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REMOTELY SENSED DATA

Christine Elizabeth Blinn

Abstract

The overall objective of this study was to determine if remotely sensed data could be

used to model scenic beauty.  Terrestrial digital images from within forest stands located in

Prince Edward Gallion State Forest near Farmville, Virginia were rated for their scenic beauty by

a group of students to obtain scenic beauty estimates (SBEs).  Since the inter-rater reliability was

low for the SBEs, they were not used in the modeling efforts. Instead, stand parameters

(collected on tenth acre plots) that have been used in scenic beauty prediction models, like mean

diameter at breast height (dbh), were the dependent variables in regression analyses.  A color-

infrared aerial photograph from the National Aerial Photography Program (NAPP) was scanned

to achieve a pixel ground resolution of one meter.  The digital aerial photograph was rectified

and used as the remotely sensed data.  Since the aerial photograph was taken in April, only

conifer stands were used in the analyses.  Summary statistics were obtained from a 23 by 23

window around plot locations in three images: the original image, a texture image created with

the variance algorithm and a 7x7 window, and the first principal component image.  The

summary statistics were used as the independent variables in regression analyses.  The mean

texture digital number for the green band predicted the mean dbh of a plot with an R2 of 0.623.

A maximum of 44.3 and 27.4 percent of the variability in trees per acre and basal area per acre,

respectively, was explained by the models developed in this study.  It seems unlikely that the

remotely sensed forest stand variables would perform well as surrogates for field measurements

used in scenic quality models.
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Introduction

Some methods currently used to estimate scenic beauty require field collection of images,

which must then be rated by a group of subjects (Daniel and Boster 1976).  This process requires

a substantial investment of time and resources.  In the hopes of eliminating field collection of

images, numerous researchers have developed models relating scenic beauty to forest stand

attributes (e.g., Arthur 1977, Brown and Daniel 1986, and Buhyoff et al. 1986).  In order to avoid

additional field work, forest stand attributes that are commonly collected during forest inventory

were employed in many of these models.  Although these forest stand attribute models are an

important step toward decreasing the time and resources required to estimate scenic beauty

changes within a forest, it is particularly worthwhile to investigate the potential of estimating the

scenic beauty of areas that are not regularly inventoried.  In such situations, the input variables

needed to run the models are either not available or not up to date.  A possible remedy for this

problem is to use remotely sensed data.  It is the goal of this research to determine if this idea is

feasible and warrants further investigation.
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Objectives

The overall objective was to determine if scenic beauty could be predicted using remotely

sensed data of forest stands.  Sub-objectives were as follows:

1.  To determine if the reflectance values from a digital aerial photograph could be used

      to predict covariates of scenic beauty.

2.  To determine if texture measures from a digital aerial photograph could be used to

     predict covariates of scenic beauty.
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Literature Review

Numerous researchers have used regression procedures to produce prediction models for

scenic beauty (e.g., Arthur 1977, Shafer and Brush 1977, Buhyoff and Leuschner 1978,

Anderson and Schroeder 1983, Vodak et al. 1985, Brown and Daniel 1986, Buhyoff et al. 1986,

Bishop and Hulse 1994, and Hammitt et al. 1994).  Scenic beauty prediction models that

incorporated data collected by remote sensors were not found.  The literature in the following

areas is reviewed to gain insight into the research problem: scenic beauty prediction modeling

and remote sensing of forest characteristics known to covary with scenic beauty.

Scenic Beauty Prediction Models

Arthur (1977) compared three methods: scaling of physical features, inventories of visual

(design) features, and timber cruises for their effectiveness in explaining people’s evaluations

and for their usefulness in planning management.  Three regression models were developed

relating variables measured in the above methods to scenic beauty estimates of ponderosa pine

scenes in Arizona.  Each model explained a significant amount of variation in the scenic beauty

estimates; 76% physical, 97% design, and 80% timber.  Arthur concluded that the timber cruises

were most efficient and effective because they required the least amount of validation effort,

maximized the use of available resources, and effectively explained preferences.  It is important

to note that the variables used for the physical and design features models were measured

directly from the slides by a panel of experts while the timber cruise variables were measured in

the field.

A prediction model for preferences of black and white photographs of natural landscapes

was developed by Shafer and Brush (1977).  The area and perimeter of major vegetation, non-

vegetation, and water in three distance zones were measured directly from the photographs and

used as independent variables in the model.  Preference ratings were obtained by interviewing

campers in New York’s Adirondack mountains.  Sixty-six percent of the variation in preferences

was explained by this model and tests in other parts of the U.S. and Scotland resulted in high

correlations between observed and predicted scores.
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Buhyoff and Leushner (1978) produced two visual preference models to estimate the

psychological disutility caused by insect damage to forest stands and to determine differences

between observers who were and were not aware that insect damage had occurred.  The models

for the two groups of observers were significantly different (84% vs. 33% of variation explained

for the aware vs. unaware group), and both used visible forest area in southern pine beetle

damage as the independent variable.  It was also demonstrated that the two models had internal

and empirical validity.  A replication of this study using a different method for measuring

preference of scenes was conducted (Buhyoff et al. 1980).  The same model was fitted and

equivalent results were obtained, thus demonstrating the reliability and predictive validity of the

model.

The impact of urbanization on scenic beauty in the Connecticut River Valley was

explored by Brush and Palmer (1979).  One regional model and one model based on a subset of

photographs taken within town boundaries were developed and accounted for 63% and 68% of

the variability in scenic beauty estimates, respectively.  The area of trees in the middle distance

zone (defined as a “zone in which the forms of trees could be discerned”) was the most important

variable in the town model (Brush and Palmer 1979).  This research was one of the first studies

to demonstrate the usefulness of scenic beauty prediction models in areas with human

development.  A similar study was conducted in Georgia by Anderson and Schroeder (1983).

Half of the variation was explained by the model for all scenes and an additional nine percent of

variation was explained by a model that only used scenes from developed properties.  Five

subject groups were used to evaluate the scenes with their preference scores resulting in high

inter-group correlations.  In both of these studies, all variables were measured directly from the

photographs.

Scenic beauty prediction equations were developed to determine the impact of harvesting

(e.g., thinning and clearcutting) in eastern hardwood forests on perceived scenic beauty (Vodak

et al. 1985).  Landowners and students were used to evaluate the scenes with a portion of each

group being informed of the management activity.  Ratings did not differ between landowners

and students or informed and uninformed observers.  Scenes which had fewer trees removed

were rated higher, while clearcuts versus heavily thinned stands, as well as lightly thinned versus

unmanaged stands, were not significantly different from one another with regard to perceived
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scenic beauty.  All variables used to develop these models were taken from timber cruises or

computed from timber cruise variables.

Brown and Daniel (1986) developed scenic beauty prediction models for ponderosa pine

forests in Arizona.  They also investigated whether or not the average of scenic beauty estimates

for sites within a stand are a valid measure of stand scenic beauty.  Their results suggested that

models from site level estimates can be used to predict stand estimates, while the stand models

were not able to adequately distinguish among sites.  A correlation of 0.86 was found between

global judgments of stands and the means of SBEs from slides of the same area.

Models to predict the scenic quality of southern pine stands were created by Buhyoff et

al. (1986).  Fifty percent of the variability in scenic beauty estimates was explained by two

models which used the following independent variables: age of the dominant stand in years,

stems per acre in the 1 to 5 inch size classes, average dbh (diameter at breast height) of all trees

in the plot, and the basal area per acre of hardwoods greater than 5 inches in dbh.

Hull and Buhyoff (1986) extended the use of scenic beauty prediction models by

combining such a model with a forest growth simulator to determine the scenic beauty of a given

stand under a particular management scheme over the life of the stand.  The result was referred

to as a scenic beauty temporal distribution model and provides managers with an estimate of the

total scenic beauty generated under varying management regimes.  It was noted that there is an

optimally preferred level of tree density; that age exhibits decreasing marginal utility; and that

age and density interact.

Predicting the scenic beauty of forest vista views also has been an area of research

interest.  A model explaining 73 percent of the variation in preferences for vistas in the

Appalachian mountains was developed by Hammitt and others (1994).  The following variables

were important predictors: area of sky, area of largest ridge, linear perimeter of ridge line, area of

moving water, obstructing vegetation squared, and the area of rolling plateau.

Variables from a GIS database were used by Bishop and Hulse (1994) to create a scenic

beauty prediction model.  Instead of the traditional photography or slides used for rating scenic

beauty, students viewed and rated video panoramas with the SBE method.  The following map

layers from a raster database with a one hectare cell size were used to generate the independent

variables for the model: altitude, slope, vegetation, corridors, water bodies, and land use.  A five
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variable model produced an adjusted R2 of 0.8, although there was some uncertainty about the

signs of the coefficients in the model.

One of the first studies that tried to create a continuous scenic beauty surface was

conducted by Daniel et al. (1977).  An interpolation of 250 point estimates of scenic beauty

across a 10,700 acre study area was performed to create a scenic beauty map.  Tests were

conducted to determine if the interpolation procedure, a distance-weighted averaging algorithm,

captured the actual variations in scenic beauty.  A subset of the original sampling points was

used to recalculate the scenic beauty map and the predicted SBEs were compared to the actual

SBEs of the points not used for interpolation.  After this process was repeated 30 times with

different ten percent samples of the points being excluded each time, the average correlation

between the actual and interpolated values was 0.41.  Decreases in correlation occurred as the

percentage of points withheld increased.  A second comparison made between two maps, that

were each generated with half of the data points, produced a correlation coefficient of 0.49.

Since it would be operationally infeasible to increase the sampling density, these results suggest

a need to investigate other interpolation algorithms or methods for creating a scenic beauty map.

The studies presented above demonstrate the ability to develop scenic beauty prediction

models which explain a large percent of the variability in scenic beauty estimates.  Three main

types of independent variables were used to create these models: variables measured directly

from the photography, forest stand characteristics, and variables from a GIS database.

Remote Sensing of Forest Characteristics Known to Covary with Scenic Beauty

Texture

Bijlsma (1993) investigated the relationship between texture measurements and

“ecologically important site characteristics.”  Texture measures were calculated from digitized,

color-infrared photography, with a spatial resolution of 40 cm, using a 2x2 m window (Bijlsma

1993).  “Measures of texture derived from co-occurrence matrices had no value for describing

species richness and structural diversity” (Bijlsma 1993).  The mean of the window gave the best

regression results and including the log transformed semivariance resulted in models with

slightly better prediction for the number of herbaceous species, cumulative herbaceous cover,

and cumulative cover of moss  (Bijlsma 1993).
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Hay and Niemann (1994) pointed out several scale/spatial resolution issues that should be

considered when using remotely sensed data: “…in digital remote sensing, the image footprint is

rarely tailored for the extraction of object-specific information;” spectral variability of features in

an image increase with spatial resolution, thus reducing the ability to statistically separate

features with traditional classifiers; and texture varies with scale.

A study by Hyppanen (1996) evaluated the autocorrelation of pixel digital numbers

(DNs) in order to “determine the optimal spatial resolution of a forested scene for two different

tree species and four age classes.”  He defined optimal spatial resolution as a resolution that

would maximize the variance between adjacent pixels.  Images with pixel sizes between 1 and 10

meters in 1 m increments were created and a variance algorithm with a 3x3 window was used on

each image.  Hyppanen (1996) presented mean variance for each forest stratum as a function of

spatial resolution.  The local variance curves showed an increase in all bands when pixel size

was increased from 1 m, a peak in local variance at 3 m in the infrared and green band, and 2 m

in the red band, that Norway spruce had a higher local variance than Scots pine, and that older

stands were considerably more variable than younger stands (Hyppanen 1996).  Hyppanen

(1996) was surprised to find that neither age class nor tree species determined the maximum

variance.  An important point made about very high-resolution images was that adjacent pixels

often provide the same information.

Wulder et al. (1998) investigated the use of texture information in the estimation of leaf

area index (LAI).  Three types of texture measures were evaluated: first-order texture, which is

“derived from custom filters acting as a low-pass or low-frequency spatial filter;” second-order

statistics that use the grey level co-occurrence matrix (GLCM), which is defined as “a matrix of

relative frequencies for which two neighboring pixels that are separated by a user-defined

distance and angle occur on the image;” and semivariance moment texture (SMT) values, which

“are extracted from semivariance response curves that are computed for each image pixel along a

35 pixel transect at a 0 degree angle.”  The red and infrared bands were used for calculating the

texture measures.  Wulder et al. (1998) found that larger windows were needed for the visible

bands than for the infrared band in the processing of first and second-order texture derivatives.

These researchers concluded that texture improved the regression relationship between LAI and

NDVI (normalized vegetation index).  The appropriate texture measure varied by forest type.

“Homogeneous stands responded best with first-order texture measures, whereas the information
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content of heterogeneous stands was best extracted with second-order texture measures and

SMT” (Wulder et al. 1998).

Pinel and Gastellu-Etchegorry (1998) focused on the modeling approach, which “relies

on statistical analyses of the texture of artificial images,” because of the ability to control and

systematically vary stand characteristics, viewing angles, and illumination.  In this study,

variograms were used to analyze the texture information of simulated images of pine plantations

with homogeneous characteristics.  The influence of biophysical parameters (crown diameter,

distance between trees and rows, tree positioning, leaf area index, and tree height) and of

acquisition parameters (viewing and illumination configurations, spectral domain, and spatial

resolution) on the texture information was investigated (Pinel and Gastellu-Etchegorry 1998).

They found that the reflectance of crowns decrease with LAI and crown diameter increases, and

that the sill of the variogram is related to the distance between trees (Pinel and Gastellu-

Etchegorry 1998).

How image resampling techniques affect the textural information content of a high spatial

resolution image was investigated by Roy and Dikshit (1994).  The researchers stated that

nearest neighbor resampling “introduces pixel level geometric discontinuities, severely changing

the textural properties of the resampled imagery.”  Since only two techniques, bilinear

interpolation and cubic convolution, were tested in this study, the accuracy of the above

statement was not investigated.  The grey level difference histogram algorithm was used to

calculate five texture measures for eight 45 by 45 pixel subimages from an image with a pixel

ground resolution of 1.25 meters.  Average texture values and their standard deviations were

compared between the original image and images created with the two resampling techniques.

Decreases occurred in measures of heterogeneity and increases occurred in measures of

homogeneity from the original to the two resampled images.  These variations tended to be

greater with bilinear interpolation and were also dependent upon the cover type.

Estimation of Forest Stand Characteristics

A study by Holmgren et al. (1997) found that timber volume could be predicted at the

plot level (10 meter radius) using spectral information from two stereo pairs of scanned aerial

photographs, one color infrared (CIR) with a pixel ground resolution of 1.5 meters and one
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panchromatic (Pan) with a pixel ground resolution of 0.8 meters.  The following variables were

calculated for each plot and used in their total volume model, which had an R2 of 0.437: average

reflectance from the second Pan image, the ratio of average reflectance for the green and blue

bands from the first IR image, the ratio of average reflectance for the red and green bands from

the second IR image, and the ratio of average reflectance for the green and blue bands from the

second IR image (Holmgren et al., 1997).  Texture measures were used in this analysis, but

“provided little or no information, alone or as a supplement to the spectral variables” (Holmgren

et al. 1997).

Relationships between lodgepole pine stand parameters and casi (Compact Airborne

Spectrographic Imager) spectral data were investigated by Franklin and McDermid (1993).

Three bands of casi data were used to simulate the green, red, and infrared bands of the SPOT

HRV sensor.  Radiometric and topographic corrections were not performed on the imagery and

the nominal pixel size was 1 by 1.3 meters.  Stand attributes for 14 stands were obtained by

taking measurements on a 100 meter squared plot in each stand.  Additional images were created

by running a mean filter and a texture algorithm on the original image with window sizes

between 3x3 and 11x11 in increments of two.  A transect of pixels from each stand was used to

calculate variograms.  The range of the variograms were used to create a custom window size for

each stand for use with the mean filter and texture algorithm.  A sample of 365 pixels from each

stand for each image was used to create the independent variables.  Only pixels falling

completely on tree crowns were selected for use from the original image.

Franklin and McDermid (1993) found that the unaltered red band was more highly

correlated with tree level attributes, like mean dbh, mean tree height, and volume, than other

variables (r equal to -0.75, -0.70, and –0.64, respectively).  The texture measure from the

customized window for the green band was most highly correlated with percent canopy cover (r

= -0.56) and the texture measure from large windows for the green and infrared bands were most

highly correlated with tree density (r equal to –0.61 and –0.63, respectively) (Franklin and

McDermid 1993).

Directional variograms were used by St-Onge and Cavayas (1995) to estimate forest

stand structure.  Artificial images of forest stands were generated and used to investigate the

relationships between tree size, tree density, and image texture.  Variograms were created in

eight directions for each simulated image.  Since “the range of the variogram is directly related
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to the absolute size of objects on the ground and is impervious to radiometric factors,” variables

based on the ranges from the eight variograms per image were used to predict crown diameter,

height, and density (St-Onge and Cavayas 1995).  More than ninety percent of the variation in

crown diameter, height, and density were explained by the models derived from the simulated

images.

The studies presented above suggest that forest stand characteristics could be estimated

with reflectance values or other measures from high resolution imagery.  Thus, it seems feasible

that remotely sensed forest stand variables could act as surrogates for cruise or other field

measurements of forest stand attributes used in scenic quality models.  And, further, such

variables could serve as predictors of forest scenic quality via their use in regression models

which predict the criterion of scenic beauty.
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Methods
Data Collection

Study Area

Prince Edward Gallion State Forest near Farmville, Virginia, USA, was chosen as the

study area (Figure 1).  A digital stand map, which included the age, size in acres, and forest type

for each stand, was available for this area.  A subset (57) of the forest stands (Figure 2) were

selected in order to concentrate field work efforts in an area that was reasonably accessible and

that contained a range of stand types and ages (See Tables 1-3).

Figure 1.  Location of Study Area

Table 1.  Stand Type Abbreviations

Abbreviation   Stand Type

LP Loblolly Pine
SP Shortleaf Pine
VP Virginia Pine
WP White Pine
UH Upland Hardwood
BH Bottomland Hardwood
PH Pine/Hardwood



12

Figure 2.  Stand Map of Study Area

Table 2.  Stand Ages In 1997 by Cover Type for the Study Area

Type Number Mean Minimum Maximum

LP     31 26.52       2      57
SP       6 73.00     61      87
UH     10 63.80       6    117
BH       2 87.00     87      87
PH       6 85.00     43      98

Table 3.  Stand Ages In 1997 by Cover Type for the Entire State Forest

Type Number Mean Minimum Maximum

LP   156 26.26       0      62
SP     32 73.59     19    129
VP      6 31.50     19      51
WP      2 62.00     57      67
UH  152 64.55       3    130
BH    29 79.62     10    117
PH    40 76.18       9    117
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Scenic Beauty Estimation

Photographic images within stands older than 10 years were collected at 60 points

throughout the study area on August 12-13 and August 23-24, 1998.  Sample points were located

a minimum of one chain from the stand boundary.  After pacing in one chain from the stand

boundary, the field crew continued inward until the stand condition appeared to remain relatively

constant.  A randomly chosen location that minimized the amount of vegetation blocking the

immediate view was selected for camera placement.  A Kodak digital zoom camera (DC260)

was used to acquire the images.  The camera was set for automatic exposure, at a focal length of

ten meters, and for maximum resolution (1536 x 1024).  The camera was placed on a leveled

tripod (Velbon Vel-flo 9 PH-368) to collect images at eye level.  Minitab 11.21 (Minitab Inc.,

State College, Pennsylvania) was used to create a list of randomly generated numbers between 0

and 360.  A random direction from this list was used as the bearing for the first image captured at

each point.  Three additional images were subsequently collected at each point and were taken 90

degrees from the previous image bearing.  A compass was used to point the camera in the

appropriate initial direction and subsequent positioning was accomplished by using the tick

marks on the tripod neck.  Images were only collected between 9 AM and 3 PM in order to

maintain similar lighting conditions for each set of images.  The location of each point was

recorded for 45 or 60 seconds with a global positioning system (GPS) unit (CMT March II).

Some images were excluded from the rating process due to flash effects and vegetation

with fall coloration.  Only images from points with at least two images available for rating were

included in the rating process.  One hundred and seventy-nine slides used in the scenic beauty

rating process were randomly ordered and assigned to one of two slide sets using Minitab.

Adobe Photoshop 5.0 (Adobe Systems Incorporated, San Jose, California) was used to decrease

the resolution of each image from 1536 x 1024 to 1024 x 683.  A presentation was created in

Microsoft PowerPoint 97 SR-2 (Microsoft Corporation, Redmond, Washington) for each slide

set.  A laptop computer and projector were used to present the slide sets to subjects for rating.

The 2 sets of slides, which contained 90 and 89 slides, were rated by 21 and 22 subjects,

respectively, in a total of four rating sessions (2 sessions per set).  The subjects were

undergraduate and graduate college students in the College of Natural Resources at the Virginia
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Polytechnic Institute and State University.  Eight common baseline slides that were

representative of the two slide sets were included in both sets of slides.

The scenic beauty estimation (SBE) method, which was developed by Daniel and Boster

(1976), was used to obtain a measure of scenic quality for each slide.  Subjects were read a

standardized set of directions and asked to rate each slide on a scale from one to ten.  Five

preview slides that were from a range of stand types were shown first to the subjects.  Slides

were shown at a rate of eight seconds each for the first twenty and then five seconds per slide.

The ratings for each slide set were entered separately into a computer program, RMRATE

(Brown et al. 1990), to calculate the standardized by-stimulus (image) scenic beauty estimate for

each slide.  Reliability and agreement statistics based on a two-way analysis of variance

(ANOVA), observer-to-group correlations, and a principal components analysis of the ratings

were also performed within RMRATE.

Remotely Sensed Data

The remotely sensed data were derived from a color-infrared aerial photograph (1:40,000

scale) of the study area that was taken as part of the National Aerial Photography Program

(NAPP) in April of 1994.  A digital image with three spectral bands (infrared, red, and green)

and a pixel ground resolution of one meter was obtained by having the film positive scanned at

twenty-five micrometers by Aero-Data Corporation.  Once in digital format, the air photo was

rectified to the Universal Transverse Mercator (UTM) projection in ERDAS Imagine Version

8.3.1 (ERDAS, Inc., Atlanta, Georgia).  Twenty-five ground control points (GCPs) were

collected with a GPS unit at road intersections and other locations that were identifiable on the

imagery.  The GPS unit recorded data for 60 seconds at each GCP location.  Reference data from

NOAA’s continuously operating reference station (CORS) in Richmond were used to perform a

differential correction on the GCP data in PC-GPS Version 2.50a, Corvallis Microtechnology,

Inc. (Corvallis, Oregon).  Eleven of these points were used as control points in a second-order

polynomial geometric correction model to rectify the image and five GCPs were used as check

points to test the fit.  Root mean square errors (RMSE) of  0.40 meters for the control points and

6.54 meters for the check points were produced by the rectification process.  Nearest neighbor

(NN) resampling was used to create the rectified image used in the analyses.  Two additional
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images were created using bilinear interpolation (BI) and cubic convolution (CC) resampling

techniques.

A subset of the rectified image (Figure 3), which contained the study area, was used in

the analyses.  Imagine was used to obtain statistics for a 23 by 23 square window around each

plot location.  The minimum, maximum, mean, and standard deviation of the 529 digital

numbers (DNs) in the 23x23 window for each of the three spectral bands was obtained at each

plot location.  A principal components analysis (PCA) was performed on the subset image and

the mean value and standard deviation of PCA band 1 in a 23x23 window was calculated for

each plot.  The variance texture algorithm with a 7x7 window was run on the subset image and

texture statistics in the 23 x23 window for each plot were obtained.  The texture algorithm used

in this study calculates the variance of the reflectance values in the moving window and assigns a

scaled variance value between 0 and 255 to the center pixel.  A 3x3 window was also used with

the texture algorithm for comparison.

Texture images were also created for the two images resampled with BI and CC,

respectively.  Statistics for each plot location were obtained from the texture images as described

above.  The mean texture values from each plot were subtracted from each other for each pair of

resampling techniques (NN – BI, NN – CC, and BI – CC) and t-tests were performed on the

differences for each band to determine if they were significantly different from zero.

Forest Plot Information

Forest inventory data for the study area from 1993 were obtained from the Virginia

Department of Forestry.  Due to incomplete coverage of stands of interest, additional field data

from each stand used in this study were also collected in August of 1999.  At least one sample

plot was established close to each point where digital images were collected the previous year.

The species and diameter at breast height (dbh) of each tree that was five inches in diameter or

greater in a tenth acre sample plot was recorded.  The number of hardwoods and softwoods that

were between one inch and five inches in diameter on a twentieth acre plot within the tenth acre

plot were also recorded.  A total of forty-five plots were sampled and their locations recorded for

60 seconds with a GPS unit.  (Figure 4 contains the location of the 24 forest plots used in
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regression analyses.) The GPS data were differentially corrected with reference data from the

Raleigh base station.

Figure 3. Subset of NAPP Aerial Photograph
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Figure 4.  Location of Forest Plots

Analysis

Principal Components Analysis

Principal components analysis (PCA) is one method of data compression. Although PCA

creates a maximum number of components equal to the number of input variables, a majority of

the information in the original variables is contained in the first few principal components (PCs).

Redundancy in the input variables is removed by combining the information in the input

variables (or bands) into fewer variables.  The components produced by PCA are non-correlated

and orthogonal.

PCA can be conceptualized by plotting the data in an n-dimensional space, where n is

equal to the number of variables.  The widest transect through this n-dimensional space becomes

the axis for the first PC.  The length (eigenvalue) and direction (eigenvector) of the first and

subsequent PCs are derived with matrix algebra.  The second PC corresponds to the widest
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transect through the n-dimensional space that is orthogonal to the first PC.  This process results

in the first PC having the highest variance and the variance in each subsequent PC decreasing.

Since the eigenvalues measure the variances within the PCs, the following equation calculates

the percent of variation explained by each PC:

%p = 100 λp  /   λp

where λp = the eigenvalue of the pth PC and  %p = the percent of variation explained by the pth

PC (Jensen 1996).  The correlation between each PC and the original variables is computed using

the “factor loading” equation:

Rkp = akp λ p  /  Var k

where akp = eigenvector of band k and component p, λp = pth eigenvalue, and Vark = variance of

band k (Jensen 1996).

Regression Analysis

Due to scenic beauty estimate problems (see Discussion on pages 31-32), regression

analyses were performed only between the field data and the reflectance data, texture measures,

and principal component variables from 24 plots in loblolly pine stands.  The dependent

variables were mean dbh, trees per acre, basal area per acre, and age.  Three sets of independent

variables were used in the regression analyses.  The first set contained the mean and standard

deviation of the digital numbers in each sample from the three raw bands (6 variables).  The

second set contained the mean and standard deviation for each sample from the three texture

bands (6 variables).  The third set included all the variables from sets one and two and the mean

and standard deviation of the samples from the first principal component image (14 variables).

Scatter plots were employed to investigate relationships and to aid in the identification of

outliers.  Influential data diagnostics including R-student, hii, and DFFITS, were also used to

identify unusual observations in the data.  The following rules of thumb were used to detect

unusual observations: R-student greater than 3; hii greater than 2p/n, where p = number of

parameters in the model and n = the number of observations; and DFFITS greater than 2 np /

(Myers 1990).

All possible regressions were performed in SAS Version 6.12 (SAS Institute Inc., Cary,

North Carolina) for each dependent variable/independent variable set combination.  Further

exploration of possible models were conducted in Minitab release 11.21.  Models with
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independent variable coefficients that were not significantly different from zero at the 0.05 alpha

level were not considered.  Only models with variance inflation factors (VIFs) less than ten were

considered (Myers 1990).  The best models were determined by looking at and comparing

significance of coefficients, adjusted R-squares, mean square errors, variance inflation factors

(VIFs), and residual plots.

Semivariograms

Omnidirectional semivariograms were created in ArcInfo 8.0.1 (Environmental Systems

Research Institute, Inc., Redlands, California) to analyze the spatial autocorrelation of

reflectance values from within loblolly pine stands of different ages.  Spatial autocorrelation is

the idea that objects that are closer together in space are more closely related with each other

than objects that are farther apart.  Semivariograms have commonly been used to determine the

“zone of influence” or range, which is the area surrounding, in this case, a pixel, that is

influenced by that pixel’s value.  A semivariogram is a plot of the semivariance versus the lag or

distance between observations being compared.  Semivariance is calculated with the following

formula:

            n-h
γh =  (Xi  - Xi + h)2 / 2m

            i

where        γh = semivariance;  Xi  = individual observation;  h = distance between
                  observations; and m = number of comparisons between pairs of points;
             n = the total number of points.

In order to determine an appropriate sample grid size for calculating the semivariance in

each stand, one stand was used to investigate the changes in semivariance as the sample grid size

increased.  Sample grid sizes from 20x20 to 120x120 in increments of 20 were compared for the

test stand.  A 60x60 sample grid size was used to create semivariograms from 19 samples in 14

stands.  Subsets of the desired size were created in ERDAS Imagine and exported to grid format.

The grid files were then converted to point coverages using the ARC GRIDPOINT command.

The point coverages were used as the input for the ARC KRIGING command, which calculates

the semivariograms.  INFO tables containing the semivariances were exported to dBASE format

using the ARC INFODBASE command.  Minitab was used to plot and analyze the semivariance

data.
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Results
Scenic Beauty Estimation

RMRATE calculates the following reliability statistics: the Observer-to-Observer

Reliability Coefficient, which is “the expected correlation between any two observers drawn

from the relevant population”; and Group-to-Group Reliability, which is “the expected

correlation between group mean ratings for two groups of observers of the same size” (Brown et

al. 1990).  The minimum, maximum, and mean correlation of individual raters with the group are

also reported.  These statistics are in Tables 4 and 5.  Results from the principal components

analysis (PCA) are in Table 6 and include the number of raters that had their highest loadings on

each component and the amount of variability explained by each component.  The PCA results

indicate that many of the raters based their ratings on different criteria than one another.

Table 4.  Observer-to-Observer and Group-to-Group Reliability by Slide Set

Slide Set O-to-O G-to-G

      1  0.062   0.583
      2  0.121   0.751

Table 5.  Correlation of Individual Raters with the Group

Slide Set Minimum   Mean Maximum

      1   -0.147   0.221     0.393
      2   -0.132   0.302     0.601

The age of stands in the study area shifted from a bimodal distribution when all stands

were used to a distribution with one mode for conifer stands alone.  The age distribution of

loblolly pine stands in the study area was very similar to the age distribution of loblolly pine

stands in the entire forest (Figures 6 and 7).  Since data were not collected for all of the stands in

the study area, only three of the plots used in the analyses were located in older stands (Figure 5).

(Age is measured in years in Figures 5-7.)
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Table 6.  Percent of Variability Explained and Number of Raters with Highest Loadings
by Component and Slide Set

Component Slide Set Percent of Variability      Number of Raters

        1      1 16.900      8
        1      2 18.840    10
        2      1 13.340      5
        2      2 11.920      4
        3      1   8.509      3
        3      2   9.993      2
        4      1   8.383      4
        4      2   8.650      2
        5      1   6.997      0
        5      2   5.719      2
        6      1   4.918      1
        6      2   5.521      1
        7      1   4.576      0
        7      2   4.886      0
        8      1   4.519       0
        8      2   4.568      1
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Regression Analysis

Pearson product moment correlations between the dependent and independent variables

are shown in Table 7 (where PCDN = principal component digital number) and Pearson

correlations between the dependent variables are displayed in Table 8.  Summary statistics for

the dependent variables are contained in Table 9.

Table 7. Pearson Correlations Between Independent Variables and Dependent Variables

 Mean Dbh    Trees           Basal Area   Age
  (inches)  Per Acre      (square feet/acre) (years)

MB1 (DN)      0.406     -0.594    -0.491  0.524
SDB1 (DN)        0.759     -0.625    -0.253  0.827
MB2 (DN)        0.400     -0.522    -0.421  0.512
SDB2 (DN)        0.779     -0.554    -0.162  0.821
MB3 (DN)       0.032     -0.320    -0.488 -0.093
SDB3 (DN)        0.720     -0.471    -0.076  0.669
TMB1 (DN2)      0.759     -0.643    -0.291  0.801
TSDB1 (DN2)      0.643     -0.453    -0.084  0.673
TMB2 (DN2)      0.789     -0.567    -0.186  0.798
TSDB2 (DN2)      0.598     -0.411    -0.101  0.656
TMB3 (DN2)      0.724     -0.477    -0.095  0.646
TSDB3 (DN2)      0.420     -0.223     0.075    0.423
MPCA (PCDN)   0.284              -0.519    -0.524  0.309
SDPCA (PCDN)  0.773     -0.572    -0.169  0.777

Table 8. Pearson Correlations Between Dependent Variables

  Mean Dbh         Trees      Basal Area
    (inches)       Per Acre             (square feet/acre)

TPA      -0.718
BAPA      -0.287          0.828
Age       0.740         -0.412        0.029

Table 9. Summary Statistics for Dependent Variables

Variable Minimum Mean        Maximum     Standard Deviation

Mean Dbh (in)      6.4     8.7   11.8     1.26
Trees per Acre    80 269.6 730 165.9
Basal Area (ft2/ac)    31.3 105.0 188.5   40.6
Age (years)    11   25.17   49     9.43
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Simple linear regression models were considered best in terms of the criteria listed in the

methods section (regression analysis p. 18) for predicting mean dbh from set 1, set 2, and set 3

variables (Table 10).  Non-significant coefficients and/or multicollinearity were problematic in

two and three predictor models.  Means from the three raw bands, individually, explained less

than 17 percent of the variability for mean dbh.  Between 52 and 61 percent of the variability in

mean dbh was explained by the standard deviation in the three raw bands individually.  The

percent of variability explained by simple linear regression models with mean texture as the

independent variable ranged from 52 to 62 percent.  Between 17 and 41 percent of the variability

was explained with models that used the standard deviation of texture.  The standard deviation in

the principal component band was the third best single predictor of mean dbh based on R-

squares.  The same variables from bands 1 (green) and 2 (red) resulted in better predictions than

their counterparts in band 3 (infrared).  Standard deviations of raw bands and texture variables

had stronger relationships with mean dbh than means of raw bands.  (Appendix A, Figures 11-24

contain regression and residual plots for the models in Table 10.)

Table 10.  Models for Predicting Mean Dbh

Independent Variable Constant Coefficient      R2

Mean Texture Band 2  4.4125    0.2831   0.623
Standard Dev. Band 2  4.7432    0.2382   0.607
Standard Dev. PCA   4.4159    0.1237   0.598
Standard Dev. Band 1   5.1103    0.1948   0.577
Mean Texture Band 1   4.8977    0.2244   0.575
Mean Texture Band 3  3.9166    0.2046   0.525
Standard Dev. Band 3  4.4494    0.1622   0.518

Only models with one predictor were selected for predicting trees per acre from set 1

variables.  All two and three variable models that were considered had multicollinearity

problems and/or non-significant coefficients.  Thirty-nine percent of the variability in trees per

acre was explained by the best simple linear regression model, which used standard deviation of

band 1.  Both the standard deviation and mean of band 1 resulted in higher R-squares than the

same variables for band 2; and standard deviation and mean of band 2 resulted in higher R-

squares than the same variables for band 3.
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Multicollinearity problems (VIFs greater than 10) and/or non-significant coefficients

resulted in the selection of one predictor models for predicting trees per acre from set 2 variables.

Forty-one percent of the variability in trees per acre was explained by the best simple linear

regression model, which used texture mean of band 1.  Texture means were more highly

correlated with trees per acre than texture standard deviations.

Only one two variable model was considered suitable for predicting trees per acre from

set 3 variables (Table 11).  The two variable model only resulted in a 3 percent increase in

variability explained in comparison with the best one variable model.  All other two and three

variable models that were considered had multicollinearity problems and/or non-significant

coefficients.  The same variables from bands 1 and 2 resulted in better predictions than their

counterparts in band 3.  All models that were considered suitable explained less than 45 percent

of the variability in trees per acre.  (Appendix A, Figures 25, 27, & 29 contain regression plots

for the top 3 single predictor models in Table 11.)  The residual plots for the top three simple

linear regression models for predicting trees per acre appear to have a linear trend in the residuals

(Appendix A, Figures 26, 28, & 30).  This trend is not as clear in the residual plot for the two-

variable model (Appendix A, Figure 31).

Table 11.  Models for Predicting Trees Per Acre

Independent Variable Constant Coefficient      R2

Mean PCA &  1138.8    -3.598
Standard Dev. PCA    -9.356    0.443
Texture Mean Band 1    696.0  -20.050    0.414
Standard Dev. Band 1    660.2  -21.086    0.390
Mean Band 1    903.5    -9.015    0.352
Standard Dev. PCA    688.3  -12.040    0.327
Texture Mean Band 2    676.3  -26.742    0.321
Standard Dev. Band 2    641.7  -22.296    0.307

Simple linear regression models were considered best for predicting basal area per acre

with variables from set 1, set 2, and set 3 (Table 12).  A maximum of 27 percent of the

variability in basal area per acre was explained by the mean of the PCA band.  Less than 25

percent of the variability in basal area per acre was explained by variables in set 1 and less than 1

percent of the variability was explained by variables in set 2.  Mean reflectance values in the raw

bands produced the highest R-squares in set 1 with band 1 highest, band 3 intermediate, and band
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2 smallest.  (Appendix A, Figures 32-39 contain regression and residual plots for the models in

Table 12.)

 Table 12.  Models for Predicting Basal Area Per Acre

Independent Variable Constant Coefficient      R2

Mean PCA  297.06   -1.2702    0.274
Mean Band 1  233.41   -1.8257    0.241
Mean Band 3  308.80   -1.7165    0.238
Mean Band 2  226.14   -1.7329    0.177

The residual plots for models with high R-squares, low variance inflation factors, and

significant coefficients for predicting age contained trends.  Three distinct age classes were

apparent in the plots of independent variables versus age: 11-15, 21-28, and 43-49.  There is

much greater variability in the 21-28 year old age class than the other age classes.  This is

probably because 16 plots from 10 stands are in the 21-28 age class, versus 5 plots from 3 stands

for the 11-15 age class, and 3 plots from 2 stands for the 43-49 age class.  The best one, two, and

three variable models for predicting age are in Table 13.  A regression and residual plot for the

one variable model is in Appendix A, Figures 40-41.  The same trend in residuals was observed

for all models tested.

Table 13.  Models for Predicting Age

Independent Variable Constant Coefficient     R2

Standard Dev. Band 1  -4.212   1.5860    0.68
Standard Dev. Band 1  21.22   1.7042    0.76
Mean Band 3  -0.2327
Standard Dev. Band 1  40.82   2.4628    0.81
Mean Band 3  -0.3296
Texture Mean Band 3  -0.9433

Four data points were considered outliers (R-student greater than 3) and/or high leverage

points (hii greater than 2p/n) in many of the regression analyses.  The characteristics of the field

plots for these data points are contained in Table 14.  Plot 3 was in the oldest stand, plot 10 had a

high mean dbh and low number of trees per acre for its age, plot 23 was in the youngest stand,

and plot 24 had the highest number of trees per acre.
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Table 14. Plot Characteristics of Unusual Data Points

Mean Dbh   Trees      Basal Area   Age
Plot ID  (inches) Per Acre  (square feet/acre) (years)
   3    11.83    100               87.36    49
  10      9.93    120                   65.78    26
  23      6.93    430            114.89    11
  24      6.82    730             188.46    15

Texture Comparisons

The mean texture values obtained for the 24 plots with a 7x7 window were larger than the

mean texture values obtained with a 3x3 window (Table 15).  The standard deviation of the

texture values were smaller with the 7x7 window.  Regression models for predicting mean dbh

and trees per acre with the 3x3 texture values explained a bit more variability than the models

with the 7x7 texture values (Table 16).

Table 15.  Statistics for the Mean Texture Difference Between 7x7 and 3x3 Windows

Band Minimum      Mean  Maximum Standard Deviation

1    2.159          4.229      8.852 1.627
2    2.083          3.882      8.451 1.441
3    4.308          6.788    12.442 1.992

Table 16.  Models for Predicting Mean Dbh and TPA with 7x7 and 3x3 Texture

Dep. Variable   Indep. Variable Constant Coefficient R-square

Mean Dbh        T7MB2   4.4125     0.2831   0.623
Mean Dbh        T3MB2   3.4890     0.4616   0.639
TPA             T7MB1   696.0    -20.050   0.414
TPA             T3MB1   799.5   -41.417   0.488

All t-tests of the mean difference between texture means obtained with nearest neighbor,

bilinear interpolation, and cubic convolution methods of resampling were significant at alpha =

0.0001 for all three bands (Table 17).
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Table 17.  Mean and Standard Deviation of the Mean Texture Differences for
   Three Resampling Methods

          (NN = Nearest Neighbor; BI = Bilinear Interpolation; CC = Cubic Convolution)

Band Method 1    - Method 2 Mean     Standard Deviation      T-Statistic
  1     NN      BI  1.872 0.601          15.57
  2     NN      BI  1.585 0.479          16.54
  3     NN      BI  2.087 0.627          16.63
  1     NN     CC -0.632 0.318           -9.92
  2     NN     CC -0.590 0.264         -11.19
  3     NN     CC -1.053 0.734           -7.17
  1     BI     CC -2.504 0.872         -14.35
  2      BI     CC -2.176 0.704         -15.46
  3     BI     CC -3.140 1.168         -13.44

Semivariograms

When the grid size was increased from 20x20 to 40x40, the changes in semivariance

were large.  The semivariance values with grid sizes from 40x40 to 120x120 were not extremely

different from each other (Figure 8).  A comparison of the average semivariance over 20 lags by

sample grid size is in Table 18.  A 60x60 sample grid was chosen for the rest of the analysis.

Table 18.  Comparison of Mean Semivariance Over 20 Lags for Different Grid Sizes

Grid Size Mean Band 1      Mean Band 2     Mean Band 3

  20x20      325.3 282.7  710.5
  40x40      434.7 383.0  931.1
  60x60      437.1 391.0  971.0
  80x80      406.8 367.6  933.5
100x100      391.5 355.4  900.4
120x120      390.4 355.7  906.2

The semivariograms of the nineteen sample grids from fourteen stands (2 samples from 5

of the stands) are contained in Appendix B (semivariance is measured in DN2 and lag in meters).

In every case, the range was between 3 and 4.5 meters.  The sill for band 3 (infrared) was always

higher than bands 1 and 2 (green and red, respectively).  Figures 9 and 10 contain the histogram

of ages for the stands the sample grids were from and the sample grid locations in the image.
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Figure 10.  Location of Sample Grids within Prince Edward Gallion State Forest
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Discussion

Since the most recent aerial photographs of the study area were taken in April of 1994

when deciduous trees are in the leaf-off condition, remotely sensed data were only available for

the conifer stands.  Field data were collected only for stands where images for the SBE process

had been collected and the GPS location had differentially corrected.  A variety of other factors

including difficulty in locating a stand, small stand size, and management activities contributed

to the reduction in the number of older stands for which data were collected.

Although the camera position was selected to minimize the amount of vegetation

blocking the immediate view, many stands were too dense to avoid partial obstruction. These

“obstructed” views were considered valid images since such views are normal as a person

traverses these forest stands.  In order to standardize the collection procedure, the camera was set

to automatic exposure, which often involved the use of the flash.  In several cases, the reflection

of the flash off of objects close to the camera resulted in images being deemed unusable.  A

number of images were also considered unsuitable because of vegetation that had begun

changing to fall colors or lighting problems.

The sizes of slide sets were limited to 90 slides plus 8 baseline slides in order to avoid

losing the observers’ attention.  The resolution of slides was decreased in order to decrease the

size of the Powerpoint presentation and to increase the display speed.  The reduction in image

resolution did not decrease the quality of the image display obtainable with the projector.

The assumption that “differences among raters within groups are small” was not

supported by the reliability statistics (Brown et. al 1990).  It was concluded that the raters in this

study did not use the same criteria for rating the images from within forest stands. This is

supported by the principal components analysis.  If the raters had used the same criteria, a

majority of them would have had their highest component loading on the first component and a

majority of the variability in ratings would have been explained by the first component.  Eight of

the 21 raters for slide set 1 and 10 of the 22 raters for slide set 2 had their highest component

loading on the first component.  Only 16.90 and 18.84 percent of the variability in the ratings

was explained by the first component for slide set 1 and 2, respectively.

Since other studies (Daniel and Boster 1976, Buhyoff and Leuschner 1978, and Anderson

and Schroeder 1983) have not found statistical differences in ratings from groups with different
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backgrounds, the choice to have college students rate the slide sets was reasonable.  Whether the

lack of reliability for the scenic beauty estimates was due to a subject sampling problem, an

insufficient number of raters, or not enough variability in stand conditions is not known.  It is

suspected that the combination of the selection of raters from just the natural resource disciplines

and the relatively small number of raters created the reliability problem.

Nearest neighbor resampling was used in the rectification process in order to maintain

original data values.  From the results in Table 17 the choice of a resampling algorithm clearly

has an affect on the texture values and thus the resulting models.  A 23x23 window was used

around each field plot as the sample for the remotely sensed data because the diameter of the

circular plot used for field data collection was 22.6 meters.  Since the pixel size in the image is

0.992 meters, the dimensions of the window were 22.8x22.8 meters.  The location of plots on the

imagery was probably not exact due to errors in the rectification process and the accuracy of the

GPS data (plot center probably located within 10 meters of actual location).

Only 24 of the 45 field plots were used in the analysis because 20 of the plots were in

stands with a hardwood component of at least 25 percent.  The other plot was removed because

of its high influence upon coefficient values and the insignificance of regressors in the models

tested.  The area of the stand in which this plot was located was visually very different from the

rest of the stand.  It appears that this area of the stand has not reached crown closure yet, and thus

has much higher variability than other young stands.  Since crown closure must occur before the

variability in reflectance values from young stands decrease, the models developed in this study

are only applicable to young stands that have reached crown closure.  The age at which crown

closure occurs is dependent upon site quality and initial tree density.  At some point, the

variability in reflectance will probably not continue to change as the number of trees per acre

increases.  This idea is supported by the similar mean texture response for plots with 730 and 570

trees per acre (Appendix A, Figure 25).

It should be noted that the data used in this study were collected in different years.  The

models regress dependent variables collected in 1999 to remotely sensed variables obtained in

1994.  Stands that had clearly changed significantly (i.e., thinned) since 1994 were excluded, but

subtle changes may not have been noticed.

The stand characteristics measured in the field and used in the regression analyses were

chosen because Buhyoff et al. (1986) found these variables to be important predictors of scenic
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beauty in southern pine stands.  Although additional data on stand characteristics were available

from the Virginia Department of Forestry’s (VDoF) 1993 cruise, very few volume points

occurred within the study area and their locations were not recorded with a GPS unit.  A different

sampling method, variable radius plots, was also used by the VDoF in comparison to the fixed

radius plots used in this study.  The minimum, maximum, and range were also available for the

raw, texture, and PCA bands, but were not used in the regression analyses.  These statistics were

not used because they either provided redundant information or they did not make sense from a

subject matter point of view.  For example, since there are shadows or dark spaces between trees

in stands with a wide range of stand characteristics, there is not any reason to expect the

minimum reflectance value to be related to stand characteristics.

Since the standard deviation of samples from the raw bands and the corresponding mean

texture values are highly correlated (0.983 to 0.994), similar model results would be expected

with these two variables from the same band as seen in Tables 10 and 11.  These results suggest

that only one of these variables needs to be used for prediction.  This does not mean that other

texture measures not explored in this study would not be useful.  It is very clear that the

variability of reflectance values within a stand is related to stand parameters like mean dbh,

while raw mean reflectance values are more strongly related with trees per acre and basal area

per acre.  Although variables from the red band were the best predictors of mean dbh, this result

differs from the finding by Franklin and McDermid (1983) that the unaltered red band was more

highly correlated with mean dbh.  Both Franklin and McDermid’s research (1983) and this study

found texture measures in the green band to be strongly correlated with density.

Since this study used a fairly small sample of forest plots, the relationships examined

here need to be tested further.  Although the stand ages in this study range from 11 to 49 years,

only 3 plots and 2 stands are over 30 years old.  More plots in the younger and older age classes

are needed to validate the models suggested for predicting age by this investigation.  Whether

greater variability in the remotely sensed variables would be found in the younger and older

stand classes with the addition of more plots is not known.

Although differences were found between the three resampling methods in terms of

texture measures, all three texture measures for the same band had similar correlations with the

dependent variables of interest.  The possible influence of bidirectional reflectance was not

investigated.  When Holmgren et al. (1997) tested the effect of varying viewing angles between
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the two images of each stereo pair, they found no significant trends between DNs and viewing

angles and based their models on uncalibrated data.

The goal of creating semivariograms was to determine if the range changes as the age of

the stand increases and/or other stand parameters fluctuate.  A 60x60 sample grid size was

selected to minimize the number of stands that a sample could not be obtained in while

maximizing the number of pairs of points available for calculating the semivariance.  Although

the 60x60 grid produced the highest semivariance curve for the test stand, the shape and range of

this curve is not different from the other curves with grid sizes greater than 20x20 (Figure 4).

Since the range of the semivariogram was the parameter of interest, the relatively small

differences in sill were not a major concern.

How optimum window size was determined from the range of variograms is not

discussed in the literature.  Two conclusions seem plausible.  The maximum distance between

the center pixel and other pixels in the window should not exceed the range.  This would result in

only pixels that are correlated with the center pixel being used to calculate its new value.

Another option would be that the maximum distance between any two pixels in the window

should not exceed the range.  The 7x7 window used in this study has a slightly larger maximum

distance between the central pixel and the other pixels (4.9m) than the 3 to 4.5 meter range

observed in the variograms.  The 3x3 window that was used for comparison falls into the second

option.  Given the similar results with both 7x7 and 3x3 texture and the standard deviation in the

23x23 sample, the importance of optimizing the window size is not clear from these findings.

From this analysis, it seems that the age of the stand and other stand characteristics do not

greatly influence the range of the semivariogram.  This may be misleading for two reasons: (1)

ArcInfo only creates omnidirectional variograms, which assume that the variation within the

sample is isotropic or the same in all directions, and (2) since only one stand was older than 28

years, perhaps there was not enough variability between stands (see the histogram of stand ages

in Figure 9).  As mentioned earlier, St-Onge and Cavayas (1997) used the range of directional

variograms to predict stand characteristics.  Another possibility is that the pixel size of the image

has a greater influence on the range of the semivariogram than other factors.  Further analyses

would be necessary to test this hypothesis.
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Conclusions and Recommendations
Although relationships between several scenic beauty covariates and remotely sensed

variables appear promising, there still remains a large amount of variability unexplained by the

models presented here.  Direct prediction of scenic beauty from the remotely sensed data may

prove to be a better option (e.g., use the scenic beauty estimates as the dependent variable and

remotely sensed variables as predictors).  Unfortunately, investigation of the utility of direct

prediction was not possible with these data.

Additional research with other measures of texture and other remotely sensed data

products like lidar, hyperspectral imagery, and high spatial resolution satellite imagery (e.g.

IKONOS) is warranted to determine if more of the variability in stand attributes can be

explained.  Since only loblolly pine stands were used in the above analyses, other stand types

should be tested for similar relationships.  Multicollinearity diagnostics should be used in the

development of models with remotely sensed variables because high correlations often exist

between these variables.

Since a maximum of 62.3, 44.3, and 27.4 percent of the variability in mean

diameter at breast height, trees per acre, and basal area per acre, respectively, were explained by

the models in this study, it seems unlikely that the remotely sensed forest stand variables would

perform well as surrogates for field measurements used in scenic quality models.
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APPENDIX A

REGRESSION AND RESIDUAL PLOTS
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APPENDIX B

SEMIVARIOGRAMS
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