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Abstract 
Habitat assessment and management is often a major focus of landscape planning in British Columbia. A 
significant challenge in modelling habitat is an ability to accurately infer from available spatial data 
sources the values of forest stand attributes that are considered important elements of habitat. 
Limitations in both the accuracy and precision of available landbase inventory data, estimated at the 
polygon level (e.g., VRI or forest cover polygons), for inferring habitat quality (particularly fine-scale 
attributes associated with vegetation structure at a sub-polygon level) lead to key uncertainties in 
predictive habitat analysis and landscape projection.  

We evaluated approaches for linking data from different sources and scales, with the objective of 
increasing the utility of available landbase data to predict structural elements important in defining 
habitat for our case study species, the Northern Spotted Owl (SPOW). These methods involved a range of 
techniques including satellite image normalization, univariate analyses such as linear regression, and 
multivariate techniques such as multiple regression, ordination, and gradient nearest neighbour 
imputation.  To pilot test these methods, we used: (1) the aggregate field-plot database containing 18 
structural attributes per plot, assembled for this project; and (2) LANDSAT and SPOT satellite imagery. 
Several data preprocessing and exploratory analysis steps were undertaken prior to pilot analyses to 
assess distributional characteristics of the data and to standardize attribute measurements from different 
data sources. 

We found that for common, or evenly distributed stand attributes (e.g., stand volume, stem density), the 
value assigned at the polygon scale corresponded well with the mean value for sample plots within the 
polygon. However, there was large variation among sample plots located within single polygons, 
suggesting that the value assigned to the polygon is not necessarily representative of any particular point 
in the polygon. Further, sample sizes of the aggregate dataset were not large enough to adequately 
quantify the range of variability across the study area. When samples were  stratified by ecological sub 
region, we found a slight increase in the number of significant correlations between sample plots and VRI 
polygon attributes. However, our sample size was still relatively small, given the apparent variability. 
We found satellite image indices and mapped polygon attributes were not effective at explaining any 
variance in sample plot data in our case study. Therefore, we were unable to develop a predictive model 
of stand attributes important for identifying SPOW habitat, by combining single point (plots), aggregate 
area (polygon), and spatially continuous (pixels) measurements. 

Based on the types of problems we encountered, we suggest the sample sizes and limited number of 
relevant attributes contained in the aggregate database were the most likely limiting factors in our 
analyses. Therefore the methods we investigated may have application in improving the accuracy of 
habitat mapping for other species if used with more robust datasets.  Further stratifying the SPOW 
aggregate dataset, or reducing the geographic extent over which analyses are attempted, would reduce 
variability associated with the diverse physiography, and may improve our ability to resolve 
relationships between data sources from different spatial scales.  In addition, a statistically sound sample 
of moderate-sized plots would yield more precise and accurate data on fine-scale attributes that could 
significantly contribute to the success of subsequent analyses in enabling more accurate evaluations of 
habitat characteristics. 
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1. Introduction 

Habitat management, timber supply analyses and landscape planning processes in BC are heavily reliant 
upon a variety of polygon-based vegetation and land inventory databases mapped at a range of spatial 
scales (1:20,000 – 1:250,000). Users of these databases confront a number of challenges when using these 
datasets for making ecological inferences about the state of the landscape. First, different data layers may 
have been updated at different times, introducing temporal discrepancies into the data. Second, the 
original data used to determine attribute values are obtained from a variety of sources, including field 
plots and remote sensing. Field programs for acquiring sample data often differ widely in their purposes, 
sampling design, and selection of attributes to measure. Third, the resulting polygon datasets have 
usually undergone extensive reclassification and extrapolation in order to classify and populate the final 
polygons. These problems of uncertain data provenance, restricted or biased selection and/or sampling 
of attributes, and loss of information and resolution in the attributes can challenge ecologists attempting 
to interpret the effects of attribute values and/or changes in their values upon the abundance and 
distribution of species.  

In its broadest definition, the term “habitat” refers to those elements of the environment that provide a 
species’ life requisites (Morrison et al. 1992). Such requisites include physiological requirements (food, 
water), shelter (breeding sites, refugia from predators or thermal extremes), and space (offspring 
development, dispersal and migration; Arcese and Curtis 2006). Expressing formal relationships between 
life history processes and landscape pattern is a challenge facing not just researchers, but also managers 
required to estimate the amount and configuration of habitat necessary to support species in conjunction 
with other forest values (e.g., Sutherland et al. 2006). At a strategic-level of planning, habitat-abundance 
relationships and simple models of the influence of spatial and temporal arrangements of habitat on 
species occupancy are often made. More detailed models identifying the distribution of limiting 
attributes, population dynamics and barriers to movement may be used to assist with recovery planning 
and critical habitat delineation. The form and complexity of the analyses depend both on the specific 
questions motivating an analysis and the nature, quality and quantity of available data (Arcese and 
Curtis 2006). Many spatial modelling tools and decision-support frameworks that depend upon polygon-
data now exist to support analyses of species-habitat relationships (e.g., Jones et al. 2002; Sutherland et al, 
2006 among others). Such tools and frameworks are becoming widely used to inform landscape planning 
and decision-making. 

Two clear short-comings in the present landbase data underlying such models is exemplified in the 
habitat component of the landscape-level spatial modelling framework used to project the quality and 
distribution of Northern Spotted Owl (SPOW) habitat in Canada (Sutherland et al 2006). First, many of 
the vegetative and structural attributes important to this species are not included (e.g., presence of large 
trees; locations and extents of talus slopes; canopy structure), primarily because these attributes are not 
consistently recorded over the entire range of the species. Second, many attributes important to spotted 
owl occur on a finer scale than is available from the seamless landbase data currently used by the model. 
Some examples of fine-scale SPOW habitat attributes include density of snags and large trees, canopy 
cover and habitat heterogeneity (See Table 1 of this report; Chutter et al. submitted). Faced with these 
problems, modellers adopt simplifying abstractions, (e.g., assuming that stand age also serves as a 
surrogate for stand structure), but these abstractions are of unknown accuracy, usually make additional 
assumptions about stand history, and fail when non-standard forest management treatments are 
considered. 

The above limitations of available landbase inventory data for inferring habitat quality (particularly fine-
scale attributes associated with vegetation structure at a sub-polygon level) lead to key uncertainties in 
predictive habitat analysis or landscape projection. Presence and abundance of sub-polygon scale 
attributes are important for accurately identifying habitat for SPOWs (Cortex Consultants Inc. 2006), as 
well as inferring habitat characteristics for other species (e.g., Marbled Murrelets; Waterhouse et al. 2004). 
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Currently these data limitations prevent habitat modeling at spatial scales finer than the coarse-grained 
strategic level. This focus impedes the tactical evaluation of recovery policies at finer scales (e.g., at the 
scale of individual hectares of critical habitat), and presents challenges to operational planning.  

Our objectives for this project were to: 

1. Search for both field-sampled and remotely sensed data that could be used to refine estimates of 
stand structure attributes relative to estimates obtainable from available polygon landbase data. 
From these sources, assemble a spatial database with associated attributes, identify issues in 
availability, accuracy and consistency among the different data sources. Using the SPOW as a 
case study species,  determine the relevance of these issues to improving our description of 
habitat requirements.  

2. Provide a review of statistical methods and design an approach for linking data from different 
sources and scales, with the objective of increasing the utility of available landbase data to predict 
structural elements important in defining habitat for our case study species.  

3. Develop and pilot the approach(es) identified in objective 2 to one or more study areas within the 
BC range of the SPOW, depending on the data availability and limitations identified in objective 
1. The end goal was to develop a protocol for estimating the key stand structural elements 
important to habitat supply modeling using extant data available at multiple scales and different 
extents. 

Note that the research methods and approaches described here are intended to be more widely applicable 
that just to the problem of accurately estimating habitat quality and amount for one specific species of 
conservation concern (i.e. SPOWs). We chose this species as our case study because of a clearly defined 
need for good habitat assessment (particularly for critical habitat identification; see Sutherland et al. 
2006), and because of the mixture of coarse-grained and fine-grained attributes considered important for 
this species.  

The results of objective 1 are available in a separate report (Cortex Consultants Inc. 2006). Our progress 
towards achieving Objectives 2 and 3 are described in this report.  
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2. Review of Literature 

2.1.1. Correlation and Linear Regression Approaches 
Several studies have examined the relationship between satellite imagery and attributes of stand 
structure measured from field plots. Gerylo et al. (2002) developed reasonably predictive multiple 
regression models using different bands of LANDSAT TM data, for stand structural attributes including 
height, age and crown closure. Lefsky et al. (2001) evaluated a range of satellite image products for their 
usefulness in predicting stand attributes such as mean DBH, basal area and stem density in forest stands 
that overlap with stands in our study area, in both species and structural configuration. They used 
multiple regression models to measure the strength of relationships between imagery characteristics 
(pixel values and pixel variability in different sized sample windows) and stand attributes, and found 
that the performance of LANDSAT TM was comparable to more expensive imagery such as ADAR and 
AVIRIS when multi-temporal imagery was used. However, single LANDSAT TM images were not as 
strongly associated with structural attributes of forest stands. They also found that LIDAR waveforms 
collected by SLICER outperformed the other types of imagery examined, but SLICER is also three orders 
of magnitude more expensive than LANDSAT TM. 

In addition, indices useful for predicting stand structure attributes can be derived from the satellite 
imagery. For example, the tasselled cap transformation of LANDSAT multi-spectral data (Crist and 
Cicone 1984, Huang et al. 2002a) has been shown to be very effective for predicting stand structural 
attributes (e.g., Cohen and Spies 1992). Tasselled cap is a spectral enhancement method aimed primarily 
at analyzing vegetation. The principle behind the tasselled cap calculation is the notion that the bands in a 
multi-spectral image are interrelated and can be viewed as planes in a multidimensional space with the 
band pixel values placed in the respective planes. The clustering of values resulting from such scattering 
creates data structures shaped in a multidimensional hyper-ellipsoid, which is defined by the principal 
axes. By selecting pairs of principal axes and plotting them as x- and y-axes, derived data structures 
representing different vegetation information content can be visualized.  

The tasselled cap transformation has been shown to be very useful for estimating forest structure in 
closed canopy forests. Cohen and Spies (1992) found that the first three tasselled cap axes were highly 
correlated with range of attributes describing tree sizes (e.g., DBH, height, crown diameter), stand density 
and volume, and stand age. Of the first three TC axes, TC3 showed the strongest relationship with almost 
all attributes considered, and also showed consistently higher coefficients of determination than were 
obtained by Lefsky et al. (2001) using untransformed pixel values to predict the same stand attributes in 
similar forests. Other authors have had similar success in using TC3 to predict stand structure (e.g., 
Cohen et al. 1995, Hansen et al. 2001, Healey et al. 2005). In addition, TC3 has been demonstrated to be 
relatively insensitive to topographic variation (Cohen and Spies 1992) which makes it ideal for B.C.’s 
rugged landscapes. We did not find evidence of other multi-band transformations (e.g., NDVI) having 
utility for predicting stand structural attributes in the type of forests found in our study area. 

Another set of indices that may be useful in predicting stand structure relate to the variability rather than 
the magnitude of the pixel values within a satellite image. Several different “texture” indices have been 
used to measure the pixel variability at a particular point in an image, and the success of these measures 
depends on a combination of the index used and the type of imagery. The simplest measure of texture is 
to calculate the standard deviation or variance for pixel values within a sample window (e.g., Rubin 1990, 
Lefsky et al. 2001, see above). Another texture measure that is similar to variance is absolute difference 
(AD). AD is calculated as the sum of differences between every pixel and its cardinal neighbours within a 
sample window. Cohen and Spies (1992) evaluate the usefulness of absolute difference for predicting 
stand structural attributes from SPOT HRV imagery, and tasselled-cap transformed LANDSAT TM 
imagery. They found that the AD of SPOT HRV was similar to TC3 in the strength of its relationship with 
stand structure, while the AD of LANDSAT TM images had a very weak relationship with stand 
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structure. The higher resolution of the SPOT HRV images (10 m, versus 30 m for TM) may explain this 
result, since the coarse resolution of TM data may not capture elements of the canopy associated with 
structural attributes, such as the crowns of individual trees. Cohen and Spies (1992) compared standard 
deviation and absolute difference algorithms and found that the latter provided a greater range of values 
which allows for greater discriminatory power.  

Methods of predicting stand attributes that are based either on stratified sampling where attributes are 
estimated for subpopulations defined by their internal homogeneity (e.g., VRI), or on regression models 
used to predict attributes based on their relationship with more easily-obtained data (e.g., Cohen and 
Spies 1992) have at least two drawbacks. First, reduced information about the variation in attributes 
across the landscape may result in only a subset of the natural range of variability represented by 
predicted values. For example, a regression model will not produce values at the outer edges of the range 
of input values, since by definition it calculates an estimate based on the central tendency of trends within 
the dataset. This reduced variability could result in an underestimation of rare habitat elements that occur 
under atypical landscape conditions. Second, these methods may distort the correlation structure among 
different attributes, resulting in unrealistic combinations of predicted attributes at a particular location in 
the landscape (Moeur and Stage 1995). Overall, these two drawbacks may have undesirable consequences 
when trying to describe ecosystem processes or attributes that are related to heterogeneity or that may be 
associated with specific combinations of more than one attribute. 

2.1.2. Imputation Approaches 
In order to overcome some of the limitations of approaches that generalize the relationship between 
mapped and ground attributes (e.g., regression), several different methods of ‘imputing’ or ascribing 
values have been proposed. The objective of an imputation approach is to use easily obtainable, remotely 
sensed data such as satellite imagery and maps to predict attributes that are usually only available 
through ground sampling and ascribe those predicted values to pixels. The first step is to create a model 
of the relationship between the remotely sensed data and the ground attributes. This multivariate model 
is developed using statistical ordination to relate a set of points that have been ground-sampled for the 
attributes of interest, with associated remotely sensed measurements. The result of the ordination is a 
distance function that can be used to calculate the similarity between any two pixels in the study area. 

 The second step is to apply this similarity relationship to pixels not associated with a ground-sampled 
point.  Imputation of attribute values to these pixels involves matching each pixel with the most similar 
sample plot(s), with specific matches chosen according to their similarity as defined by the distance 
metric. Stand structure attributes are then assigned to the pixel by extrapolating from attribute values 
measured from those points associated with sample plots. 

Although imputation can improve the quality and completeness of the final dataset, care must be taken to 
choose an appropriate imputation methodology. Some methods of imputation do not preserve the 
relationship between variables. In fact, some can actually distort the underlying distributions. Each of the 
published methods that employ this approach is based on different assumptions, and hence have variable 
degrees of success at overcoming loss of heterogeneity and distortions in the correlation structure. Below, 
we present three imputation methods that have been used in the literature to create continuous maps of 
stand structure attributes. 

One of the common imputation methods is k Nearest Neighbour (kNN). This method has been applied 
using a variety of distance metrics including Mahalanobis and Euclidean distances (Franco-Lopez et al. 
2001), as well as functions derived using carrier data from regression analysis (Holmstrom 2002, 
Holmstrom and Fransson 2003). The basic approach is to impute the attributes of the k nearest pixels with 
stand attribute data on each pixel in the study area. These attributes are imputed using a weighted mean. 
Although a range of weighting algorithms have been used, the most common is to weight the 
contribution of each of the k pixels on the imputed value by the distance, as measured by the distance 
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metric, between the contributing pixel and the imputed pixel. Franco-Lopez et al. (2001) explored the 
effect of using different weighting algorithms. The choice of k in this analysis is critical to the outcome. 
The more neighbours that are used the higher is the precision of the estimate, but with diminishing  
marginal returns as k is increased. Several authors have identified minimal increases in precision at 
values greater than k = 10 to 15 (Tokola et al. 1996, Nilsson 1997, Franco-Lopez et al. 2001). However, as 
discussed previously more neighbours can also lead to distortion of the correlation structure and 
restriction of the range of variation since larger values of k mean that predicted attribute values are being 
calculated as the central tendency of a larger number of actual measurements. Franco-Lopez et al. (2001) 
found a substantial reduction in variability for values of k greater than one. Ultimately, the choice of k 
depends on the objective of the analysis, and will be based on tradeoffs between the precision of 
estimates and retention of the full range of variability in the landscape (Franco-Lopez et al. 2001). 

Moeur and Stage (1995) use an imputation approach called Most Similar Neighbour (MSN). MSN uses an 
ordination model based on canonical correlation analysis (CCnA) to describe the position of a pixel in 
ordination space based on its mapped attributes. CCnA works by finding linear transformations between 
mapped and ground attributes that maximizes the correlation between the datasets. This allows the 
contribution of each mapped attribute to the final position of the pixel in ordination space to be 
proportional to its explanatory power. Distances between pixels are calculated using a Mahalanobis 
distance metric in ordination space, and ground attributes of the nearest neighbour are imputed on each 
pixel without measured ground attributes. The primary differences between kNN and MSN are the 
method of calculating distances between pixels in MSN preferentially weights attributes with greater 
explanatory power, and MSN always uses k = 1. Moeur and Stage (1995) also provide an excellent 
discussion of the strengths of imputation approaches in general, relative to regression approaches.  

One of the most recent approaches to this type of analysis is the Gradient Nearest Neighbour (GNN) 
method (Ohmann and Gregory 2002). This approach is very similar to MSN except that it uses canonical 
correspondence analysis (CCeA) rather than CCnA for developing the model that describes similarity 
between pixels. CCeA assumes a Gaussian response of ground attributes to mapped attributes (McCune 
and Grace 2002), whereas CCnA assumes a linear relationship. Furthermore, (Ohmann and Gregory 2002) 
use a forward stepwise procedure in their CCeA to remove variables that exhibit a high degree of 
collinearity. Given the similarity of GNN and MSN in most respects, the decision of which method to use 
should be based on exploratory analyses of the data to determine the shape of the relationship between 
mapped and ground attributes.  

The methods presented in this section, if successful, could be used to conduct a habitat supply analysis, 
similar to the existing timber supply analyses conducted by the B.C. provincial government, in which a 
suite of habitat attributes important to wildlife would be mapped via imputation and inventoried (see 
Stone 2000, Jones et al. 2002). 

2.1.3. Satellite Image Normalization 
Pixel values of satellite images such as LANDSAT can vary due to factors unrelated to ground conditions, 
such as atmospheric conditions and illumination angle (Cohen et al. 2001). The result is that two images 
representing identical areas on the landscape may have different pixel values. This can present a problem 
when pixel values are used to infer ground characteristics. Prior to using LANDSAT or SPOT satellite 
imagery, a normalization procedure is often required to ensure that the mosaic of images used in 
subsequent analyses is reasonably consistent among images. 

A plethora of normalization techniques exist in the literature. Many use models of atmospheric 
conditions and data from ground control points where “true” conditions are measured (e.g., Chavez 1989, 
Vermote and Kaufman 1995). These methods of absolute normalization are beyond the scope of our 
project, so we focus on relative normalization methods where overlapping images are normalized with 
respect to each other. The simplest method of relative normalization is to convert the digital number 
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(DN) pixel values to at-satellite reflectance (Huang et al. 2002a). A slightly more involved method 
requires developing a linear regression model of the relationship between pixel values in adjacent 
images, using pixels that occur in both images (Hall et al. 1991). By applying the regression equation, the 
pixels in one image can be adjusted to match the pixels in the other image. This method is only effective if 
a suitably high coefficient of determination (R2) can be achieved for the model. Methods to improve 
model fit (leading to higher R2 values) include focussing only on the portion of the image to be used, and 
removing outliers prior to running the regression. Even more involved methods of relative normalization 
have been developed, and could be employed to achieve greater consistency among images (e.g., Cohen 
et al. 2001). 

The difference in radiance between two pixels could be due to the amount of direct sunlight hitting each 
pixel, rather than differences in the vegetation. In turn, the amount of sunlight hitting a pixel is 
determined by the slope and aspect of the pixel, relative to the incidence angle of the sunlight. Gu and 
Gillespie (1998) provide a method for correcting the effect of solar incidence angle on at-satellite 
irradiance values. Specifically, they calculate the area of forest canopy that is directly lit by the sun, then 
use this value to normalize the area of the canopy lit by the sun and correct for the effects of topography 
on the irradiance at a particular point in the landscape (Equation 1). However, Gu and Gillespie’s (1998) 
correction method only addresses radiation that is directly reflected by the sun to the sensor. Therefore, 
as the solar incidence angle (i) approaches ninety degrees the equation for normalizing irradiance 
received at the sensor approaches zero. When i = 90 degrees the equation produces a division by zero 
error. When i is greater than ninety degrees, negative irradiance values are produced. The authors do not 
address this problem in their paper. Koukal (2004) provides a method to account for at-satellite radiance 
that comes from the reflectance of diffuse radiation which originates from reflectance off the atmosphere 
on to the pixel vegetation, as well as solar radiation directly reflected off vegetation within the pixel. This 
diffuse radiation is independent of i, so needs to be dealt with separately when calculating the effect of 
topography on at-satellite irradiance.  

Equation 1: Normalization of at-satellite radiance to account for topography 

 
i
ΘLL S

cos
cos*cos

0
α

∗=  

where 
0L   = total irradiance arriving at the sensor from pixel on horizontal terrain 

L   = total irradiance arriving at the sensor from pixel on sloped terrain 
α   = slope of terrain at pixel 

SΘ   = sun zenith angle 
i   = solar incidence angle 
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Table 1:  Summary of some key papers considered when reviewing analytical approaches. 

Authors Approach Author’s Objectives Appropriateness for our objectives 

Lefsky et al. 
2001 

Correlation of satellite imagery (including 
LANDSAT TM) with stand structural attributes 

Evaluate remote sensing products for forest 
inventory, monitoring and mapping 

We have the data to look for similar relationships 

Bahn and 
Newsom 2002 

Correlation of VRI polygon info with stand 
structural attributes 

Predict attributes important to MAMU from 
VRI polygon data 

Directly applicable for assessing the potential for 
increasing the number of attributes that can be 
predicted for VRI polygons. 

Cohen and Spies 
1992 

Correlations between TC/SPOT values and 
variability, and stand structural attributes 

Predict structural attributes from satellite 
imagery 

Directly applicable. They have the same objectives 
and the same data sources. 

Cohen et al. 
2001 

Regression models to predict stand structure 
attributes from TC 

Model forest cover attributes as spatially 
continuous variables 

Regression methodology may apply, but specific 
attributes they modeled not relevant to our study 

Cohen et al. 
1994 

Correlation and regression models to predict 
stand structure attributes from TC 

Estimate age and stand structure from 
remote sensing data 

Objectives the same as ours, but they were 
examining a more homogeneous ecosystem, had 
higher density of ground reference data, and data 
for whole stands versus small plots. 

Ohmann and 
Gregory 2002 

Gradient Nearest Neighbour Imputation 
(GNN) - Develop Canonical Correspondence 
Analysis ordination model to relate mapped 
data to field plot data, predict field data using 
ordination model 

Develop a continuous vegetation map using 
predictive relationships between remote 
sensing and ground data, while preserving 
covariance structure of data. 

Directly applicable to our project, although the 
authors were trying to predict different attributes 
than us. 

Moeur and Stage 
1995 

Most Similar Neighbour (MSN) - Develop 
Canonical Correlation Analysis ordination 
model to relate mapped data to field plot 
data, predict field data using ordination model 

Develop a continuous vegetation map using 
predictive relationships between remote 
sensing and ground data, while preserving 
covariance structure of data. 

Very similar to Ohmann and Gregory, but Moeur 
and Stage use Canonical Correlation Analysis. 
Assumptions of this linear method may not be 
relevant for our analyses.  
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3. Methods 

Our methodology examines the structure of datasets identified in the data sources document 
related to this report (Cortex Consultants Inc. 2006) and pilots methods for refining estimates of 
fine-scale habitat attributes that may reduce the problems with general habitat supply modelling 
identified earlier in this report. We based our analyses on a range of data sources, such as 
ecological field sample plots, remotely sensing imagery, and topographic data, in order to search 
for opportunities to expand and refine stand  measurements attributes available for VRI 
polygons, and increase the spatial resolution of mapped stand attributes to a scale finer than is 
currently available through VRI. 

First, we estimated additional stand structure attributes at the polygon scale, by exploring the 
relationships among common stand attributes mapped with higher accuracy and less common 
stand structure attributes considered important habitat elements for SPOWs. Second, we tested 
methods of inferring habitat attributes at finer-scales from remote sensing data, including 
correlation analyses and imputation approaches. 

Key ecological characteristics differ among biogeoclimatic zones, and some of these differences 
may be related to the relationships between habitat attributes and SPOW presence. Therefore, we 
stratified our analyses into maritime, sub-maritime, and continental ecosystems, based on the  
aggregation of biogeoclimatic variants into broad ecological groupings used by Sutherland et al. 
(2006) (Figure 1). Further stratification would result in more homogeneous stands, which may 
lead to stronger relationships between measured and predicted attributes. However, more strata 
would also create smaller sample sizes and reduce statistical power. 

3.1. Study Area 
Our study area is defined by the range of the Northern Spotted Owl in British Columbia, which 
extends north from the U.S. border to Lillooet, and east from Vancouver to Manning Park. The 
characteristics of Spotted Owl habitat vary within the B.C. range, which can be divided based on 
biogeoclimatic variants grouped into three sub-regions (Figure 1): Maritime (Wet), Sub-maritime 
(Moist) and Continental (Dry). 
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Figure 1: Study area for analyses, as defined by the range of the Spotted Owl (SPOW) in British 

Columbia.  

Shaded areas indicate climatic regions relevant to the SPOW as defined by Sutherland et al. 
(2006). 

 

3.2. Attributes from Plot Database 
We used the aggregate field-plot database (N=340 plots; Cortex Consultants Inc. 2006) containing 
18 structural attributes per plot, as the basis for our pilot analysis and testing. Four of these 
structural attributes were not directly identified as important to SPOW, but were included 
because they can be used to calculate other important attributes (see below) 

We identified other sources of plot data that include attributes important to the Northern Spotted 
Owl, but the format of the data was not appropriate for inclusion in our imputation analyses. 
However, these datasets were useful for validating our model. Specifically, we compare our 
predictions of stand attributes at the plot locations with the attribute data collected on the 
ground. 

The ground attributes used in our analyses are based on a list of attributes important to Spotted 
Owl that is derived from the literature (see Table 1 in Cortex Consultants Inc. 2006) 

3.3. Image Normalization 
A total of 11 SPOT 5 image scenes were acquired to provide coverage of our study area. Image 
scenes from the first column were acquired on August 11, 2004. Image scenes from the second 
and third columns were acquired on August 10, 2004. Image scenes from the last column were 
acquired on October 1, 2004.SPOT 5 images scenes consist of a single panchromatic band. Pixel 
resolution is 5 m, with positional accuracy of 10 m or better. The high resolution of SPOT 5 has 
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been shown to be useful for detecting patterns of light and shadow, which is known to be 
associated with stand structural complexity (Cohen et al. 1990, Cohen and Spies 1992).  

Three LANDSAT image scenes were acquired to provide coverage of the study area (Figure 4). 
Two scenes were acquired on the same date (22/09/2002), and the third was acquired a year 
earlier (12/09/2001). Each image scene consisted of 6 channels measuring reflected light from 6 
discrete wavelength bands. 

See Cortex Consultants Inc. (2006)  for more details on the SPOT 5 and LANDSAT ETM+ data 
used in this analysis. 

Satellite images vary between image scenes due to varying atmospheric conditions and artefacts 
of pre-processing (i.e. radiometric correction and ortho-rectification). We therefore tested the 
consistency between images by comparing pixels within overlapping regions, and applied 
normalization procedures. There are indications in the literature indicate that for SPOT 5 data, 
the variability of radiance values may be more useful than the magnitude of radiance for 
predicting stand structural attributes. Therefore, to check consistency among SPOT 5 images in 
the same column (or path) we randomly sampled 10 000 pixels from overlapping areas, 
calculated the magnitude and absolute difference of pixels in a 5 x 5 window around all plots for 
each image, and conducted a regression analysis to quantify the relationship between the two 
images. If the regression resulted in a high coefficient of determination (R2), and a slope near one, 
we made no further adjustment to the images. If the R2 was high but the slope differed from one, 
the linear transformation specified by the regression was applied to one of the images. If the R2 
was low and the slope differed from one, then we would conclude that it is not appropriate to use 
a mosaic of images in our analyses. Since images within a column were originally created by 
breaking up a continuous image recorded over one north-south pass of the satellite, we expect a 
good degree of correspondence among images with a column. If images within a column were 
consistent, we then repeated the process, comparing pixels between images of different columns.  

Normalization of the LANDSAT images involved first converting from radiance to at-sensor 
reflectance (Huang et al. 2002b). A tasselled cap transformation was then applied using axis 
rotation coefficients provided in Huang et al. (2002b). The third axis of tasselled cap transformed 
multi-spectral satellite images is uncorrelated with illumination angle, and has been shown to be 
associated with stand structure (Cohen and Spies 1992, Huang et al. 2002a).   

LANDSAT ETM+ digital number values were converted to at-satellite-reflectance which has been 
shown to improve correspondence among images (Huang et al. 2002b). All LANDSAT images 
were further processed by applying a tasselled cap transformation (Huang et al. 2002a).  

3.3.1. Topographic effects on pixel values 
Radiance from a particular point on the landscape is influenced by the amount of light that point 
is receiving from the sun, which in turn is related to that point’s aspect and slope. In order to 
detect whether radiance values in satellite imagery were responding to amount of light received 
by the pixel rather than actual structural differences on the ground, we looked for correlations 
between mean pixel values in a 90m x 90m window, and the cosine of the incidence angle of the 
sun (cos i). High coefficients of determination indicate that pixel values are responding to 
landscape position, and that this response could be driven by the amount of sunlight hitting the 
pixel. Topographic normalization procedures are available that attempt to correct for solar 
incidence angle ( Gu and Gillespie 1998). We also checked for correlations between the absolute 
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difference of pixels in a 90m x 90m window and cos i to see if pixel variability was also associated 
with landscape position. Since we would expect variability to be independent of the amount of 
light hitting the landscape, we interpreted significant correlations between absolute difference 
and cos i to indicate that stand structure is affected by landscape position. 

3.4. Expanding and refining VRI polygon attributes 
3.4.1. Correlations among stand attributes 
The goal of this correlation analysis was to evaluate effectiveness of using stand structure to 
predict attributes that were not mapped across the range of the Spotted Owl. Specifically, we 
attempted to increase the number and reliability of stand structure attributes associated with VRI 
polygons.  

A broad suite of mensuration attributes are generally collected in the course of forest mapping in 
BC (e.g., stand volume, density, etc.), however most of these attributes are not directly relevant as 
habitat features for Spotted Owl. We assessed if models could be developed to predict the 
occurrence of stand structure attributes important for identifying SPOW habitat from more 
commonly available mensuration attributes. We calculate coefficients of determination between 
all pairs of variables from each of the two attribute groups (mensuration and habitat to evaluate 
effectiveness of the approach). High coefficients of determination indicate a strong relationship 
between two variables, and good potential for contributing to a predictive model. In addition to 
common stand structure variables, we also considered the value of Stand Density Index (SDI: 
Reineke 1933, cited in Caouette and DeGayner 2005) as a predictor of SPOW habitat attributes. 
SDI is correlated with many aspects of stand structure, including attributes important to wildlife 
such as crown closure, and differentiation of crown classes (Lillieholm et al. 1994) 

3.4.2. Correlations between stand attributes and VRI polygon attributes 
We looked for correlations between attributes measured in field sample plots and attributes 
measured in VRI polygons. The goal was to determine how well attributes estimated at the 
polygon scale correspond to those measured at the scale of field plots, and also to determine 
whether we could predict structural attributes important for identifying SPOW habitat using 
attributes measured for VRI polygons. Three variables were available in both the sample plot 
data and VRI polygon data: stand volume, stand density and snag density. We also evaluated 
correlations within and between mensuration attributes available for VRI polygon and stand 
structure attributes available for sample plots, to determine whether it was possible to develop 
predictive relationships that would expand the stand structure attributes ascribed to VRI 
polygons. For example, if snag volume and stand volume are highly correlated within field plots 
and stand volume in field plots corresponds well to stand volume in VRI polygons, perhaps 
stand volume in VRI polygons could be used to estimate snag volume in VRI polygons. 

3.5. Increasing spatial resolution of mapped stand structure attributes 
3.5.1. Correlations between remote-sensing data and stand attributes 
Previous studies have demonstrated the utility of using remote sensing imagery to predict stand 
structural attributes (see literature review.), We assessed correlations between satellite image 
indices computed at sample plot locations with stand structural attributes measured for the 
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corresponding sample plot. Guided by previous studies, we chose to apply a tasselled cap 
transformation on all LANDSAT images (Huang et al. 2002a), based on its demonstrated utility in 
predicting stand structure in forest types similar to those in our study area with the third axis 
(e.g., Cohen and Spies 1992).  

SPOT 5 is panchromatic (has only 1 spectral band) and this type of transformation was not 
possible.  Cohen and Spies (1992) demonstrated that in some cases texture indices may be better 
detect forest structure better than absolute radiance or reflectance values. Specifically, they found 
that absolute difference (AD; Rubin 1990) captured “a greater dynamic range of spectral 
information” relative to the simpler measure of standard deviation, so we chose AD for 
subsequent analyses. For the LANDSAT ETM+ tasselled-cap images and the SPOT 5 
untransformed images, we looked for correlations between structural attributes, and both pixel 
values and absolute difference in a 90m x 90m window centred on each field plot location.  

3.5.2. Gradient Nearest-Neighbour imputation (GNN) 
Overview of GNN 
We chose to use GNN with some modifications for imputation analyses, based on its strong 
ability to preserve both the correlation structure of the dataset, and the full range of variation in 
the dataset. In addition, GNN assumes a Gaussian relationship between mapped and ground 
attributes (versus the linear relationship assumed by MSN). This assumption fits the unimodal 
relationships we observed in our dataset.  The steps in our application of the GNN methodology 
are described in detail below. 

First, we developed a database of ground sample plot data containing the attributes to be 
modeled. The values of attributes in this database were transformed to ensure that attributes 
measured on larger scales do not have an undue influence on subsequent analyses. Specifically, 
all values of an attribute were divided by the largest value of that attribute, normalizing each 
attribute to a value between zero and one. Second, we assembled a spatial database of mapped 
explanatory attributes were used to describe the multivariate relationship among points in the 
landscape. Details on the assembly of these datasets can be found earlier in this report, as well as 
in Cortex Consultants Inc. (2006). 

Once the explanatory and ground data were assembled, the nest step was to develop a model 
describing the relationship between these two datasets using a step-wise CCA gradient analysis. 
During the CCA, explanatory variables that are highly collinear were identified, and only the 
collinear variable that best explains variation in the ground data were retained. The number of 
CCA axes to include in the model depended on the structure of the ordination, and the marginal 
value of additional axes based on their ability to explain variation in the dataset. The resultant 
CCA model could then used to predict CCA scores for every pixel in the study. Finally, for each 
mapped pixel the nearest ground plot pixel can identified, where distance is measured by 
calculating the Euclidean distance between pixels in CCA ordination space, with each axis 
weighted by its eigenvalue. Finally, the ground attributes of this nearest ground plot pixel can be 
imputed to the mapped pixel.  

Since each step in the GNN is dependent on the previous step, how far we actually went in the 
process depended on the outcome of each previous step. For example, if the CCA was not able to 
explain much of the variation in the dataset, there was no point in proceeding to the imputation 
step. 
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3.5.3. Sources of Error 
Numerous studies have identified relationships between stand structural attributes and satellite 
data (see literature review). However, many of the characteristics correlated with satellite 
imagery attributes, including crown structure, shadows, and canopy composition are strongly 
related to the age of the stand. In natural stands most of these characteristics are strongly 
correlated with stand age. However, stand attributes that are correlated with stand age in natural 
stands, but not directly related to the characteristics detected by satellite reflectance values may be 
incorrectly predicted in managed stands where canopy characteristics are artificially altered 
(Cohen et al. 1995). This problem is especially relevant given the increase in partial harvesting 
techniques, such as variable retention, in British Columbia’s forests. 
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4. Results 

4.1. Data processing 
The distribution of VRI and PSP sample plots in our analyses are not evenly distributed in each of 
the three sub-regions. Figure 1 compares the proportion of VRI and PSP sample plots located in 
the maritime, sub-maritime and continental sub-regions within the BC range of the Spotted Owl 
with the proportional area in each sub-region. Relative to the proportional area in each sub-
region, the sub-maritime is over-represented and the continental ecosystems are under-
represented for both the PSP and VRI datasets. The proportion of VRI and PSP plots located in 
the maritime sub-region is roughly equivalent to the proportional area located in this sub-region. 
Areas classified as “Other” consist mostly of sub-alpine and alpine BEC variants, and are not 
considered capable habitat for SPOWs (Sutherland et al. 2006). Sample plots are under-
represented in this area for both datasets, although representation is better for VRI than PSP 
plots. Overall, plots from the VRI dataset are more evenly distributed and better represent the 
areal occurrence of the three sub-regions across the range of the SPOW, than are plots from the 
PSP dataset. 
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Figure 2:  Proportion of VRI and PSP sample plots in maritime regions, from the VRI and PSP datasets. 

 The proportion of the total area of the Spotted Owl’s Canadian range in each ecosystem region 
is shown for comparison. Definition of ecosystem regions is based on BEC variants 
(Sutherland et al. 2006). 
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4.1.1. Distributional characteristics of plot databases 
Frequency distributions of attributes measured in Vegetation Resources Inventory sample plots 
(VRI) differ from distributions of the same attributes measured in the Permanent Sample Plots 
(PSP). With the exception of stand height and quadratic mean diameter, the sampling 
distributions of all the attributes examined for VRI plots were non-normal, and all were 
positively skewed (Table 2). Distributions of many of the attributes measured in PSP plots were 
also positively skewed, but some showed normal distributions (Table 3). In particular, stand 
volume (Figure 3), stem density (Figure 4) and mean snag diameter (Figure 5) were normally 
distributed in the PSP plots, but with a strong positive skew in the VRI plots. 

Frequency distributions for snag density were positively skewed in both the VRI and PSP 
datasets. Density of snags less than 35 cm in diameter were more strongly skewed in VRI plots, 
and snags greater than 85cm were more strongly skewed in PSP plots.  

Compared with the PSP dataset, frequency distributions for most VRI attributes covered a wider 
range, contained greater frequencies of zero values, and had larger maxima across all attributes 
(Table 3 vs. Table 2). 

Table 2:  Sampling distribution characteristics for the Vegetation Resources Inventory (VRI) dataset (N = 
144). 

 Minimum Maximum Mean Standard 
Deviation 

Skewness 

Stand Volume (m3 / ha) 0.0 2506.9 348.5 418.8 2.06 

Height (m) 0.0 54.0 17.4 12.0 0.03 

Stand Density (stems / ha) 0.0 1532.0 410.4 399.1 0.98 

Basal Area (m2 / ha) 0.0 160.0 37.4 36.2 1.06 

Quadratic Mean Diameter 0.0 112.5 36.1 27.0 0.51 

Stand Density Index 0.0 30359.7 4383.1 5305.4 2.24 

Stand Density DBH > 60 cm 
(stems / ha) 0.0 244.0 19.4 38.9 2.78 

Stand Density 35 cm < DBH < 
30 cm 0.0 658.0 81.5 125.6 1.95 

Deciduous Basal Area (m2 / 
ha) 0.0 48.0 0.9 5.2 6.98 

Snag Basal Area (m2 / ha) 0.0 100.0 6.9 14.8 3.11 

Snag Volume (m3 / ha) 0.0 899.0 44.6 116.5 4.31 

Snag Density (stems / ha) 0.0 1418.0 50.9 149.9 6.00 

Snag Density DBH > 85 cm 0.0 36.0 1.7 6.4 3.91 

Snag Density DBH < 35 cm 0.0 1418.0 31.5 140.2 7.44 

Snag DBH (cm) 0.0 115.0 16.7 30.0 1.68 

SD Snag DBH (cm) 0.0 67.0 1.8 7.2 6.41 
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Table 3:  Sampling distribution characteristics for the Permanent Sample Plot (PSP) dataset (N = 193). 

 
Minimum Maximum Mean Standard 

Deviation 
Skewness 

Stand Volume (m3 / ha) 27.4 2522.6 672.4 408.5 1.11 

Height (m) 15.0 46.0 27.2 6.2 0.39 

Stand Density (stems / ha) 150.0 1561.0 578.0 233.9 1.05 

Basal Area (m2 / ha) 4.2 164.7 56.2 24.4 0.57 

Quadratic Mean Diameter 18.8 92.1 36.0 11.2 1.16 

Stand Density Index 413.8 8722.6 4247.2 1523.9 -0.01 

Stand Density DBH > 60 cm (stems / ha) 0.0 173.0 32.2 44.4 1.34 

Stand Density 35 cm < DBH < 30 cm 0.0 433.0 142.4 91.4 0.35 

Deciduous Basal Area (m2 / ha) 0.0 31.0 1.2 3.9 5.28 

Snag Basal Area (m2 / ha) 0.0 34.0 6.8 6.5 1.54 

Snag Volume (m3 / ha) 0.0 474.0 71.6 81.9 2.31 

Snag Density (stems / ha) 0.0 504.0 107.4 84.5 1.07 

Snag Density DBH > 85 cm 0.0 25.0 0.2 2.1 9.79 

Snag Density DBH < 35 cm 0.0 425.0 90.8 77.3 1.24 

Snag DBH (cm) 0.0 61.0 23.9 10.2 -0.37 

SD Snag DBH (cm) 0.0 33.0 6.0 5.6 1.70 
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Figure 3:  Sampling distribution of stand volume (m3/ha) for live stems in plots from the VRI and PSP 

datasets. 
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Figure 4:  Sampling distribution of stand density (stems/ha) for live stems with a diameter at breast height 

(DBH) of between 35 cm and 60 cm measured in plots from the VRI and PSP datasets. 
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Figure 5:  Sampling distribution of average diameter (cm) for snags measured in plots from the VRI and 

PSP datasets. 
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Figure 6:  Sampling distribution of density (#/ha) of snags less than 35 cm DBH measured in plots from 

the VRI and PSP datasets. 
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4.1.2. Image normalization 
LANDSAT ETM+ 
Between-scene variability required that LANDSAT images be normalized prior to analysis. Image 
bands from adjacent LANDSAT scenes were normalized by first converting pixel radiance values 
to at-sensor reflectance, and then applying the tasselled cap transformation to all LANDSAT 
image bands. 

To evaluate the effectiveness of LANDSAT image normalization, pixel values were randomly 
sampled from the same locations in regions where two images overlap. The slope of the linear 
regression best-fit line through pixel values measured for two images provides an indication of 
bias between images, where slopes greater than 1 indicate positive bias in the image represented 
on the Y-Axis. The coefficient of determination for the linear regression provides an indication of 
the overall correspondence between images, and the intercept indicates how bias is distributed 
across the range of pixel values. 

Table 3 shows the results of linear regressions evaluating correspondence between pixel values 
sampled from overlapping regions in normalized LANDSAT images. Image normalization was 
effective, with pixel values in all three images being highly correlated, their intercepts located 
near zero and their slopes estimated to be close to one. 

Table 4:  Results of linear regressions comparing pixel values sampled randomly from overlapping regions of 
adjacent LANDSAT ETM+ images (N = 10 000). 

 Scene1 vs. Scene2 Scene3 vs. Scene2 Scene3 vs. Scene1 

TC1    

slope 1.04 0.92 0.99 

intercept -0.004 0.003 -0.002 

coefficient of determination (R2) 0.88 0.77 0.94 

TC2    

slope 0.90 0.79 0.89 

intercept -0.004 -0.008 -0.004 

coefficient of determination (R2) 0.77 0.66 0.85 

TC3    

slope 1.00 0.90 0.95 

intercept 0.005 -0.004 -0.004 

coefficient of determination (R2) 0.91 0.81 0.95 
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Figure 7.  Scatter plots of pixel values sampled randomly from overlapping regions of adjacent LANDSAT 

scenes for axis three of the tasselled cap transformed LANDSAT image bands (N=1000). 

 

SPOT 5 
We obtained a total of eleven SPOT 5 image scenes, within four vertical columns, covering our 
study area. Generally, images from within the same column were acquired on the same dates 
with similar solar illumination characteristics. We compared values from a random sample (N = 
1000) of pixels in overlapping regions for images within the same column, and images in adjacent 
columns. With the exception of images from column 524, pixel values sampled from SPOT 5 
images within the same column had high correspondence and showed only a small degree of bias 
(Figure 7). 
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Figure 8.  Scatter plots of pixel values sampled randomly from overlapping regions of adjacent SPOT 5 

scenes (N=1000).  

SPOT 5 image scenes are identified with a 6 digit number. The first three numbers represent 
the column, the last three numbers represent the individual scene. 

Compared with SPOT 5 images within the same column, images from adjacent columns are only 
moderately related (Figure 9). Columns 521 and 523 showed highest correspondence (R2 = 0.91), 
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but a regression slope coefficient of 2.5 indicates a large positive bias in the magnitude of pixel 
values in column 523 (Figure 8). The weakest correspondence was found between images in 
columns 524 and 523, with only 52% of the variation pixel values in column 524 explained by 
values from column 523. More serious problems were evident when comparing column 521 with 
column 523. The range of pixel values from images in Column 523 appear to be truncated; pixels 
with values greater than 90 in column 521, appear truncated to a maximum value of around 250 
in column 523. 
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Figure 9: Scatter plots of pixel values sampled randomly from overlapping regions from adjacent 

columns of SPOT 5 images (N=1000). 

 

4.1.3. Satellite image variance indices 
For both the SPOT 5 and normalized LANDSAT images, we computed the mean, variance and 
the absolute difference index of pixel values sampled from within a 90m x 90m sample window 
(LANDSAT ETM+ = 3 x 3 pixels, SPOT 5 = 18 x 18 pixels) centred on the locations of VRI and PSP 
sample plots in the aggregate database. In all cases, distributions of variance and absolute 
difference for pixels were negatively skewed.  

The illumination of a surface, and consequently the magnitude of radiance received by the 
satellite sensor, is influenced by the topographic position of the surface (slope and aspect) and the 
sun incidence angle (the angle between the sun and a line perpendicular to the surface). Surfaces 
directly facing the sun have a sun incident angle near zero, and a cosine of 1. Shadowed surfaces 
facing the opposite direction have angles approaching 180, with a cosine of –1. Figure 9 shows the 
influence of illumination geometry on the magnitude pixel values at field plot locations for the 
first 3 axes of the tasselled cap transformed LANDSAT image mosaic. Mean pixel values obtained 
from a 3 x 3 pixel sample window are positively correlated with the cos i for the first two axes. 
Although the coefficient of variation is relatively low, mean pixel values sampled from the third 
axis appear negatively correlated with cos i. For samples measured from all three axes, variance 
is lower for shaded slopes facing away from the sun, and increases with samples obtained from 
surfaces facing the sun. Measurements of the absolute difference index are not correlated with cos 
i (Figure 10). This index is effective at minimizing the effects of topography on differences in 
illumination, since the absolute difference index compares relative differences among pixel 
values in a sample window, rather than absolute values of those pixels. 
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Figure 10.  Relationship between the mean of 3 x 3 sample window first 3 axes of tasselled cap 
transformed LANDSAT images and the cosine of the solar incidence angle for a 3 x 3 pixel 
window centred on VRI and PSP sample plots (N = 340) 
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Figure 11: Relationships between the absolute difference index computed for pixel values sampled from 
the first 3 axes of tasselled cap transformed LANDSAT images and the cosine of the solar 
incidence angle (N = 340). 

Pixel values sampled from SPOT 5 images are less correlated with solar incidence angle, and as 
with samples of LANDSAT ETM+ images, the absolute difference index effectively removes any 
correlation that may exist (Figure 11).  
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Figure 12:  Relationships between (a) the mean and (b) absolute difference index of pixel values sampled 

from SPOT 5 and the cosine of the solar incidence angle for an 18 x 18 pixel sample window 
centred on VRI and PSP sample plots. 

 

4.2. Expanding and refining VRI polygon attributes 
4.2.1. Correlations among stand attributes 
We found some significant correlations between mensuration attributes and habitat attributes of 
stands within the PSP dataset for sub-maritime and maritime ecosystems (Table 5).  There were 
no significant relationships for plots from continental ecosystems, although the sample size for 
this region was very small (N = 8).  Stand density, snag volume, snag DBH and the standard 
deviation of snag DBH exhibited significant correlations with most mensuration attributes.  For 
almost all habitat variables, the strongest relationships were seen with quadratic mean diameter 
(QMD). 

For VRI plots we found a similar pattern of correlations between mensuration and habitat 
attributes as was seen for PSP plots (Table 6).  However, relationships were generally weaker as 
indicated by coefficients of correlation, and there were fewer significant relationships.  Once 
again, the strongest relationships were seen for maritime and sub-maritime ecosystems, with 
continental ecosystems having the smallest sample size (N = 14).  Only stand densities exhibited 
significant correlations with most mensuration attributes, although volume and SDI showed 
moderately strong relationships with snag volume, DBH and standard deviation of DBH in 
maritime ecosystems.  Overall, QMD and stand volume showed strong relationships with the 
most habitat attributes. 

When interpreting the correlations presented in Table 5 and Table 6, it is worth noting that 
statistical significance was not adjusted to account for multiple comparisons.  The intent of these 
tables is just to show possibilities for expanding plot database to include mensuration plots by 
using relationships between mensuration and SPOW attributes to predict SPOW attributes in 
these plots. 
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Table 5:  Spearman rank correlation coefficients indicating the strength and direction of correlations between 
stand attributes important for classifying Spotted Owl habitat measured from PSP sample plots (rows) and 
attributes for the VRI polygon containing the sample point (columns).  

N = sample size. QMD = Quadratic Mean Diameter, SDI = Stand Density Index. Bold indicates p < 0.01.  

 
N Volume 

(m3/ha) 
Height 
(m) 

Density 
(stems/ha)

QMD SDI 

Stand Density DBH > 60 cm 
(stems / ha)       

Continental 8 - - - - - 

Sub-maritime 132 0.71 0.72 -0.41 0.83 0.50 

Maritime 51 0.89 0.83 -0.64 0.93 0.66 

Stand Density 35 cm ≤ DBH ≤ 60 cm 
(stems / ha)       

Continental 8 0.41 0.25 -0.08 0.58 0.41 

Sub-maritime 132 0.63 0.55 0.13 0.56 0.60 

Maritime 51 0.40 0.36 0.10 0.30 0.46 

Deciduous Basal Area (m2 / ha)       

Continental 8 -0.51 -0.76 -0.51 -0.48 -0.51 

Sub-maritime 132 -0.04 0.06 -0.13 0.04 -0.12 

Maritime 51 -0.15 -0.28 0.08 -0.11 -0.06 

Snag Volume (m3 / ha)       

Continental 8 0.59 0.76 0.76 0.59 0.59 

Sub-maritime 132 0.37 0.41 -0.17 0.43 0.26 

Maritime 51 0.47 0.42 -0.29 0.53 0.29 

Snag Density DBH > 85 cm  
(snags / ha)       

Continental 8 - - - - - 

Sub-maritime 132 0.13 0.10 -0.09 0.16 0.10 

Maritime 51 - - - - - 

Snag Density DBH < 35 cm  
(snags / ha)       

Continental 8 0.63 0.79 0.75 0.63 0.63 

Sub-maritime 132 0.06 0.03 0.27 -0.04 0.14 

Maritime 51 0.30 0.21 0.16 0.18 0.34 

Snag DBH (cm)       

Continental 8 0.65 0.79 0.58 0.75 0.65 

Sub-maritime 132 0.42 0.49 -0.38 0.61 0.24 

Maritime 51 0.48 0.42 -0.52 0.67 0.30 

SD Snag DBH (cm)       

Continental 8 0.44 0.66 0.76 0.36 0.44 

Sub-maritime 132 0.37 0.39 -0.24 0.49 0.28 

Maritime 51 0.45 0.37 -0.42 0.60 0.29 
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Table 6:  Spearman rank correlation coefficients indicating the strength and direction of correlations between 
stand attributes important for classifying Spotted Owl habitat measured from VRI sample plots (rows) and 
attributes for the VRI polygon containing the sample point (columns).  

N = sample size. QMD = Quadratic Mean Diameter, SDI = Stand Density Index. Bold indicates p < 0.01.  

 
N Volume 

(m3/ha) 
Height 
(m) 

Density 
(stems/ha)

QMD SDI 

Stand Density DBH > 60 cm 
(stems / ha)       

Continental 14 -0.35 0.26 -0.28 0.70 -0.15 

Sub-maritime 61 0.78 0.77 0.31 0.83 0.71 

Maritime 23 0.53 0.52 0.08 0.72 0.47 

Stand Density 35 cm ≤ DBH ≤ 60 cm 
(stems / ha)       

Continental 14 0.76 0.41 0.43 0.13 0.54 

Sub-maritime 61 0.67 0.53 0.52 0.46 0.63 

Maritime 23 0.86 0.81 0.57 0.82 0.76 

Deciduous Basal Area (m2 / ha)       

Continental 14 - - - - - 

Sub-maritime 61 0.16 0.20 0.11 0.19 0.15 

Maritime 23 0.45 0.37 0.25 0.48 0.37 

Snag Volume (m3 / ha)       

Continental 14 0.44 0.42 0.05 0.09 0.00 

Sub-maritime 61 0.30 0.33 0.18 0.31 0.29 

Maritime 23 0.61 0.48 0.38 0.50 0.64 

Snag Density DBH > 85 cm  
(snags / ha)       

Continental 14 - - - - - 

Sub-maritime 61 0.31 0.33 0.19 0.26 0.28 

Maritime 23 0.32 0.19 0.16 0.29 0.23 

Snag Density DBH < 35 cm  
(snags / ha)       

Continental 14 0.22 0.13 0.22 -0.10 0.16 

Sub-maritime 61 0.14 0.10 0.21 0.02 0.19 

Maritime 23 - - - - - 

Snag DBH (cm)       

Continental 14 0.41 0.38 0.02 0.09 -0.01 

Sub-maritime 61 0.32 0.34 0.21 0.34 0.32 

Maritime 23 0.62 0.46 0.37 0.52 0.63 

SD Snag DBH (cm)       

Continental 14 0.31 0.31 0.31 -0.10 0.17 

Sub-maritime 61 0.18 0.28 0.09 0.18 0.16 

Maritime 23 0.56 0.38 0.39 0.45 0.53 
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4.2.2. Correspondence between sample plots and VRI polygon attributes 
Of those stand attributes shared by both the VRI/PSP sample plots and the VRI polygon data 
(i.e., stand volume, stem density, and snag volume), only stand volume was significantly 
correlated between sample plots and polygon measurements (Figure 12). Stem density (Figure 14) 
and snag volumes (Figure 15) measured for sample plots showed very little to no relationship 
with values assigned to polygons containing the sample point. 

Figures 15 to 17 illustrate the large range of variability in sample plot measurements of stand 
attributes obtained from groups of sample plots located within the same VRI polygon. While 
these figures do not represent a proper statistical analysis, they do emphasise the large amount of 
internal heterogeneity that can exist within a VRI polygon for all three attributes considered.  
Stand volume measurements from VRI polygons are generally lower than values measured from 
sample plots (Figure 15), whereas stand density polygon measurements are more variable with 
respect to values from sample plots (Figure 16). Sample plot measurements of snag density are 
highly variable within a single polygon (Figure 17). Furthermore, polygon measurements of snag 
density are consistently lower than sample plot measurements, and are often near zero, whereas 
plot measurements may be considerably greater (Figure 17). 

 
Figure 13.  Relationships between stand volume measured from sample plots and from the corresponding 

VRI polygon containing the sample point for VRI (top) and PSP (bottom) sample plots (VRI: N 
= 147, PSP: N = 213). 
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Figure 14.  Relationships between stand density measured from sample plots and from the corresponding 

VRI polygon containing the sample point for VRI (top) plots and PSP (bottom) plots (VRI: N = 
147, PSP: N = 213). 
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Figure 15.  Relationships between snag densities measured from sample plots and from the 

corresponding VRI polygon containing the sample point for VRI (top) plots and PSP (bottom) 
plots (VRI: N = 147, PSP: N = 213). 
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Figure 16.  Ranges of stand volume measurements obtained for PSP sample plots (diamonds connected 

by line) located within the same VRI polygons (circles).  
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Figure 17.  Ranges of stand density measurements obtained for PSP sample plots (diamonds connected 

by line) located within the same VRI polygons (circles). 
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Figure 18.  Ranges of snag density measurements obtained for PSP sample plots (diamonds connected 

by line) located within the same VRI polygons (circles). 

 

4.3. Increasing spatial resolution of mapped stand structure attributes 
4.3.1. Correlations with satellite imagery 
In general, there were few significant relationships between satellite imagery indices and habitat 
attributes, and where such relationships did occur they were primarily in maritime ecosystems.  
For the PSP dataset, density of large trees and diameter of snags showed the strongest 
relationships with satellite imagery (Table 7).  Among the imagery indices examined TC3 
performed the poorest in predicting habitat attributes within the PSP dataset, which is contrary to 
our expectation after reviewing the literature.  For the VRI dataset, there were no significant 
relationships between imagery indices and habitat attributes, with the exception of the 
moderately strong relationship between tasselled cap values and density of large trees (Table 8). 
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Table 7:  Spearman rank correlation coefficients indicating the strength and direction of correlations between 
stand attributes important for classifying Spotted Owl habitat measured from PSP sample plots (rows) and 
satellite imagery attributes from a 90m x 90m window centred at the plot location (columns).  

N = sample size. TC = Tasselled Cap axis, AD = Absolute Difference. Bold indicates p < 0.01.  

 
N TC1 

Average 
TC2 
Average 

TC3 
Average 

TC3 AD SPOT 
Average 

SPOT AD 

Stand Density DBH > 60 cm 
(stems / ha)   

 
    

Continental 8 (0) - - - - - - 

Sub-maritime 132 (72) -0.03 0.02 0.03 0.08 0.14 0.36 

Maritime 51 (44) -0.49 -0.48 0.29 -0.10 -0.61 0.40 

Stand Density 35 cm ≤ DBH ≤ 60 cm 
(stems / ha)        

Continental 8 (0) 0.58 0.58 -0.58 0.25 - - 

Sub-maritime 132 (72) 0.13 0.21 -0.06 0.06 0.25 0.38 

Maritime 51 (44) -0.17 -0.14 0.16 -0.30 -0.31 0.07 

Deciduous Basal Area (m2 / ha)        

Continental 8 (0) 0.41 0.34 -0.30 0.11 - - 

Sub-maritime 132 (72) 0.21 0.12 -0.21 0.26 0.03 0.18 

Maritime 51 (44) 0.24 0.25 -0.30 0.38 0.25 0.13 

Snag Volume (m3 / ha)        

Continental 8 (0) -0.49 -0.44 0.51 -0.32 - - 

Sub-maritime 132 (72) 0.08 0.16 -0.10 0.09 0.29 0.26 

Maritime 51 (44) -0.37 -0.34 0.18 -0.02 -0.46 0.28 

Snag Density DBH > 85 cm  
(snags / ha)        

Continental 8 (0) - - - - - - 

Sub-maritime 132 (72) - - - - - - 

Maritime 51 (44) -0.03 -0.01 -0.02 0.02 - - 

Snag Density DBH < 35 cm  
(snags / ha)        

Continental 8 (0) -0.50 -0.49 0.50 -0.36 - - 

Sub-maritime 132 (72) 0.16 0.25 -0.10 0.03 0.24 0.15 

Maritime 51 (44) -0.15 -0.10 0.02 -0.18 -0.24 0.07 

Snag DBH (cm)        

Continental 8 (0) -0.23 -0.29 0.23 -0.23 - - 

Sub-maritime 132 (72) -0.02 0.04 -0.02 0.07 0.15 0.26 

Maritime 51 (44) -0.43 -0.41 0.25 0.01 -0.51 0.42 

SD Snag DBH (cm)        

Continental 8 (0) -0.68 -0.52 0.74 -0.30 - - 

Sub-maritime 132 (72) 0.05 0.09 -0.07 0.05 0.20 0.21 

Maritime 51 (44) -0.35 -0.33 0.16 0.01 -0.52 0.32 
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Table 8:  Spearman rank correlation coefficients indicating the strength and direction of correlations between 
stand attributes important for classifying Spotted Owl habitat measured from VRI sample plots (rows) and 
satellite imagery attributes from a 90m x 90m window centred at the plot location (columns).  

N = sample size. TC = Tasselled Cap axis, AD = Absolute Difference. Bold indicates p < 0.01.  

 
N TC1 

Average 
TC2 
Average 

TC3 
Average 

TC3 AD SPOT 
Average 

SPOT AD 

Stand Density DBH > 60 cm 
(stems / ha)   

 
    

Continental 14 (0) 0.01 0.14 -0.05 0.02 - - 

Sub-maritime 60 (54) -0.19 -0.26 0.13 -0.11 -0.16 0.23 

Maritime 23(15) -0.67 -0.61 0.62 -0.24 -0.58 0.10 

Stand Density 35 cm ≤ DBH ≤ 60 cm 
(stems / ha)        

Continental 14 (0) -0.46 -0.32 0.49 0.09 - - 

Sub-maritime 60 (54) -0.30 -0.22 0.29 -0.25 -0.31 0.09 

Maritime 23(15) -0.45 -0.20 0.47 -0.15 -0.43 -0.12 

Deciduous Basal Area (m2 / ha)        

Continental 14 (0) - - - - - - 

Sub-maritime 60 (54) 0.14 0.14 -0.05 -0.03 0.26 0.23 

Maritime 23(15) -0.24 -0.19 0.17 0.14 -0.15 0.38 

Snag Volume (m3 / ha)        

Continental 14 (0) -0.25 -0.07 0.22 -0.05 - - 

Sub-maritime 60 (54) -0.07 -0.20 0.05 0.04 -0.09 0.08 

Maritime 23(15) -0.35 -0.20 0.39 -0.41 -0.15 -0.28 

Snag Density DBH > 85 cm  
(snags / ha)        

Continental 14 (0) - - - - - - 

Sub-maritime 60 (54) -0.12 -0.04 0.14 -0.07 -0.17 -0.07 

Maritime 23(15) -0.10 0.00 0.06 0.00 -0.09 0.00 

Snag Density DBH < 35 cm  
(snags / ha)        

Continental 14 (0) 0.09 0.31 -0.12 0.34 - - 

Sub-maritime 60 (54) -0.15 -0.12 0.20 -0.17 -0.08 -0.08 

Maritime 23(15) - - - - - - 

Snag DBH (cm)        

Continental 14 (0) -0.23 -0.09 0.17 -0.03 - - 

Sub-maritime 60 (54) -0.10 -0.18 0.08 0.01 -0.15 0.04 

Maritime 23(15) -0.37 -0.22 0.39 -0.35 -0.17 -0.20 

SD Snag DBH (cm)        

Continental 14 (0) -0.03 0.31 0.17 0.10 - - 

Sub-maritime 60 (54) 0.09 -0.08 -0.10 0.08 0.13 0.08 

Maritime 23(15) -0.16 -0.03 0.18 -0.15 -0.06 -0.14 
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4.3.2. Gradient Nearest Neighbour Imputation (GNN) 
We successfully assembled a database of plot attribute data, and normalized all attributes so they 
ranged from zero to one.  We also were able to assemble the spatial database of mapped 
explanatory variables as described above. Preliminary correlation analyses presented earlier in 
this section indicated a very weak correlation structure between plot attributes and mapped 
explanatory attributes.  We attempted to conduct a CCA using CANOCO’s built-in procedures 
for optionally removing collinear variables.  However, no matter what combination of 
explanatory variables we used, we could not get ordinations to explain more than a few percent 
of the variation in the dataset.  Therefore, we decided not to proceed further with the GNN 
analysis for this case study. We remain optimistic that the GNN methodology may be useful to 
this type of habitat attribute estimation, where higher densities of sample plots occur. 
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5. Discussion 

5.1. Evaluation of Datasets 
5.1.1. Aggregate Plot Database 
In order to consider stand attributes measured from the sample plot database it was necessary to 
validate the assumption that samples were representative of the areal unit considered, in this case 
the VRI polygon. We found that for common, or evenly distributed stand attributes (e.g., stand 
volume, stem density), sample plots were relatively accurate, with the range of variability of plots 
within a polygon usually containing the coarser-scale value assigned to the polygon. However, 
we found a large degree of variation among sample plots located within a single VRI polygon, 
suggesting that the value assigned to the polygon is not necessarily representative of any 
particular point in the polygon. Imprecision in the  polygon measurements suggests that it is 
inappropriate to compare individual plots with individual polygon measurements or 
measurements from other data points, unless the sample size is very large.  

Comparisons of sample plots with VRI polygons indicate that VRI polygon measurements are 
less accurate for infrequent or uncommon features such as large veteran trees and snags. Presence 
and abundance of these features tend to be underestimated in the VRI polygons, and often 
outside of the range of values for samples plots within polygons. It is therefore important to 
explore approaches for increasing accuracy of VRI measurements for these types of attributes, 
since they are often the most important for identifying habitat. However, we were unable to 
quantify errors in attribute estimates for field plots. For example, the range of snag estimates 
from PSP plots seemed artificially high (e.g., up to 1400 snags/ha!).  

A major limitation of the aggregate database is that the sample plots are from two different 
sampling programs, which were each designed with different objectives. The consequences of 
these different sampling designs is evident from differences in  the distributions of attribute 
values measured in VRI and PSP sample plots. Placement of PSP plots is subjective and the 
spatial distribution of plots tend to be more aggregated than for VRI plots, which are placed 
randomly with a spatial distribution that is more representative of the region.  

VRI plots sample a smaller portion of the stand, whereas attributes are measured for a larger 
portion of the stand for PSP sample plots. Since per hectare values are extrapolated from 
measurements made for a smaller area in VRI plots, infrequent or unevenly distributed stand 
features are less likely to be measured in a particular plot, resulting in more variable and skewed 
distributions in the VRI sample plot dataset, with a larger number of zero values. However, 
unlike PSP plots, these zeros are uninformative, since they do not differentiate between true 
absences of the attribute from the stand, and the case where a small proportion of the stand 
actually sampled did not contain that attribute. 

Sample sizes were not large enough to adequately quantify the range of variability across the 
study area. It was therefore important to stratify data points in order to reduce variability. When 
stratified by sub region, we found a slight increase in the number of significant correlations 
between sample plots and VRI polygon attributes. However, our sample size was still relatively 
small, given the apparent variability. With an increased sample size, a smaller study area, and 
possibly greater stratification, we would expect higher degree of correlation between data 
sources. However, any statistical model would lack generality as it would be specific to a 
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particular area; additional analyses and model fitting would be required to generalize to other 
areas. 

5.1.2. Satellite Image Data 
Texture indices derived from the pixel values of satellite imagery have been shown to correlate 
with stand structure (Cohen and Spies 1992; Cohen et al. 1995; Hansen et al. 2001; Lefsky et al. 
2001). Multivariate statistical modelling approaches are also available for incorporating satellite 
image data with sample plot data and polygon data, to develop a model for imputing 
mensuration variables at a finer scale than what is available from polygon forest inventory 
(Moeur and Stage 1995; Ohmann and Gregory 2002). In addition to the sample plot data, we also 
evaluated approaches for applying LANDSAT 30m and SPOT 5m satellite imagery to these 
methods. We found LANDSAT data was a good candidate for inclusion, because image scenes 
were consistent, and between-scene variability could be effectively reduced through 
normalization techniques. Furthermore, LANDSAT is multi-spectral, and through tasselled cap 
transformation, we are able to maximize information in pixel values for a single channel (i.e., 
TC3). However, LANDSAT pixel resolution (30 x 30 m) may be too low to pick up fine scale 
variation in stand structure that is evident when comparing the plot data with polygons. The 
SPOT 5 imagery is higher resolution (5 x 5 m), but images are panchromatic and potentially 
contain less information than multi-spectral imagery. Also, lack of correspondence between SPOT 
5 images in adjacent columns, and in some cases within the same column, suggest that we would 
expect poor accuracy and weak relationships for stand structure index measurements obtained 
from SPOT 5 images.  

One important source of variation in samples obtained from satellite imagery was differences in 
solar illumination geometry resulting from topographic complexity was.. Terrain is rugged in our 
study area, and we observed a topographic bias in pixel values for  LANDSAT ETM+ and to a 
lesser exent SPOT 5.  Although methods are available for directly correcting satellite imagery for 
variation in solar illumination at a given pixel location based on its topographic position and 
illumination geometry (Gu and Gillespie 1998, Koukal 2004), we caution against using such 
approaches since stand structural attributes may actually vary with landscape position. For 
example, we found lower variance in TC axes on steep shaded slopes versus sunny slopes which 
may indicate greater variability in stand structure for illuminated surfaces. Cooler north-facing 
slopes may host slower growing forests than do warm south-facing slopes that are likely to be 
drier, warmer and more susceptible to fires. Also, steep slopes may experience more landslides 
and have younger forests on average than gentle slopes. Therefore, it would be difficult to justify 
topographic corrections designed to eliminate the relationship between pixel value and 
topographic position. Regardless, we found that by using indices of variance (i.e., absolute 
difference) we were able to remove spurious correlations between illumination angle and pixel 
values. The advantage of this approach is that it preserves the original pixel values, allowing us 
to evaluate relative differences between pixel values at a particular location, which are relatively 
invariant despite differences in illumination. 

5.2. Pilot Analysis 
5.2.1. Expanding and Refining Polygon Attributes 
We found only weak correlations between sample plots and polygon measurements of volume, 
and correlations were non-existent for stem density and snag density. Bahn and Newsom (2002) 
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reported correlations between stand structure attributes measured in sample plots, and structure 
attributes measured for VRI polygons in Clayoquot Sound. Their sample plots were specifically 
designed to measure infrequent structure attributes for predicting MAMU habitat. This further 
suggests that our analyses were mostly hampered by limitations in plot data.  In particular, these 
limitations had to do with sample design, small sample size, under-representation within chosen 
strata, and low precision for measurements of infrequently distributed stand attributes.  

We found a large degree of variation among sample plots located within a single VRI polygon, 
suggesting that values assigned to the polygon are not necessarily representative of any 
particular point in the polygon. The VRI polygon database was developed with the objective of 
providing estimates of stand attributes for forest inventory at a regional-scale (Cortex 
Consultants Inc. 2006). Furthermore, our results suggest that VRI polygon measurements of 
uncommon or unevenly distributed stand features, (e.g., snags), tend to be underestimates, and 
are often outside of the range of values for sample plots within polygons. Thus we can expect low 
accuracy for measurements of attributes occurring at scales finer that at which VRI polygons are 
mapped. 

Lack of precision at the scale of the individual polygon, and inaccuracy in measurements of some 
stand attributes, will impose limitations on the effectiveness of habitat mapping based solely on 
VRI polygon data. To overcome these limitations, we evaluated methods for increasing the 
precision of polygon measurements of stand structure using additional spatial data sources. 

5.2.2. Predicting Attributes at Fine Scales 
We attempted Direct Gradient Analysis and Nearest Neighbour Imputation (Cohen and Spies 
1992) to determine whether the variance in sample plot measurements could be explained by 
polygon attributes in combination with satellite image heterogeneity indices. We found satellite 
image indices and mapped polygon attributes were not effective at explaining any variance in 
sample plot data in our case study. 

5.3. General Conclusions 
We examined the statistical distributions, correlation structures and correspondences between 
measurements (occurrence and mean values) of stand structure attributes obtained from various 
data sources including sample plot data, VRI polygons and indices derived from satellite 
imagery. Our objective was to evaluate whether the available spatial data was appropriate for use 
with statistical methods that would increase the precision of estimates of stand structure 
attributes measured at the scale of the individual VRI polygon, and increase resolution of 
mapped fine-scale stand structure attributes within individual polygons (e.g., Ohmann and 
Gregory 2002). Despite evidence supporting the effectiveness of such methods in other areas (see 
literature review), our evaluation of the available datasets identified considerable problems 
hindering their application in this case study.  

We found that the largest impediments preventing application of the analytical approach had to 
do with limitations with the sample plot data. First, few attributes appropriate for identifying 
habitat were shared by both sample plots and VRI polygons. Second, we found it was 
problematic to combine both plot data sets into one large analysis dataset, because of differences 
in sample design. Third, we found little evidence of correlation between attributes useful for 
identifying habitat and both VRI and PSP sample plots. Finally, we found a great deal of variance 
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between all attributes measured for sample plots located within a polygon. Although VRI 
polygon data are accurate, sufficient precision is achieved only when attributes are summarized 
at the sub-regional scale (as in timber supply), and therefore characterizing habitat attributes at 
the scale of the individual polygon is not appropriate.  

We observed heterogeneity at all of the scales we examined; not just variability resulting from 
sample methods, but also biological variability. We measured this variability, but failed to find 
correlations between data sources because of the issues we identified above associated with 
polygon data and plot samples. Nor did we find useful relationships between heterogeneity 
indices derived from satellite imagery, and measurements of stand structure from sample plots. 
Therefore, we were unable to develop a predictive model of stand attributes important for 
identifying SPOW habitat, that combine measurements made at single points (plots), aggregate 
areas (polygon), and spatially continuous (pixels).  

We obtained and assembled a spatial database including VRI polygon, sample plots from two 
sampling programs, satellite imagery at 30m and 5m resolution with spatial extent covering the 
B.C. range of the Northern Spotted Owl. The pilot analysis assessed the structure and 
applicability of these datasets for statistical analysis. We identified GNN as the most appropriate 
approach, but this method had stringent data requirements. We identified several high-level 
issues with the data that prevented us from successfully applying this approach in our case 
study. In particular, a lack of coherent correlation structure between ground sample plot 
measurements and satellite indices representing stand structure impeded our analysis. 

Despite these difficulties, problems associated with the satellite imagery are not insurmountable. 
LANDSAT imagery has good potential to be used in conjunction with SPOT data. Given the 
demonstrated ability of TC3 to predict stand age (see literature review), we might expect 
LANDSAT to be effective for detecting part of the 'signal' that exists at a coarser scale. It might 
allow pseudo-stratification by stand age, which may allow SPOT 5 to provide us with higher 
precision and a greater ability to infer the presence and abundance of key habitat attributes. 

5.4. Recommendations 
Evidence from the literature suggests that the types of analyses presented and discussed in this 
report could be effective for achieving our objectives of increasing accuracy and precision of 
stand structure habitat attributes at polygon level, and resolving finer scale estimates of stand 
structure within polygon. However, our evaluation of the available datasets identified 
considerable problems that hinder their application, at least in the case study area. These 
problems are primarily related to the large and diverse study area, and include biases and lack of 
correspondence between attributes measured from the same and different data sources.  

Our recommendations are as follows: 

1. Because of variability in the current dataset for the range of the case study species, and 
limited sample sizes for a range wide data set, we recommend applying the methods in a 
portion of the range only to reduce the sources of this variability. The sub-area could be 
selected to increase data density as well as reduce variability (for example include if 
possible  some of the datasets excluded from the range-wide aggregate because of 
clustered sampling or lack of GPS locations (work may be needed to determine these – 
see report 1).  
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We identified additional sample plot datasets that had potential, but were not included in 
the aggregate database for reasons discussed in report #1 (Cortex Consultants Inc. 2006). 
These databases could increase our sample sizes if the issues of inclusion (i.e., 
georeferencing and computation of derived attributes etc.) and spatial extent were 
addressed. 

2. Identify those areas within SPOW range that would benefit most for increased habitat 
resolution and implement field sampling scheme to obtain more data points. 

3. Now that multiscale methods have been established, data sources reviewed (including 
satellite imagery) and pilot tested in this project, we recommend selecting an alternate 
species (or possibly one or more ecosystems) for which similar problems of needing 
increased resolution of VRI data is required and determine if databases are available that 
would enable improvements to habitat attribute estimate testing without the particular 
problems encountered with our selected case study species. 

It may also be useful to replicate the analysis methods developed here in other study areas where 
more complete sample  data is available, with focus on other species with similar stand 
requirements (e.g., Marbled Murrelet or Northern Goshawk) to the case study species. This 
would provide information on the robustness of models when applied in areas where calibration 
data are unavailable. 
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