ordination with spectral reflectance data at medium and fine 
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resolutions (e.g., Schmidtlein et al. 2007, Feilhauer et al. 2011), in which plant species 

composition is displayed as continuous fields across seemingly homogenous landscapes 

(Thessler et al. 2005). No examples to our knowledge have combined such an approach 

with advanced remote sensing technologies that aim to quantify derivatives of habitat 

characteristics, particularly vegetation structure and floristic characteristics, for use in 

mapping spatial patterns of avian assemblage composition. 

Advanced remote sensing technologies, such as LiDAR, and their combined use 

with other existing technologies, such as spaceborne multispectral imagery, in predictive 

models, referred to as multi-sensor fusion, have the potential to improve maps of 

biodiversity and our understanding of species-environment relationships. Here, each 

remote sensing data set provides complementary attributes not available to any one 

technology (Hall and Llinas 1997, Goetz et al. 2010, Swatantran et al. 2012). Vegetation 

structure is typically regarded as the most important factor affecting habitat use of 

wildlife, particularly birds (MacArthur and MacArthur 1961), and both horizontal 

(typically related to the extent and relative fragmentation of various vegetation classes) 

and vertical aspects of vegetation have proven useful in quantifying bird distributions 

(Swatantran et al. 2012, Farrell et al. 2013) and diversity (Culbert et al. 2013). LiDAR 

allows for the objective, characterization of the vertical dimension of vegetation at very 

fine resolutions, whereas multispectral data, typically that of Landsat imagery, have long 

been used to quantify vegetation phenology (Chandler and Hepinstall-Cymerman 2016) 

and vegetation and land cover type (Schetter and Root 2011). Before LiDAR, wildlife 

conservation was limited by differences in the spatial resolution and extent of species-
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habitat relationships derived from fine scale field-based and predictive modeling studies 

(Barnes et al. 2016). However, LiDAR bridges this gap by offering data that not only 

may be used to quantify wildlife habitat across broad extents, but may be used as a 

substitute to conventional field-based measurements of habitat characteristics (Barnes et 

al. 2016). The use of advanced remote-sensing technologies with gradient-based mapping 

approaches to community-level modeling for habitat-based assessments of wildlife 

conservation requires examination. 

We conducted this study to quantify compositional patterns of breeding birds 

using the gradient based approach (i.e, spatial beta diversity model) in a predominately 

forested landscape in sutheastern Ohio. Our objectives were: (i) to test the feasibility of 

community-level modeling, particularly faunal gradients, for conservation, and (ii) to 

determine if community-level entities, such as axes of compositional variation, used to 

map patterns in biodiversity, can also be used to infer information on the distributions of 

individual species and whether these predictions perform as accurately as individual 

species-level models. Our modeling procedure followed that of the “assemble first, 

predict later”, community-first strategy of Ferrier and Guisan (2006), in which we 

performed a three-dimensional ordination of bird observation data and built predictive 

models for each axis independently to better understand the factors potentially structuring 

assemblage composition along each faunal gradient. We used the ensemble-learning 

method, Random Forests (Breiman 2001, Prasad et al. 2006),  to predict species richness, 

compositional variation, and individual species distributions as a function of remotely-

sensed and modeled variables. We finally describe the underlying environmental 
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gradients most important in structuring avian assemblage composition in southeastern 

Ohio by assessing importance of each predictor. 

Methods 

Study Area 

We defined a 5,088.6-km2 area concentrated around six, predominately-forested 

and publicly-owned, study sites located in southeastern Ohio as the extent of our 

predictive models (Figure 6.1). These forests are owned by the Ohio Department of 

Natural Resources (ODNR) and include Hocking State Forest, Lake Hope State Park, Tar 

Hollow State Forest, Vinton Furnace State Experimental Forest, Vinton Furnace Wildlife 

Area, and Zaleski State Forest. This area is predominantly forested, includes portions of 

11 counties, and is located primarily within the unglaciated Allegheny Plateaus 

physiographic region of Ohio (ODNR Division of Geological Survey 1998). 

These forests are primarily second-growth stands recovering from several 

anthropogenic disturbances that include intensive logging, notably from a short-lived iron 

industry in the mid-nineteenth century, and agricultural abandonment in the twentieth 

century (Widmann et al. 2014). The topography is mostly unglaciated with dissected 

valleys. Floristic composition is driven by topographic position which determines 

moisture regime and solar exposure (Hix and Pearcy 1997, Martin et al. 2011). Sites with 

more northerly exposures are dominated by mixed-mesophytic species, such as 

Liriodendron tulipifera, Acer rubrum, Acer saccharum, Fraxinus americana, and Fagus 

grandifolia, whereas opposing south-facing slopes and ridge tops are dominated by 

various oaks, such as Quercus alba, Q. velutina, Q. montana, and hickories, such as 
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Carya tomentosa, and C. glabra. Additional species include Nyssa sylvatica, 

Oxydendrum arboreum, and Q. rubra. The understory strata, particularly in mesic sites, 

include Lindera benzoin and/or Asimina triloba; xeric upper slopes and ridges feature 

Smilax rotundifolia. 

Bird Data 

Bird observation data were collected during the peak of the breeding season 

(May-July) in 2015 and 2016 from 334, 75-m radius plots (1.77 ha) using the point count 

method (Ralph et al. 1995). We used a generalized random tessellation stratified 

sampling design to distribute an original sample of 307 plots to ensure representative 

geographic coverage across our study area (Stevens and Olsen 2004). Plots were non-

overlapping (>150 m apart) and positioned <400 m of a road to assist surveys over the 

two-month sampling period. An additional stratified-random sample of 27 plots were 

drawn and surveyed in 2016 that attempted to better capture landscape variation in 

cerulean warbler (Setophaga cerulea) habitat (a focal species in our overall study). 

Several points were impacted by timber harvesting and excluded from analysis for a final 

sample of 328 plots used in this study: 277 were surveyed in both years, 26 only in 2015, 

and 25 only in 2016. 

Bird surveys followed standard point count protocol in which counts of all birds 

seen or heard over a 10-minute survey period were conducted by trained observers within 

each plot, three times per year with alternating observers and at least two weeks 

separating visits to help reduce observer bias and balance spatiotemporal coverage, 

respectively. Surveys began half-hour before sunrise and continued for approximately 
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five hours on days with favorable weather without heavy wind or rain. We summed 

detections within plots, excluding flyovers, over the three visits in each year as an index 

of abundance for each species to characterize the community composition of our plots. 

We restricted our analysis to diurnal species that are known to breed in southeastern 

Ohio, and excluded galliformes, raptorial, and obligate water species because of 

differences in scales of habitat use, as is typically done with point count data (e.g., 

Lichstein et al. 2002). Our final data set included 63 species of the 96 species recorded 

(Appendix L: Table L.1). 

Vegetation Surveys 

Vegetation surveys (n = 699 plots) were also conducted within the extents of 

some of the bird observation plots (n = 284) and used to develop several habitat variables 

(Chapter 4). Arrays (3x3 plots) of vegetation plots were distributed around the center of 

each bird plot. From each array, either two or three vegetation plots were sampled. The 

vegetation surveys included counts of woody plant taxa (species/genera) in two stem size 

classes: small stems (<8 cm diameter at breast height [DBH]) were recorded in a nested 

100 m2 quadrat, and large stems (≥8 cm DBH) were recorded in a full 400 m2 quadrat. 

Structural (local stem densities [stems ha-1] and basal areas [m2 ha-1]) and floristic 

characteristics (richness [number of woody plant taxa], diversity [Shannon’s index], and 

floristic gradients from an ordination) were derived from these data and extrapolated 

across the study area with predictive models using Landsat imagery and terrain variables 

(see Overview and Multispectral Data). 

Remote Sensing Data 
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Data Overview 

Remote sensing data were used to quantify a total of 73 variables (largely means 

and standard deviations [SD]) from 23 habitat attributes, including cover, structure, and 

floristic chracteristics (Table 6.1). The two remote sensing data sources were 

multispectral data from Landsat 8 (https://earthexplorer.usgs.gov/) and discrete return LiDAR 

data from the Ohio Geographically Referenced Information Program (OGRIP; 

http://ogrip.oit.ohio.gov/Home.aspx/). 

Multispectral Data 

Four Landsat 8 images (path 19, row 33) were acquired from the USGS data 

archive, dating back to 2013 when the platform became operational (temporally 

corresponding with field campaigns within a 3-year window). After a thorough search of 

the archive, spring (12-April-2017), summer (10-June-2015), autumn (24-September-

2013), and winter (5-February-2016) images were selected. These images captured the 

seasonal variation in surface reflectance across the study area for more effective 

ecological characterization. Capturing the phenological phases of vegetation through 

multiseasonal imagery improves the characterization of forest stand volume (Chrysafis et 

al. 2017), vegetation composition (Savage et al. 2017), and image classification (Zhu and 

Liu 2014) from satellite-based optical data. Surface reflectance products were 

downloaded for each image and reflectance values were topographically-corrected for 

visually apparent hill shadows resulting from terrain-induced solar illumination effects. 

We selected the empirical-statistical method after a test of several such options and 

because of its performance in a recent review (Sola et al. 2016). We used the topCor() 
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function in the RStoolbox package (Leutner et al. 2018) in the R statistical environment 

(https://cran.r-project.org/) and a LiDAR-derived digital terrain model (DTM, see LiDAR 

Data) to perform the topographic corrections on each image. 

We developed a land use/land cover model of the study area using remote sensing 

data fusion (Landsat-LiDAR), from which the distribution of vegetation cover types (area 

and number of patches) were obtained for each plot (Chapter 3). We calculated the 

Enhanced Vegetation Index (EVI) and Normalized Difference Moisture Index (NDMI) 

from the summer (leaf-on) image, measuring the greenness (i.e., productivity) and 

moisture content of the vegetation. An additional EVI was calculated from the winter 

(leaf-off) image and subtracted from the leaf-on EVI for detecting productivity change as 

a measure of deciduousness (∆EVI).  

We next obtained the detailed floristic composition of woody plant assemblages 

at each plot using an ordination-regression approach (Chapter 4). Plot-level vegetation 

data (collected during avian sampling at the same locations) were ordinated onto three 

non-metric multidimensional scaling (NMDS) ordination axes and predicted across the 

landscape with the imagery and terrain data. NMDS1 discriminated xeric versus mesic 

assemblages; NMDS2 was related to stand age and forest maturation, with increasing 

values corresponding to increasingly-diverse assemblages with complex vertical profiles; 

and NMDS3 differentiated a longitudinal gradient in floristic composition, related to the 

underlying bedrock and terrain conditions across the study area. We also calculated, 

woody plant richness and diversity (Shannon’s index) using the same data. Finally, large 

stem (≥8 cm DBH) basal area (m2 ha-1), large stem density (stems ha-1), and small stem 
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(<8 cm DBH) density (stems ha-1) were modeled from the vegetation data and the 

imagery/terrain data. 

LiDAR Data 

The study area was scanned in 2007 using the Leica ALS50 digital discrete-return 

LiDAR system and made publicly-available by OGRIP. Collection protocols were 

designed to meet an approximate vertical accuracy of 0.15 m root mean square error and 

a 2.13-m point spacing with a maximum of two returns pulse-1. The final LiDAR data set 

of isolated ground and vegetation returns had an average spacing and density of 1.27 m 

and 0.27 returns m-2, respectively. We developed 10 spatial grids, comprising various 

structural properties of the vegetation at the plots. The DTM was developed by 

interpolating the minimum elevation values of ground returns at a 5-m resolution, while 

the digital surface model (DSM) was generated using maximum ground or vegetation 

height returns. Using the DTM, we calculated the variation in elevation, slope, and aspect 

of the plots. Aspect was represented with the Beer’s transformed aspect index (Beers et 

al. 1966), converting the circular aspect values to an index that ranges from 0 (xeric 

southwestern aspects) to 2 (productive, mesic northeastern aspects). A canopy height 

model (CHM), representing the maximum canopy height surface, was calculated by 

subtracting the DTM from the DSM. We replaced height values >50 m and <0 m 

(<0.01% of all pixels) that can result from atmospheric obstructions or machine errors 

using a mean filter of neighboring cells. Approximately 5% of the total area within the 

study forests was harvested after LiDAR acquisition. Within the extents of these harvests, 
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we replaced pixels of the CHM with a canopy height representative of the conditions 

during field surveys (1.6 m). 

The distribution of canopy gaps were mapped using the corrected-CHM and a 

threshold technique that identified clusters of pixels composed of short vegetation that 

were surrounded by pixels of taller vegetation that met specified height criteria (Gaulton 

and Malthus 2010, Barnes et al. 2016). We classified canopy gaps as pixels that 

contained maximum vegetation heights <12 m that were located within a 17.5-m radius 

neighborhood with a median height value >24 m. Finally, the variability in the vertical 

characteristics of the LiDAR returns were summarized to spatial grids of 15-30 m 

resolutions (resolutions selected to ensure sufficient return sample sizes). Point clouds 

were normalized to elevation values from a high resolution DTM (0.75 m) and corrected 

for spurious height values (>50 m and <0 m) and for the timber harvests before being 

summarized to the spatial grids. In particular, MacArthur’s foliage height diversity index 

(MacArthur and MacArthur 1961) was replicated by clustering returns within three 

vertical layers, 0-5, 5-25, and >25 m, and calculating the diversity (Shannon’s index) of 

returns throughout the vertical profile of each pixel: -∑pi ln pi; where pi is the proportion 

of the total LiDAR returns within the ith vertical layer. LiDAR processing utilized several 

functions in the raster (Hijmans et al. 2017) and rLiDAR (Silva et al. 2017) packages in 

R. Additionally, we obtained a flowlines layer (https://nationalmap.gov/) and transformed 

it into a spatial grid to summarize the proximity of points to streams/rivers. All layers 

were projected in NAD 83 UTM zone 17N. Geolocational errors were greatest for the 

imagery, but still less than one 30-m pixel (<9 m). 
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Community Analysis 

We approached our community-level modeling from the community-first strategy 

of Ferrier and Guisan (2006), where community-level entities (axes of compositional 

variation and species richness) were quantified for survey locations, and then modeled as 

functions of the remotely-derived variables. We treated each year’s bird counts separately 

in our predictive modeling, but utilized the entire bird data set, comprising 605 plot-by-

year combinations, in a single ordination so that both year’s predictive models could be 

compared directly within a similar ordination solution (Feeley et al. 2011). We performed 

a NMDS ordination with three axes on a matrix of Bray-Curtis (BC) dissimilarities based 

on the summed counts of species over the three visits in a year for each plot. We chose 

BC dissimilarity over other such indices because of its robustness to ecological data often 

composed of sparse species occurrences (McCune et al. 2002). We used the metaMDS() 

function in the vegan package in R (Oksanen et al. 2018) using a maximum of 500 

random starts. The ordination converged on a global solution after 168 iterations with a 

stress value of 0.20 (Figure 6.2). The final solution was rotated using a principal-

component rotation so that the previously arbitrary axes were transformed into 

orthogonal, hierarchical gradients of compositional variation. Species scores were added 

to the ordination as the weighted (by species counts) averages of the site scores. 

Predictive Modeling 

Modeling strategy overview 

We partitioned our 605 plot-by-year data set, which included species counts, axis 

scores from the NMDS ordination, and calculated species richness for each bird 
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observation plot, into two partitions based on year: 2015 (n = 303) and 2016 (n = 302). 

Next, we fitted Random Forests models to each year’s data set for the three axis 

dimensions and calculated species richness (eight total models). We evaluated model 

performances using out of bag error rates without making predictions onto separately 

withheld test data because these errors were similar to results obtained with independent 

test data. Model performance was evaluated with the pseudo-r2 and variable relative 

importance of predictors was quantified. We evaluated the capacity for community-level 

modeling, axes of compositional variation, to depict individual species distributions using 

the Euclidean distances of mapped grid cells to a species centroid in ordination space. 

This was done by building individual species models (also Random Forests) using the 

2015 and 2016 data as testing and training data sets, respectively. Axes scores and 

probability of occurrences of individual species models calibrated with the 2016 data 

were predicted onto the 2015 data, and the area under the receiver operating characteristic 

curve (AUC) between these predictions (note: using calculated distances of predicted axis 

scores to each species centroid in ordination space as an estimate of habitat distribution 

for the axes models) and observed detection/non-detection data in 2015 were used to 

examine the utility of community-level modeling, using species-level modeling as a 

baseline for comparison. 

Random Forests 

We chose the ensemble-learning algorithm Random Forests (RF; Prasad et al. 

2006, Cutler et al. 2007) for predictive modeling, using the randomForest package in 

program R (Liaw and Wiener 2002). The RF routine combines predictions of many 
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hundreds to thousands of classification or regression trees (in this study 1,000) using 

cross calibration and bootstrap aggregation of random samples of the input data. Each 

tree is constructed with 37% of the data randomly withheld “out of bag” in which 

responses of each individually grown tree are predicted onto. Out of bag error rates are 

then averaged and provide an estimate of quasi-independent cross-validated error for the 

final RF model; thus, it is typically not necessary to withhold data for model testing 

(Cutler et al. 2007). Additionally, the splitting criteria selects the best predictor from a 

random sample of 1/3 (default for regression) or sqrt(y) (default for classification) of the 

possible predictors rather than the best predictor overall at each node. This combination 

of randomness often makes RF predictions more accurate, particularly into novel 

parameter space, over other such methods without overfitting the model (Prasad et al. 

2006, Iverson et al. 2008). Combined with capacity of decision trees to analyze 

potentially complex non-linear or hierarchical interactions while making no assumptions 

about the relationships between predictor and response variables, RF models are well 

suited to large ecological data sets.  

We constructed four RF models based on the three NMDS axes and species 

richness for each year, resulting in eight total models for community-level predictive 

modeling. We assessed prediction accuracies using percent variance explained based on 

the pseudo-r2 (r2 = 1 – MSE/var[y]; MSE is the mean square error between predicted 

versus observed values [y] from the out of bag observations). We calculated variable 

relative importance as the change in MSE on withholding a given predictor from out of 

bag predictions where large increases in MSE indicated high variable importance. We 
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performed a separate analysis testing the degree to which out of bag errors estimated 

cross-validated errors by calibrating models using 75% of the data from the year 2015 

and predicting responses onto the remaining 25% of data in that year. This analysis 

indicated that out of bag error rates provided similar estimates of confidence as 

independent test data, and that our decision to not withhold test data for these models was 

justified. 

Individual Species Distributions 

Our primary objective was the construction of a gradient-based beta diversity 

model of forest breeding birds in our study area and the evaluation of remotely-sensed 

forest variables in explaining and mapping avian assemblage composition. We also 

sought to assess the utility of extracting individual species distributions from these 

models using the distance based approach introduced by Guisan et al. (1999). We 

modeled selected species distributions using the Euclidean distance, in ordination space, 

of each grid cell to a species centroid based on predictions from the 2016 axes models. 

Distances were rescaled to units SD of each species centroid (Guisan et al. 1999). The 

utility of this approach to model individual species distributions was evaluated by making 

predictions of these models onto the 2015 data. Species distribution models of each of 

these species were also parameterized using the classification RF model using the 2016 

data, and probabilities of occurrence of each species were predicted onto the 2015 data as 

well. The AUC was used to evaluate model accuracy of the distance-based approach and 

species-level predictions using detection/non-detection observations from 2015. 



 

205 
 

Permutation procedures were used to determine if differences between the AUC values 

between methods were statistically significant at P <0.05 (Robin et al. 2018). 

Results 

Gradient Map 

The remotely-sensed forest attributes explained 23-69% of the variance in 

avifaunal composition gradients (Figure 6.3). Except for the third axis in 2015, 

compositional gradients were modeled more accurately than species richness in both 

years (25-26% explained variance). Variables on floristics (NMDS1 and NMDS2 of 

forest composition), terrain conditions, forest cover, and densities of large and small 

stems were identified as important variables for avifaunal modeling (Figure 6.4). Partial 

dependence plots of these variables captured functional relationships across the models 

(Figure 6.5). Variable importance ranks of species richness models were less consistent 

between years, with densities of small and large stems and terrain conditions being 

important. 

Merging the predicted axes values of the 2016 models to a RGB color composite 

depicts compositional turnover of birds across the study area (Figure 6.6). An 

approximate species composition can be inferred by inspecting the species centroids in 

the figure legend. The light-greenish hues correspond to avian assemblages on mesic, 

steep hillslopes with complex vertical strata. The bright-yellowish hues signal species 

assemblages of floodplains. Early-successional species assemblages appear in blue color. 

Finally, the red hues correspond to species assemblages found among pine plantations 

and native evergreen stands. 
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Species Distributions 

A total of 21/29 species considered in the analysis were predicted with similar 

accuracy as the individual species distributions according to the community-level model 

(Table 6.2, see Appendix L: Table L.1 for common and scientific names). Across all 

species the mapping of these distributions captures similar patterns between 

methodologies despite the different procedures (Figure 6.7). Species-level models were 

more accurate for American redstart (Setophaga ruticilla), cerulean warbler, eastern 

towhee (Pipilo erythrophthalmus), gray catbird (Dumetella carolinensis), indigo bunting 

(Passerina cyanea), northern cardinal (Cardinalis cardinalis), pine warbler (Setophaga 

pinus), and worm-eating warbler (Helmitheros vermivorum). 

Discussion 

Gradient map 

We developed an avifaunal gradient map across our study area with two primary 

objectives in mind. First, we wanted to determine if faunal gradient mapping was 

possible from a habitat-based perspective. We accomplished this objective by deriving a 

suite of variables we hypothesized or were previously shown to be important 

determinants of habitat quality for forest birds from optical and LiDAR remote sensing 

data. These variables included canopy height, vertical profiles of vegetation, vegetation 

and land cover, vegetation indices (e.g., EVI), and, importantly, floristic characteristics. 

The RF models were used to relate ordination axes and species richness patterns at 

sampled plots to these variables with varying degrees of accuracy, depending on the year 
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and community-level entity (axes or richness) modeled, and the results of these models 

were compared. 

Remotely-sensed habitat variables explained less variation in species richness 

than models based on ordination axes of compositional variation. Explained variance in 

avian richness was consistent with other studies using LiDAR-derived vegetation 

structural variables, despite differences in statistical models (Goetz et al. 2007, Lesak et 

al. 2011). The poorer accuracy in richness models (and other similar studies) is both 

surprising and unsurprising. First, early work by MacArthur and MacArthur (1961) 

concluded that forest bird diversity was related to the structural diversity of forest 

canopies. More variation in vertical cover is thought to include more potential niche 

space and subsequently more species. The use of LiDAR to capture variation in vertical 

vegetation structure, particularly the diversity of such variables tested, towards this end 

surprisingly does not greatly enhance the explanatory power of species richness patterns, 

however. Second, this is unsurprising because assemblage patterns have been 

demonstrated to vary more by differences in species composition related to the 

individualistic ecological demands that form a given species niche (Hutchinson 1957) 

rather than species richness (Fleishman et al. 2006, Ferrier et al. 2007). Interestingly, by 

relating richness patterns of specific habitat guilds (e.g., forest, open, shrubland, etc.), the 

explained variance in species richness accounted for by statistical modeling was 

improved for Goetz et al. (2007). Although we did not inspect guild-specific richness in 

this study, the stratification of richness into guilds may help to improve models of 

richness by incorporating presumably shared habitat associations. A comprehensive 
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review of the utility or limitations of modeling richness was, however, not the scope of 

this study. We support the recommendations of other authors (e.g., Fleishman et al. 2006) 

that richness not be used in isolation, and our results demonstrate the relative 

effectiveness of compositional modeling in ecological and conservation applications. 

By summing relative importance values of variable metrics (typically minimum, 

maximum, mean, and SD) of each habitat variable, we determined that the most 

important variables were typically those that expressed variation in floristic 

characteristics of the forest stands. LiDAR-derived vegetation structural variables were 

not as important. Instead, structural variation in density and basal area of woody stems 

had more explanatory power. This is a very important finding, supporting the utility of 

Landsat-based applications of forest parameter quantification (Chrysafis et al. 2017). 

Compositional variation along each avifaunal axis was statistically independent from 

each other (i.e., orthogonal). However, this does not necessarily mean that each axis be 

associated with unique or unambiguous habitat features. The separate modeling of each 

axis allowed important habitat features to be selected multiple times by the RF models. 

The first applications of LiDAR in modeling forest bird response used only the 

CHM (Hinsley et al. 2006). Since then many additional variables have been derived that 

include crown diameters and stem densities of dominant and codominant trees. The 

spatial density of LiDAR data, which can be related to whether LiDAR is of discrete 

return (typically first-last return) or full waveform (multiple-return, full profile of 

intercepted objects), determines what variables may be derived. For instance, a large 

density (high resolution) of LiDAR is required to capture characteristics of the 
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understory, which is difficult to measure with large footprint data in which many points 

must penetrate the upper canopy. We were limited by the spatial density of LiDAR data 

(0.27 returns m-2) to include many of the newly developed metrics – other studies have 

utilized at least one point m-2 (Clawges et al. 2008, Swatantran et al. 2012, Barnes et al. 

2016). However, canopy height is consistently considered important in habitat models 

despite differences in resolution, and remains relatively unaffected by pulse density 

(Jakubowski et al. 2013). For example, Goetz et al. (2007, 2010) were able to model bird 

diversity and species habitat utilizing full-waveform LiDAR collected at a nominal 

footprint of 12 m, whereas Müller et al. (2010) modeled avian assemblage composition 

utilizing particularly small footprint, high resolution discrete return LiDAR at 25 points 

m-2. In general, the importance of spatial resolution decreases with increasing plot size. 

Thus, by summarizing information over a broader extent, low density LiDAR can be as 

effective as high-resolution LiDAR for applications requiring the use of a CHM at the 

very least. We also must be aware that many of the various habitat characteristics derived 

from LiDAR are clearly redundant, and a systematic evaluation of the appropriate 

resolutions (<1, 5, or 15 m etc.) and all the possible ways in which LiDAR may measure 

habitat characteristics is urgently needed. 

Clearly the simultaneous use of spectral data with LiDAR will improve model 

accuracy by including information on the bio-chemical and -physical characteristics of 

vegetation (Clawges et al. 2008, Goetz et al. 2010, Swatantran et al. 2012), which relate 

to vegetation type and function (Khatami et al. 2016). We utilized a vegetation 

classification of dominant (semi-) natural habitat types, vegetation indices, and detailed 
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floristic data, in our study in contrast to other LiDAR applications. Vegetation classes 

related to forest type (hardwood, floodplain, and evergreen) appeared as important 

variables in each axis model, which is consistent with other studies (Cushman and 

McGarigal 2004). Despite the relatively fine organizational level in which we studied 

(among stand), coarse cover types appear to provide strong generalizing support for avian 

assemblages. This was most likely the result of the large geographic range (with 

potentially greater diversity of habitat types) in which we conducted our study. A 

faunistic pattern related to hardwood forest cover is clearly redundant with vegetation 

structure such as canopy height (as interpreted by the partial dependence plots). However, 

relationships of avian diversity with other vegetation types that are differentiated more by 

changes in species composition of vegetation that are present in the subordinate axes of 

the ordination indicate that avian and vegetation composition are related in some manner. 

Debate exists over the relative importance of composition versus structure of the 

vegetation as predictors of avian assemblage composition (Anderson and Shugart 1974, 

Robinson and Holmes 1984, Fleishman and Mac Nally 2006) with ambiguity likely 

related to statistical technique and spatial scale (Müller et al. 2010). Nonetheless, the 

importance of the integrative nature of the effects of composition on structure and of 

structure on composition are likely at play, and was recently described for arthropod 

assemblages (Schaffers et al. 2008). The effects of vegetation composition on bird 

diversity requires further investigation because forests in our study area as well as 

hardwood forests of eastern North America are undergoing a compositional transition 

from disturbance-adapted oaks (Quercus spp.) and hickories (Carya spp.) to more 
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mesophytic species, such as red maple (Acer rubrum), as a result of altered natural and 

anthropogenic disturbance regimes (Nowacki and Abrams 2008). The strong support for 

interrelationships between avian and floristic assemblages in our results suggest that 

these two are intimately related. 

Individual Species Distributions 

Our second major objective, consistent with other evaluations, was to assess the 

capacity for community-level modeling to predict individual species distributions. To 

predict individual species from maps of ordination axes, we calculated the Euclidean 

distance (in SD units) between mapped axes scores and species centroids in the 

ordination space (Guisan et al. 1999). We chose to calibrate models from the 2016 

partition and use the 2015 partition as test data. Although spatially independent test data 

are typically considered ideal, the temporal dimension should not be overlooked when 

evaluating model performance onto new situations (Guisan and Thuiller 2005, Elith and 

Leathwick 2009, Rotenberry and Wiens 2009). 

The vast array of pattern recognition techniques and multivariate extensions of 

various regression-based statistical techniques (multivariate regression trees, multivariate 

artificial neural networks, multivariate adaptive regression splines, etc.) may be applied 

to community-level predictive spatial modeling with varying output (alpha versus beta 

diversity) depending on the approach selected. However, no single approach is likely to 

be optimal in all situations. A few recent examples have compared the effectiveness of 

single species- and community-level modeling to predict some level of community 

diversity and individual species distributions for a variety of taxa. Most examples were 
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conducted at very broad spatial resolutions (10-50 km; Baselga and Araújo 2009, 

Chapman and Purse 2011), in which species-level models provided better accuracy for 

individual species regardless of rarity while community-level models offered highly 

simplified methods of representing community diversity of some sort. Unlike the 

previous two examples, Elith and Leathwick (2007) found community-level models 

performed slightly better than species-level models in predicting distributions of 

individual species, but at finer spatial scales (<1 km) for plants, birds, mammals, and 

reptiles. Bonthoux et al. (2013) was the only study that assessed the performance of 

species- and community-level models at the scale of individual bird point samples, and 

determined that while species-level models performed better, community-level models 

provided slightly better predictions for rare species. Clearly, the reliability of community-

level modeling requires further examination, particularly at the scale of individual 

management units (< 4 ha) where species interactions are likely to arise. 

Conclusion and outlook 

We developed a gradient map of avian assemblage composition across our study 

area. Compositional variation was transferred to a three-dimensional ordination and each 

axis was modeled independently as a function of 73 metrics of various remotely-sensed 

variables summarized at local scales using RF models. Axes models were modeled more 

effectively than richness models (except for the 2015 NMDS3 axis). Variable importance 

values revealed novel findings with more support for floristic patterns and the use of 

multispectral data over LiDAR. Similar habitat characteristics were selected as important 

variables in axis models despite statistical independence (i.e., orthogonal), indicating that 
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certain habitat features are important in structuring faunal gradients no matter the 

dimension. The independent application of ordination and predictive modeling enabled 

questions into future research regarding relationships of avian diversity with vegetation 

type and diversity, and reinforced the utility of multi-sensor fusion of remote sensing 

technologies with complementary attributes not available in any one technology. We 

determined that gradient mapping approaches allow for the extrapolation of species 

distributions also. Community-level modeling provides for the accurate, expeditious 

spatial extrapolation of both patterns in biodiversity in a collective sense and for 

individual species distributions. Moving forward, we need both community- and species-

level models in ecological applications as both can provide unique pieces of the puzzle as 

we aim to conserve biodiversity. 
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Table 6.1. Predictor variables of forest parameters derived from the remote sensing data sets. 

Data 
(source) Type Variable Description 

(metric) n Resolution 
(m) Notes 

LiDAR 
(OGRIP) 

Vegetation 
structure chm 

Canopy surface 
height 

(max, mean, sd, 
skewness, kurtosis) 

5 5 

  

  

  can 

Canopy surface 
cover; 5 height 

intervals 
(5-12, 12-25, 25-35, 

and > 35 m) 

4 5 

  

  
  gap Canopy surface gaps 

(amount, number) 2 5 
  

  

  vdr 

Vertical distribution 
ratio; (max-

median)/median; 
(min, max, mean, sd) 

4 15 

  

  
  div 

MacArthur's Foliage 
Height Diversity 

(min, max, mean, sd) 
4 30 

  

  
  std SD of returns 

(min, max, mean, sd) 4 30 
  

  
  ran Range of returns 

(min, max, mean, sd) 4 30 
  

 
Continued  
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Table 6.1. Continued 
 

  Terrain 
ele Elevation 

(mean, sd) 2 5  

    
slo Slope 

(mean, sd) 2 5  

    
bee Beer's aspect 

(mean, sd) 2 5  

Landsat 8 
(USGS) 

Vegetation 
indices/ 
productivity 

evi 
Enhanced vegetation 

index 
(min, max, mean, sd) 

4 30  

    
dif Difference EVI 

(min, max, mean, sd) 4 30  

    

nmi 

Normalized 
Difference Moisture 

Index 
(min, max, mean, sd) 

4 30  

  Floristics 
nm1 

NMDS axis 1 of 
floristic variation 

(mean, sd) 
2 30 r2 = 0.61 

    
nm2 

NMDS axis 2 of 
floristic variation 

(mean, sd) 
2 30 r2 = 0.49 

    
nm3 

NMDS axis 3 of 
floristic variation 

(mean, sd) 
2 30 r2 = 0.25 

 
Continued  
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Table 6.1. Continued 
 

    
wpr Species richness 

(mean, sd) 2 30 r2 = 0.15 

    
wpd Shannon's Diversity 

(mean, sd) 2 30 r2 = 0.13 

  Vegetation 
structure 

tba 

Tree basal area 
(m2/ha) 

(≥8 cm DBH) (mean, 
sd) 

2 30 r2 = 0.33 

    

tde 

Tree density 
(stems/ha) (≥8 cm 

DBH) 
(mean, sd) 

2 30 r2 = 0.37 

    

sde 

Small stem density 
(stems/ha) (<8 cm 

DBH) 
(mean, sd) 

2 30 r2 = 0.31 

 
Continued  
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Table 6.1. Continued 
 

  Cover 
types for 

Deciduous Forest 
(amount, number of 

patches) 
2 30 86% total 

accuracy 

    
shr 

Evergreen Forest 
(amount, number of 

patches) 
2 30  

    
flo 

Floodplain Forest 
(amount, number of 

patches) 
2 30  

    
eve 

Shrublands 
(amount, number of 

patches) 
2 30  

    
wet 

Wetlands 
(amount, number of 

patches) 
2 30  

Streams/Rivers 
(The National 
Map) 

Other 
stm 

Distance to 
stream/river flowline 

(mean, sd) 
2 5  
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Table 6.2. Species considered for a comparison of individual-level inference drawn from 
species- and community-level modeling, including the proportion of point samples 
detected in either sample year, the area under the receiver operator characteristic curve 
(AUC), and level of statistical difference in AUC between modeling approaches (P = 
values) (see Appendix L for common and Latin names). 

  
Proportion of points 

detected:   AUC:   
Code 2015 2016   Species-level Community-level P 
ACFL 0.78 0.74  0.86 0.83 0.29 
AMGO 0.12 0.14  0.68 0.70 0.63 
AMRE 0.23 0.36  0.85 0.69 <0.01 
BAOR 0.04 0.10  0.73 0.77 0.61 
BRTH 0.03 0.04  0.68 0.64 0.72 
BTNW 0.07 0.08  0.77 0.71 0.40 
BWWA 0.14 0.18  0.86 0.86 0.89 
CERW 0.21 0.28  0.76 0.65 <0.01 
COYE 0.15 0.14  0.92 0.89 0.17 
EATO 0.75 0.73  0.74 0.63 <0.01 
EAWP 0.59 0.60  0.78 0.76 0.40 
FISP 0.05 0.07  0.93 0.95 0.35 
GRCA 0.08 0.10  0.80 0.61 0.02 
HOWA 0.86 0.88  0.71 0.69 0.70 
INBU 0.32 0.41  0.89 0.79 <0.01 
LOWA 0.12 0.21  0.79 0.74 0.25 
NOCA 0.37 0.40  0.74 0.62 <0.01 
NOPA 0.05 0.04  0.73 0.63 0.25 
OVEN 0.92 0.91  0.86 0.81 0.37 
PIWA 0.07 0.09  0.95 0.83 0.04 
PRAW 0.21 0.22  0.93 0.90 0.08 
RBGR 0.05 0.15  0.76 0.67 0.27 
REVI 0.98 0.99  0.91 0.93 0.58 
SCTA 0.83 0.81  0.63 0.71 0.10 
WBNU 0.61 0.61  0.61 0.65 0.32 
WEVI 0.24 0.24  0.86 0.78 <0.01 
WEWA 0.66 0.61  0.77 0.73 0.23 
WOTH 0.85 0.80  0.80 0.78 0.64 
YBCH 0.20 0.19   0.89 0.89 0.79 
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Figure 6.1. The study area, sampled forests, and locations of bird observation points in 
southeastern Ohio’s Central Hardwoods Region. The background is an example of one of 
the spatial predictors used in the study, the foliage height diversity (FHD) index. 
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Figure 6.2. Non-metric multidimensional scaling ordination results. The distances in 
NMDS space plotted against the original Bray-Curtis dissimilarities among pairs of 
sample points (a). Avian compositional variance transferred to NMDS axes 1-3 (b). 
Variation in point scores (c). Three-dimensional ordination diagram of point samples 
(dots) and species (squares), colored according to the RGB color combination (Red: axis 
1; Blue: axis 2; Green: axis 3) (d) as well as selected bird species (e) (see Appendix L for 
common and Latin names). 
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Figure 6.3. Observed versus predicted NMDS scores and species richness from Random 
Forests for the 2015 and 2016 data sets.  
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Figure 6.4. Variable importance rankings, based in the mean decrease in mean squared 
error, among Random Forests models tuned to the 2015 and 2016 data sets. 
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Figure 6.5. Fitted responses of avifaunal gradients in NMDS scores and species richness 
of Random Forests models for selected variables among the 2015 and 2016 data sets. 
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Figure 6.6. Spatial predictions of NMDS scores (2016 data set) merged into a RGB color 
composite for the mapping of avian taxonomic composition (Red: axis 1; Green: axis 2; 
Blue: axis 3), using species centroids (legend) to provide ecological context to the 
mapped color values (non-vegetated areas are masked by gray color in the full map) (see 
Appendix L for common and Latin names). 
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Figure 6.7. Species-level inference drawn from the spatial predictions of NMDS axes 
scores (from 2016) by tracking the per-pixel distances to a species centroid (scaled to unit 
SD) in ordination space. The shorter the distance, the closer a given pixel is to the species 
centroid in relation to its quantitative range in occupied volume within the ordination, 
serving as a proxy for habitat suitability (see Appendix L for common and Latin names). 
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 Study Area and Indicator Species Analysis 

We sampled the taxonomic composition of bird (species) and plant (species and/or genera 

of woody stems in two size classes) assemblages from point samples distributed among 

five study sites in an actively managed, mixed-use forest landscape (~1,300-km2 area), 

dominated by deciduous hardwoods, in southeastern Ohio’s Central Hardwoods (Figure 

A.1). A wide floristic and physiognomic spectrum was sampled to capture the broad 

variation in forest-associated habitat types encountered in the study area, maximizing the 

ecological coverage and comprehensiveness of the final data set, proven to be an 

important decision as many of the bird species have been shown to utilize a variety of 

forest types and growth stages across the breeding period (Vitz and Rodewald 2007). 

Ecological landtype (ELT) is used as a framework for generalizing forest 

community type and for the restoration of desired species assemblages due to the strong 

correlation of trees and shrubs to the topographic contours of the unglaciated Allegheny 

Plateaus physiographic region (Iverson et al. 2018). The ELTs recognized in this study 

are the following: 

1. Ridgetops and southwestern hillslopes 

2. Northeastern hillslopes 

3. Bottomlands 
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Figure A.1. Locations of the five forest study sites and 210 point samples (shaded by 
ecological landtype) used to sample the composition of bird and plant assemblages in a 
forested landscape in southeastern Ohio’s Central Hardwoods. 
 

The ELT data help to generalize the complexity in the forest assemblages, assisting the 

interpretation of patterns in the co-correspondence of avian and plant assemblages in this 

study. An indicator species analysis (Dufrêne and Legendre 1997) was further conducted 

to determine diagnostic plant taxa of the three ELTs using the labdsv package (Roberts 

2016) in the R statistical environment (https://cran.r-project.org/). Diagnostic plant taxa 

of relatively dry ridgetops and southwestern hillslopes featured Quercus spp, Smilax spp, 

Acer rubrum, and Vaccinium spp (Table A.1, Figure A.2). Mixed-mesophytic species, 
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Lindera benzoin, Acer saccharum, Ulmus rubra, and Fraxinus pennsylvanica, were 

indicative of northeastern hillslopes. For bottomlands, Rosa multiflora, Toxicdendron 

radicans, Betula nigra, and Acer saccharinum were examples of some indicator species, 

highlighting the range in past disturbances and ecological conditions (e.g., previously 

settled flat inlands and riparian zones) unique to this ELT. 

 

Table A.1. Indicator species of the predominant ecological landtypes, including indicator 
value (IV) and frequency of occurrence (f) out of the 210 point locations sampled in this 
study. 
 

Species/Genera Ecological landtype IV P f 
Rosa_multiflora Bottomlands points 31.74 0.004 81 
Toxicodendron_radicans Bottomlands points 22.26 0.019 48 
Ulmus_americana Bottomlands points 18.47 0.007 31 
Betula_nigra Bottomlands points 11.85 0.004 10 
Viburnum_dentatum Bottomlands points 10.76 0.047 18 
Acer_saccharinum Bottomlands points 8.82 0.004 6 
Cornus_amomum Bottomlands points 7.18 0.006 5 
Lindera_benzoin Northeastern hillslopes points 45.27 0.001 125 
Acer_saccharum Northeastern hillslopes points 36.68 0.016 138 
Ulmus_rubra Northeastern hillslopes points 28.99 0.005 73 
Fraxinus_pennsylvanica Northeastern hillslopes points 16.89 0.006 29 
Quercus_montana Ridgetops and southwestern hillslopes points 55.53 0.001 105 
Smilax_spp Ridgetops and southwestern hillslopes points 54.4 0.001 200 
Acer_rubrum Ridgetops and southwestern hillslopes points 50.64 0.001 195 
Quercus_velutina Ridgetops and southwestern hillslopes points 46.18 0.001 147 
Oxydendrum_arboreum Ridgetops and southwestern hillslopes points 45.27 0.001 116 
Sassafras_albidum Ridgetops and southwestern hillslopes points 41.91 0.001 105 
Nyssa_sylvatica Ridgetops and southwestern hillslopes points 39.53 0.018 171 
Quercus_alba Ridgetops and southwestern hillslopes points 38.91 0.043 159 
Amelanchier_arborea Ridgetops and southwestern hillslopes points 31.44 0.003 96 
Quercus_coccinea Ridgetops and southwestern hillslopes points 29.78 0.001 60 
Vaccinium_spp Ridgetops and southwestern hillslopes points 29.46 0.002 48 
Populus_grandidentata Ridgetops and southwestern hillslopes points 18.04 0.007 35 
Rhus_copallinum Ridgetops and southwestern hillslopes points 12.95 0.009 15 
Rhus_glabra Ridgetops and southwestern hillslopes points 11.6 0.019 18 
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Figure A.2. Schematic of ecological landtypes with lists of the corresponding indicator 
taxa, according to the indicator species analysis. 
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 Vegetation Structural Variables and LiDAR Data 

Field-derived ([F]) vegetation structural variables were generated using the data collected 

at the vegetation plots among the point locations. LiDAR-derived ([L]) structural 

variables were generated from publicly-available airborne discrete return LiDAR data 

from the Ohio Geographically Referenced Information Program (OGRIP; 

http://ogrip.oit.ohio.gov/Home.aspx; accessed 2014 October 13). The study area was 

scanned during the months of March-May (roughly leaf out phenological phase) in 2007 

using the Leica ALS50 digital LiDAR system at 2,225 m above mean terrain, a targeted 

flight speed of 170 knots, and an approximate 30% overlap in flight lines. Collection 

protocol were designed to meet an approximate vertical accuracy of 0.15 m root mean 

square error and a 2.13-m point spacing with a maximum of two returns pulse-1. Points 

were quality assessed and classified by the vendor. Point clouds were downloaded in 

LAS format in county sets, consisting of multiple 1,524 m x 1,524 m tiles, in NAD 83 

Ohio State Plane South Zone and NAVD 88 horizontal and vertical datums, respectively. 

The final LiDAR data set of filtered ground and vegetation points had an average point 

spacing and density of 1.27 m and 0.27 points m-2, respectively. We developed a canopy 

height model by subtracting a terrain model, utilizing interpolated mean elevation values 

of ground points, from a surface model, utilizing interpolated maximum elevation values 

of either ground or vegetation points. 
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Table B.1. Variables of the LiDAR- ([L]) and field-derived ([F]) vegetation structural 
predictor sets, including summary statistics of the 210 point samples used in the analysis 
to predict the species composition of avian assemblages (*Used in the computation of 
foliage height diversity and not directly as a predictor variable). 
 

Domain Variable Abbreviation Mean SD 

LiDAR, [L] Canopy max (CHM) chm_max 34.15 7.44 

 Canopy mean (CHM) chm_mea 21.20 6.89 

 Canopy SD (CHM) chm_std 7.00 2.55 

 Penetration ratio 0-2/0-50 m pen2_50 0.53 0.09 

 Penetration ratio 0-2/0-10 m pen2_10 0.88 0.07 

 Penetration ratio 0-1/0-5 m pen1_5 0.97 0.02 

 Foliage height diversity vegDiv 0.89 0.15 

       LiDAR points 0-5 m (no.)*       ... 146174.00 193559.17 

       LiDAR points 5-25 m (no.)*       ... 45574.00 12388.79 

       LiDAR points > 25 m (no.)*       ... 11929.00 18601.69 

Field, [F] All stem density (stems/ha) all_stem_den 13370.09 7240.55 

 Tree basal area (m2/ha) big_stem_bas 24.95 9.78 

 Canopy cover mean can_covr_mea 86.75 15.08 

  Canopy height mean can_heig_mea 22.52 5.79 
 



 

274 
 

 Lists of Field Sampled Taxa 

The tables below provide lists of the bird species and plant taxa (observed in ≥5 point 

samples) that were used in the analysis. 

 

Table C.1. List of 48 passerine bird species considered in the analysis (detected in ≥5 
point samples), including the frequency of occurrence (f – number of point samples 
detected; n = 210 total point samples) in which each species was recorded. 
 

Common name Scientific name f 
Acadian Flycatcher Empidonax virescens 181 
American Crow Corvus brachyrhynchos 43 
American Goldfinch Spinus tristis 34 
American Redstart Setophaga ruticilla 81 
American Robin Turdus migratorius 78 
Baltimore Oriole Icterus galbula 16 
Black-and-white Warbler Mniotilta varia 149 
Blue-gray Gnatcatcher Polioptila caerulea 136 
Brown-headed Cowbird Molothrus ater 133 
Blackburnian Warbler Setophaga fusca 12 
Blue Jay Cyanocitta cristata 102 
Brown Thrasher Toxostoma rufum 9 
Black-throated Green Warbler Setophaga virens 18 
Blue-winged Warbler Vermivora cyanoptera 28 
Carolina Chickadee Poecile carolinensis 54 
Carolina Wren Thryothorus ludovicianus 32 
Cedar Waxwing Bombycilla cedrorum 23 
Cerulean Warbler Setophaga cerulea 61 
Chipping Sparrow Spizella passerina 5 
Common Yellowthroat Geothlypis trichas 25 

 
Continued  
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Table C.1. Continued 

Eastern Phoebe Sayornis phoebe 32 
Eastern Towhee Pipilo erythrophthalmus 141 
Eastern Wood-Pewee Contopus virens 127 
Eastern Tufted Titmouse Baeolophus bicolor 147 
Field Sparrow Spizella pusilla 6 
Great Crested Flycatcher Myiarchus crinitus 37 
Gray Catbird Dumetella carolinensis 24 
Hooded Warbler Setophaga citrina 187 
Indigo Bunting Passerina cyanea 52 
Kentucky Warbler Geothlypis formosa 62 
Louisiana Waterthrush Parkesia motacilla 35 
Northern Cardinal Cardinalis cardinalis 70 
Northern Parula Setophaga americana 12 
Ovenbird Seiurus aurocapilla 196 
Pine Warbler Setophaga pinus 10 
Prairie Warbler Setophaga discolor 26 
Rose-breasted Grosbeak Pheucticus ludovicianus 24 
Red-eyed Vireo Vireo olivaceus 208 
Red-winged Blackbird Agelaius phoeniceus 6 
Scarlet Tanager Piranga olivacea 172 
Summer Tanager Piranga rubra 20 
White-breasted Nuthatch Sitta carolinensis 157 
White-eyed Vireo Vireo griseus 48 
Worm-eating Warbler Helmitheros vermivorum 157 
Wood Thrush Hylocichla mustelina 173 
Yellow-breasted Chat Icteria virens 24 
Yellow-throated Vireo Vireo flavifrons 95 
Yellow-throated Warbler Setophaga dominica 14 
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Table C.2. List of 65 woody plant taxa by stem size class considered in the analysis 
(detected in ≥5 point samples), including the frequency of occurrence (f – number of 
point samples detected; n = 210 total point samples) in which each taxon was recorded. 
 

  f 

Scientific name 
Small stems 
(<8 cm DBH) 

Large stems 
(≥8 cm DBH) Combined* 

Acer negundo 6 ... 7 
Acer rubrum 163 180 195 
Acer saccharinum ... 5 6 
Acer saccharum 88 122 138 
Aesculus flava 46 22 49 
Ailanthus altissima 6 5 8 
Amelanchier arborea 95 11 96 
Asimina triloba 25 ... 25 
Betula nigra ... 9 10 
Carpinus caroliniana 99 17 101 
Carya spp 162 149 191 
Castanea dentata 22 ... 23 
Celtis occidentalis 6 ... 6 
Cercis canadensis 37 11 43 
Cornus alternifolia 8 ... 9 
Cornus amomum 5 ... 5 
Cornus florida 90 31 105 
Corylus americana 62 ... 62 
Crataegus spp 29 ... 30 
Elaeagnus umbellata 16 ... 16 
Fagus grandifolia 146 107 159 
Fraxinus americana 132 47 143 
Fraxinus pennsylvanica 28 6 29 
Hamamelis virginiana 30 ... 31 
Hypericum spathulatum 6 ... 6 
Juglans nigra 6 10 14 
Lindera benzoin 125 ... 125 
Liriodendron tulipifera 85 133 153 
Lonicera japonica 24 ... 24 
Lonicera maackii 7 ... 7 

 
Continued  
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Table C. 2. Continued 
 

Nyssa sylvatica 143 137 171 
Ostrya virginiana 34 12 36 
Oxydendrum arboreum 105 79 116 
Parthenocissus quinquefolia 69 ... 69 
Pinus rigida ... 12 12 
Pinus strobus 10 14 17 
Platanus occidentalis 7 18 22 
Populus grandidentata 22 28 35 
Prunus serotina 54 63 103 
Quercus alba 100 134 159 
Quercus coccinea 33 48 60 
Quercus imbricaria ... 5 9 
Quercus montana 67 93 105 
Quercus rubra 124 110 159 
Quercus velutina 115 85 147 
Rhus copallinum 15 ... 15 
Rhus glabra 18 ... 18 
Rhus typhina 5 ... 5 
Robinia pseudoacacia ... 10 13 
Rosa multiflora 81 ... 81 
Rubus allegheniensis 80 ... 80 
Rubus occidentalis 85 ... 85 
Sambucus canadensis 5 ... 5 
Sassafras albidum 100 25 105 
Smilax spp 200 ... 200 
Spiraea tomentosa 6 ... 6 
Tilia americana 12 26 31 
Toxicodendron radicans 48 ... 48 
Ulmus americana 18 22 31 
Ulmus rubra 49 41 73 
Vaccinium spp 48 ... 48 
Viburnum acerifolium 121 ... 121 
Viburnum dentatum 18 ... 18 
Viburnum prunifolium 34 ... 34 
Vitis spp 94 ... 97 
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*Note that combined total doesn’t necessarily equal the sum of small and large stems 
because each matrix (by stem size class) was generated first before rare species were 
eliminated from analysis (i.e., each matrix was treated independently). 
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 Randomization Tests 

The prediction of avian species composition featured cross-validatory fits greater than 

zero for all predictor data sets, indicating that these predictions were better than that 

expected under the null expectation of no relationship (Figure D.1). 

 
Figure D.1. The prediction levels (% cross-validatory fit) of avian species composition 
plotted against the number of ordination axes (displayed are axes 1-12; filled symbols 
indicate significant solutions determined by permutation tests). 
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A series of simple two-sided randomization tests determined whether differences 

in the prediction levels (% cross-validatory fit) were statistically significant between pairs 

of models, following van der Voet (1994) (Table D.1). The differences in the residuals 

(sum of squared prediction errors derived from cross-validation) between pairs of models 

were used as test statistics. Site prediction errors were rearranged and swapped for 

random sites over 999 permutations, where the proportion of times a random set was 

greater than or equal to the observed difference (also by including the original value) 

indicated the probability that the results might have been due to random chance. As 

indicated by Schaffers et al. (2008), the probabilities have much to do with the combined 

residuals of the models, which are often skewed, indicating that similarities in the 

difference between different pairs of models might be significant for one pair but not for 

another. 

 

Table D.1. Statistical differences (P values) in the prediction errors of bird species 
composition between pairs of models composed of different predictor sets (simple two-
sided randomization tests; n = 999 permutations). 
 

  StructureField, [F] Large stemsStem density, [T] Small stemsStem density, [S] All stemsStem density, [A] 

StructureLiDAR, [L] 0.474 0.248 0.385 0.048 
StructureField, [F]  0.448 0.122 0.015 
Large stemsStem density, [T]   0.014 0.001 
Small stemsStem density, [S]       0.001 
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 Canonical Correspondence Analysis Discussion 

When used for prediction, compositional data take on a synthesizing character, 

integrating many of the decisive factors that may be responsible for determining resource 

use of other corresponding organisms via the responses of the species reserved for 

prediction (Schaffers et al. 2008). In contrast, vegetation structural variables, when 

incapable of capturing the variation in the underlying taxonomic composition of floristic 

stands beyond mere structure, appear to lack this integrative quality of pure taxonomic 

data. As evidence of this, canonical correspondence analysis ordination diagrams do not 

feature the ecological landtype (ELT) gradient portrayed in the results of co-

correspondence analysis (Figure E.1). The shading of sample points according to the 

predominant ELT illustrates this point. As such, important floristic distinctions between 

mixed-oak (Quercus spp) and mesophytic forest types, which have been shown to feature 

differences in avian abundance and diversity (Rodewald and Abrams 2002), were not 

made according to predictions by vegetation structure, for example. 
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Figure E.1. Canonical correspondence analysis ordination diagrams of bird species composition constrained by either LiDAR- (left) or 
field-derived (right) vegetation structural predictor sets (see Appendix B: Table B.1 for variable descriptions). 
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 Public Study Forests, Sampling Coverage, and Out of Bag Accuracies 

Table F.1. Public forest study sites located in southeastern Ohio, USA, in which 335 bird 
point samples were distributed and used to sample vegetation and land cover for the 
current study in 2016. 
 

Forest study site Latitude Longitude area (ha) 

Bird 
sample 
points 

Hocking State Forest 39° 27' 58" 82° 34' 19" 3808 25 
Lake Hope State Park 39° 20' 26" 82° 21' 16" 1060 15 
Tar Hollow State Forest 39° 21' 35" 82° 46' 15" 6646 55 
Vinton Furnace Experimental State Forest 39° 11' 43" 82° 23' 32" 4989 114 
Vinton Furnace Wildlife Area 39° 9' 5" 82° 24' 42" 1446 2 
Zaleski State Forest 39° 18' 49" 82° 20' 22" 11582 124 
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Table F.2 Numbers of training and test pixels selected per each vegetation or land cover 
class and whether pixels were located inside or outside of public forest study sites. 
 

    Training pixels   Test pixels 

Class type Class Inside Outside Total   Inside Outside Total 

Natural/Semi-natural Deciduous Forests 230 (19 %) 0 (0 %) 230 (11 %)  1195 (71 %) 82 (18 %) 1277 (60 %) 

 Shrublands 329 (27 %) 0 (0 %) 329 (15 %)  249 (15 %) 28 (6 %) 277 (13 %) 

 Evergreen Forests 181 (15 %) 49 (5 %) 230 (11 %)  112 (7 %) 57 (12 %) 169 (8 %) 

 Floodplain Forests 237 (20 %) 0 (0 %) 237 (11 %)  62 (4 %) 30 (7 %) 92 (4 %) 

 Emergent Wetlands 46 (4 %) 26 (3 %) 72 (3 %)  2 (<1 %) 16 (4 %) 18 (<1 %) 

 Pastures/Oldfields 37 (3 %) 193 (21 %) 230 (11 %)  8 (<1 %) 79 (17 %) 87 (4 %) 

 Water 83 (7 %) 147 (16 %) 230 (11 %)  2 (<1 %) 20 (4 %) 22 (1 %) 

Cultural Cultivated Crops 0 (0 %) 242 (26 %) 242 (11 %)  0 (0 %) 10 (2 %) 10 (<1 %) 

 Developed 41 (3 %) 189 (20 %) 230 (11 %)  45 (3 %) 130 (28 %) 175 (8 %) 

 Barren Lands 13 (1 %) 89 (10 %) 102 (5 %)  0 (0 %) 5 (1 %) 5 (<1 %) 

 Total 1197 (56 %) 935 (44 %) 2132 (100 %)  1675 (79 %) 457 (21 %) 2132 (100 %) 
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Table F.3. Accuracy metrics for the Landsat OLI and Landsat OLI-LiDAR fusion 
Random Forests models estimated from out of bag portions of the training data. 
 

  Landsat OLI   Landsat OLI-LiDAR 

Class 
Producer's 

accuracy (%) 
User's 

accuracy (%)   
Producer's 

accuracy (%) 
User's 

accuracy (%) 
Deciduous Forests 94 86  99 97 
Shrublands 90 94  99 98 
Evergreen Forests 98 98  97 99 
Floodplain Forests 96 97  98 97 
Emergent Wetlands 93 94  92 96 
Pastures/Oldfields 97 93  98 95 
Water 98 99  98 98 
Cultivated Crops 98 96  98 98 
Developed 86 91  90 92 
Barren Lands 93 93  91 95 

Total accuracy (%) 94     97   
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Figure F.1. Class-level variable relative importance values for the Landsat OLI (a) and 
Landsat OLI-LiDAR (b) classification models (horizontal lines indicate 95% quantiles). 
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 Topographic Normalization, Field Sampled Taxa, and Accuracies of 
Terrain and Multispectral Data 

 
Figure G.1. A subset of the study area, highlighting the topographic complexity (a), 
ecological landtypes (b), and two Landsat OLI images acquired on 10 June 2015 and 5 
February 2016 before (c, e) and after topographic correction (d, f). 
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Table G.1. Taxa included 99 species/genera of woody stems ≥1 m in height in two size 
classes (≥8 and <8 cm diameter at breast height [DBH]) sampled in 699 plots distributed 
across six forested study sites. Indicated are frequencies of occurrence (f), means (x̅), and 
standard deviations (SD) of basal area and density for each taxon. 

  
Basal area (m2 ha-1) 
[stems ≥8 cm DBH]   

Density (stems ha-1) 
[stems ≥8 cm + <8cm DBH] 

Species f x̅ SD   f x̅ SD 
Acer negundo 3 <0.01 0.22  11 19.52 288.31 
Acer nigrum 5 0.04 0.67  5 1.14 16.25 
Acer rubrum 454 2.03 3.35  597 932.74 1438.13 
Acer saccharinum 7 0.06 0.73  10 5.42 111.67 
Acer saccharum 256 1.23 2.84  320 202.27 567.20 
Aesculus flava 38 0.13 1.06  105 44.20 152.37 
Ailanthus altissima 7 0.01 0.16  13 7.64 109.44 
Alnus serrulata ... ... ...  4 4.92 73.71 
Amelanchier arborea 12 <0.01 0.04  190 142.28 391.24 
Aralia spinosa ... ... ...  1 5.83 154.11 
Asimina triloba 4 <0.01 0.04  33 102.87 716.13 
Berberis thunbergii ... ... ...  2 7.83 152.88 
Betula nigra 20 0.19 1.50  21 9.79 90.66 
Carpinus caroliniana 29 0.01 0.07  243 402.67 1040.00 
Carya spp 310 1.47 2.96  556 446.65 596.73 
Castanea dentata 3 <0.01 0.02  26 8.01 49.65 
Ceanothus americanus ... ... ...  4 3.28 61.25 
Celastrus scandens ... ... ...  2 0.55 10.76 
Celtis occidentalis 2 <0.01 0.01  9 1.71 16.23 
Cercis canadensis 20 0.01 0.09  99 100.77 440.99 
Cornus alternifolia 1 <0.01 <0.01  18 9.87 75.25 
Cornus amomum ... ... ...  16 48.09 627.70 
Cornus florida 49 0.02 0.10  234 105.23 279.10 
Cornus racemosa ... ... ...  5 1.64 20.94 
Corylus americana ... ... ...  139 289.26 1240.65 
Crataegus spp 6 <0.01 0.04  69 43.89 205.55 
Dioscorea villosa ... ... ...  1 0.18 4.82 
Diospyros virginiana 1 <0.01 <0.01  2 1.31 24.82 
Dirca palustris ... ... ...  2 4.55 115.67 
Elaeagnus umbellata ... ... ...  23 13.30 94.85 

 
Continued  
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Table G.1. Continued 
 

Euonymus atropurpureus ... ... ...  3 0.91 15.96 
Fagus grandifolia 222 0.54 1.71  368 302.45 586.96 
Fraxinus americana 76 0.19 1.10  354 457.06 1158.74 
Fraxinus pennsylvanica 11 0.02 0.22  61 109.17 592.84 
Hamamelis virginiana 1 <0.01 <0.01  52 106.96 595.05 
Hydrangea arborescens ... ... ...  13 15.85 167.93 
Hypericum spathulatum ... ... ...  15 34.43 392.29 
Juglans cinerea 1 <0.01 0.03  4 0.58 8.38 
Juglans nigra 17 0.10 0.93  24 3.54 23.38 
Juniperus virginiana ... ... ...  1 0.18 4.82 
Kalmia latifolia ... ... ...  4 1.09 15.20 
Ligustrum vulgare ... ... ...  2 0.91 17.35 
Lindera benzoin ... ... ...  287 1100.38 2696.86 
Liquidambar styraciflua 3 0.05 1.38  6 4.21 61.84 
Liriodendron tulipifera 307 3.26 6.63  402 308.07 1009.15 
Lonicera japonica ... ... ...  69 291.99 1500.36 
Lonicera maackii ... ... ...  12 11.11 132.83 
Magnolia acuminata 2 <0.01 0.14  4 0.80 15.28 
Menispermum canadense ... ... ...  3 3.10 64.40 
Nyssa sylvatica 268 0.40 0.90  403 378.27 817.14 
Ostrya virginiana 17 0.01 0.20  71 92.54 578.44 
Oxydendrum arboreum 134 0.25 0.75  260 380.29 1129.81 
Parthenocissus quinquefolia ... ... ...  156 65.03 187.81 
Pinus echinata 10 0.15 2.04  10 6.85 84.88 
Pinus nigra ... ... ...  1 0.91 24.08 
Pinus resinosa 9 0.14 1.47  9 2.03 21.85 
Pinus rigida 39 0.84 4.73  40 25.06 149.01 
Pinus strobus 41 0.96 6.55  57 24.78 135.92 
Pinus virginiana 1 0.03 0.91  2 1.22 27.76 
Platanus occidentalis 30 0.21 1.80  43 19.40 177.41 
Populus deltoides 2 <0.01 0.20  4 0.62 8.95 
Populus grandidentata 54 0.25 1.30  92 106.06 639.95 
Prunus serotina 135 0.46 1.52  248 94.41 306.66 
Quercus alba 306 3.55 6.34  424 331.54 991.93 
Quercus coccinea 88 0.82 2.92  126 54.91 231.16 
Quercus imbricaria 13 0.04 0.38  19 3.66 27.18 
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Table G.1. Continued 
 

Quercus montana 183 2.68 7.20  228 290.11 1295.57 
Quercus muehlenbergii 7 0.02 0.25  10 6.26 88.44 
Quercus palustris 1 <0.01 0.03  1 0.07 1.89 
Quercus rubra 205 1.69 4.60  402 194.48 365.03 
Quercus stellata 1 <0.01 0.25  8 4.95 52.79 
Quercus velutina 167 1.45 4.35  371 238.70 446.16 
Rhus copallinum ... ... ...  47 105.47 752.29 
Rhus glabra ... ... ...  48 45.90 287.03 
Rhus typhina ... ... ...  8 7.47 103.20 
Robinia pseudoacacia 18 0.03 0.24  27 10.58 101.26 
Rosa carolina ... ... ...  2 0.36 6.81 
Rosa multiflora ... ... ...  201 503.10 1582.34 
Rubus allegheniensis ... ... ...  226 1306.76 3818.54 
Rubus occidentalis ... ... ...  220 473.96 1323.88 
Rubus phoenicolasius ... ... ...  1 1.28 33.71 
Salix spp 1 0.01 0.37  6 2.97 44.43 
Sambucus canadensis ... ... ...  11 7.10 74.48 
Sassafras albidum 43 0.04 0.25  238 290.87 769.89 
Smilax spp ... ... ...  578 2443.20 3538.79 
Spiraea tomentosa ... ... ...  8 43.53 830.17 
Staphylea trifolia ... ... ...  4 5.28 77.38 
Symphoricarpos orbiculatus ... ... ...  1 0.18 4.82 
Tilia americana 37 0.13 1.10  48 14.74 97.32 
Toxicodendron radicans ... ... ...  115 99.09 507.71 
Tsuga canadensis 3 0.02 0.32  3 0.29 4.80 
Ulmus americana 37 0.08 0.56  65 31.81 176.92 
Ulmus rubra 64 0.09 0.51  163 114.38 445.88 
Vaccinium spp ... ... ...  81 106.92 893.61 
Viburnum acerifolium ... ... ...  262 513.12 1278.99 
Viburnum cassinoides ... ... ...  1 0.36 9.63 
Viburnum dentatum ... ... ...  44 170.31 1101.99 
Viburnum prunifolium 3 <0.01 0.01  81 181.71 870.23 
Vitis spp 4 <0.01 0.01   232 142.80 342.55 
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Figure G.2. Observed versus predicted NMDS axes 1-3 plot scores by Random Forests 
regression models: NMDS axes 1-3 for Landsat OLI reflectance values alone (a-c, 
respectively); NMDS axes 1-3 for terrain variables alone (d-f, respectively). 
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 Individual Tree Species Models from a Community-level Application 

The spatial modeling of biological entities is a crucial step in assessing the underlying 

drivers of biodiversity and developing sound conservation and management strategies 

(Guisan et al. 2013). Often there is a need to summarize information across all 

individuals that make up a community (Clark et al. 2014). Indeed, the interesting, 

emergent properties of ecosystem processes, biodiversity, and habitat emerge at the 

community level (Ferrier and Guisan 2006). Community-level modeling, employing 

community-first strategies, offer practical advantages over the merging of individual-

level species models (Ferrier and Guisan 2006). For one, not all species can be modeled 

effectively (or not at all) for statistical reasons, as the often-low sample sizes of rare 

species preclude their statistical modeling (Elith et al. 2006). Community-first strategies 

instead employ numerical analyses (such as classification or ordination) that generalize a 

full species data set onto a set of numerical indices that relate to the degree of taxonomic 

similarity or dissimilarity among pairs of sample units. The numerical values, say 

ordination scores, become the model response onto which spatially-explicit reflectance 

values or environmental gradients are related during statistical modeling. Not only does 

this approach effectively characterize the taxonomic turnover of assemblages across the 

landscape, but it also has an interesting quality for species-level inference. For example, 

species distributions can be inferred by tracking the distances between mapped pixels to a 
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species centroid (scaled to unit variance in species volume) in ordination space (Guisan et 

al. 1999). Such distances express the degree of optimality in habitat conditions for a 

given species, according to the underlying ecological gradients expressed in the original 

data space. 

The following represents species distributions of tree species obtained from my 

application of an ordination-regression approach to modeling forest composition across a 

portion of the Central Hardwoods in southeastern Ohio. Quercus alba (Figure H.1), 

Quercus montana (Figure H.2), Aesculus flava (Figure H.3), and Acer saccharum (Figure 

H.4) are shown to highlight the usefulness and potential application of community-level 

modeling for the extraction of individual species distributions.  
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Figure H.1. A distribution model for Quercus alba derived from an ordination-regression 
approach to modeling the taxonomic composition of forest assemblages in a portion of 
the Central Hardwoods in southeastern Ohio. The map covers only a portion of the study 
extent. The values expressed are the distances (in units SD) between the mapped pixels 
and the species centroid in the original ordination space. Lower values indicate a closer 
association to the species optimal in the ordination space, in relation to the variance 
surrounding its occupied volume.  
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Figure H.2. A distribution model for Quercus montana derived from an ordination-
regression approach to modeling the taxonomic composition of forest assemblages in a 
portion of the Central Hardwoods in southeastern Ohio. The map covers only a portion of 
the study extent. The values expressed are the distances (in units SD) between the 
mapped pixels and the species centroid in the original ordination space. Lower values 
indicate a closer association to the species optimal in the ordination space, in relation to 
the variance surrounding its occupied volume.   
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Figure H.3. A distribution model for Aesculus flava derived from an ordination-
regression approach to modeling the taxonomic composition of forest assemblages in a 
portion of the Central Hardwoods in southeastern Ohio. The map covers only a portion of 
the study extent. The values expressed are the distances (in units SD) between the 
mapped pixels and the species centroid in the original ordination space. Lower values 
indicate a closer association to the species optimal in the ordination space, in relation to 
the variance surrounding its occupied volume.   
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Figure H.4. A distribution model for Acer saccharum derived from an ordination-
regression approach to modeling the taxonomic composition of forest assemblages in a 
portion of the Central Hardwoods in southeastern Ohio. The map covers only a portion of 
the study extent. The values expressed are the distances (in units SD) between the 
mapped pixels and the species centroid in the original ordination space. Lower values 
indicate a closer association to the species optimal in the ordination space, in relation to 
the variance surrounding its occupied volume.
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 10-Fold Cross-validation Results of Random Forests Models for Bird 
Species Abundance Predictions 

Table I.1. A comparison (displayed is % explained variance) between the cross-validation 
results of Random Forests models for bird abundance according to out of bag (OOB) 
samples and 10-fold cross validation (CV). 

Species OOB CV 
PRAW 67.62% 57.54% 
YBCH 61.17% 56.97% 
INBU 50.06% 45.69% 
BWWA 41.63% 36.16% 
ACFL 35.47% 29.10% 
EATO 34.90% 28.47% 
OVEN 33.86% 28.53% 
COYE 33.75% 37.32% 
WEVI 32.38% 23.78% 
PIWA 28.38% 28.96% 
WOTH 24.42% 19.00% 
REVI 23.84% 23.81% 
NOCA 20.59% 21.96% 
LOWA 19.82% 21.10% 
AMRE 18.29% 5.10% 
YTWA 18.29% 26.96% 
EAWP 17.64% 12.81% 
FISP 17.57% 32.63% 
HOWA 16.87% 8.97% 
WEWA 16.55% 13.02% 
BAOR 16.35% 16.79% 
CARW 15.08% 19.90% 
CERW 11.74% 10.18% 
SCTA 11.31% 9.40% 
RBWO 9.97% 13.79% 
KEWA 9.43% 3.71% 
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 Spatial Predictions of Bird Abundance by Random Forests 

 
 
Figure J.1. Spatial predictions of bird abundance based on Random Forests and remotely-
sensed spatial predictors. 
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 Spatial Uncertainty in Bird Species Abundance Predictions 

 
 
Figure K.1. Pixel-level uncertainty in Random Forests abundance models according to 
the ratio of the SD to the mean votes among all trees in the ensemble. 
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 List of Bird Species Detected 

Table L.1. Full list of bird species recorded (excluding flyovers and detections >75 m 
from the observation point) during 2015 and 2016 field campaigns, including common 
and Latin names, alpha codes, and the number of point count stations in which each 
species was detected in either year. A total of 334 point locations were sampled over the 
two survey years. Some points (n = 6) were removed for a total of 328 points used in the 
actual analysis (303 points in 2015; 302 points in 2016; with 277 points overlapping 
either year; 26 unique to 2015, and 25 unique to 2016). The asterisk next to the alpha 
codes indicates the species used in the ordination analysis. 

      
Number of points 
detected (<75 m): 

Common name Scientific name Code* 
2015 

(n = 307) 
2016 

(n = 308) 
Acadian flycatcher Empidonax virescens ACFL* 238 226 
American crow Corvus brachyrhynchos AMCR 100 78 
American goldfinch Spinus tristis AMGO* 36 43 
American redstart Setophaga ruticilla AMRE* 70 111 
American robin Turdus migratorius AMRO* 95 107 
American woodcock Scolopax minor AMWO 0 1 
Baltimore oriole Icterus galbula BAOR* 13 33 
black-and-white warbler Mniotilta varia BAWW* 159 197 
black-billed cuckoo Coccyzus erythropthalmus BBCU* 0 12 
barred owl Strix varia BDOW 0 2 
belted kingfisher Megaceryle alcyon BEKI 0 1 
blue-gray gnatcatcher Polioptila caerulea BGGN* 114 161 
brown-headed cowbird Molothrus ater BHCO* 144 160 
blackburnian warbler Setophaga fusca BLBW* 2 11 
blue jay Cyanocitta cristata BLJA* 149 156 
blackpoll warbler Setophaga striata BLPW 5 38 
brown thrasher Toxostoma rufum BRTH* 10 12 
black-throated blue warbler Setophaga caerulescens BTBW 0 2 
black-throated green warbler Setophaga virens BTNW* 21 25 
broad-winged hawk Buteo platypterus BWHA 6 7 
blue-winged warbler Vermivora cyanoptera BWWA* 43 58 
Carolina chickadee Poecile carolinensis CACH* 68 89 
Carolina wren Thryothorus ludovicianus CARW* 31 55 

 
Continued  
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Table L.1. Continued 
 

cedar waxwing Bombycilla cedrorum CEDW* 18 35 
cerulean warbler Setophaga cerulea CERW* 65 86 
chipping sparrow Spizella passerina CHSP* 9 9 
chimney swift Chaetura pelagica CHSW 7 4 
Cape May warbler Setophaga tigrina CMWA 0 2 
common grackle Quiscalus quiscula COGR* 3 4 
cooper's hawk Accipiter cooperii COHA 2 1 
common yellowthroat Geothlypis trichas COYE* 44 45 
chestnut-sided warbler Setophaga pensylvanica CSWA* 1 0 
downy woodpecker Picoides pubescens DOWO* 57 61 
eastern bluebird Sialia sialis EABL* 1 2 
eastern kingbird Tyrannus tyrannus EAKI 1 2 
eastern phoebe Sayornis phoebe EAPH* 48 52 
eastern screech-owl Megascops asio EASO 2 0 
eastern towhee Pipilo erythrophthalmus EATO* 230 226 
eastern wood-pewee Contopus virens EAWP* 180 188 
eastern tufted titmouse Baeolophus bicolor ETTI* 209 213 
eastern whip-poor-will Caprimulgus vociferus EWPW 23 15 
field sparrow Spizella pusilla FISP* 14 21 
great crested flycatcher Myiarchus crinitus GCFL* 40 35 
great horned owl Bubo virginianus GHOW 1 0 
gray catbird Dumetella carolinensis GRCA* 26 34 
hairy woodpecker Leuconotopicus villosus HAWO* 55 53 
hooded warbler Setophaga citrina HOWA* 266 270 
indigo bunting Passerina cyanea INBU* 100 129 
Kentucky warbler Geothlypis formosa KEWA* 91 91 
Louisiana waterthrush Parkesia motacilla LOWA* 39 62 
magnolia warbler Setophaga magnolia MAWA 0 2 
mourning dove Zenaida macroura MODO* 167 119 
Nashville warbler Leiothlypis ruficapilla NAWA 0 27 
northern cardinal Cardinalis cardinalis NOCA* 112 125 
northern flicker Colaptes auratus NOFL* 80 41 
northern parula Setophaga americana NOPA* 16 11 
ovenbird Seiurus aurocapilla OVEN* 282 277 
pine warbler Setophaga pinus PIWA* 20 28 
pileated woodpecker Hylatomus pileatus PIWO* 73 66 
prairie warbler Setophaga discolor PRAW* 64 71 
prothonotary warbler Protonotaria citrea PROW* 1 0 
purple martin Progne subis PUMA 3 7 
rose-breasted grosbeak Pheucticus ludovicianus RBGR* 17 47 
red-breasted nuthatch Sitta canadensis RBNU 0 1 
red-bellied woodpecker Melanerpes carolinus RBWO* 137 160 
red-eyed vireo Vireo olivaceus REVI* 299 302 

 
Continued  



 

306 
 

Table L.1. Continued 
 

red-headed woodpecker Melanerpes erythrocephalus RHWO* 5 10 
red-shouldered hawk Buteo lineatus RSHA 12 10 
red-tailed hawk Buteo jamaicensis RTHA 3 7 
ruby-throated hummingbird Archilochus colubris RTHU* 35 39 
ruffed grouse Bonasa umbellus RUGR 1 0 
red-winged blackbird Agelaius phoeniceus RWBL* 6 9 
scarlet tanager Piranga olivacea SCTA* 254 252 
song sparrow Melospiza melodia SOSP* 7 9 
sharp-shinned hawk Accipiter striatus SSHA 0 1 
summer tanager Piranga rubra SUTA* 25 20 
Swainson's thrush Catharus ustulatus SWTH 4 48 
Tennessee warbler Leiothlypis peregrina TEWA 0 38 
tree swallow Tachycineta bicolor TRES 2 3 
turkey vulture Cathartes aura TUVU 2 2 
white-breasted nuthatch Sitta carolinensis WBNU* 186 188 
white-eyed vireo Vireo griseus WEVI* 74 75 
worm-eating warbler Helmitheros vermivorum WEWA* 202 185 
wild turkey Meleagris gallopavo WITU 8 6 
wood duck Aix sponsa WODU 0 1 
wood thrush Hylocichla mustelina WOTH* 261 247 
yellow-breasted chat Icteria virens YBCH* 63 63 
yellow-billed cuckoo Coccyzus americanus YBCU* 202 246 
yellow-throated vireo Vireo flavifrons YTVI* 75 113 
yellow-throated warbler Setophaga dominica YTWA* 36 40 
yellow warbler Setophaga petechia YWAR* 2 3 
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