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QuickBird satellite data was used to examine stem density, basal area, and
crown density, as potential forest strata to aid in volume estimations for a regional
inventory program. The classes used for analysis were pine pole and sawtimber, and
hardwood pole and sawtimber. Total height, height to live crown, diameter at breast
height (dbh), and crown class were measured on 129 field plots used in image
classification and accuracy assessments. Supervised classification produced overall
accuracy of 85% with a Kappa of 0.8065. The classification was used for the extraction
of mean band data and percent of forested pixels. Satellite derived variables were used
with field measurements such as average basal area and stem density for regression
analysis to predict forest characteristics such as stem density and crown closure that are
indicators of volume variability. The R2 values ranged from 0.0005 to 0.2815 for
hardwoods and 0.0001 to 0.6174 for pines.
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CHAPTER I
INTRODUCTION

Background
Stratification in forest inventories is important because it partitions the variance
and the variation within the strata is kept small. Variation among the strata means in the
population will not affect the sampling error of the estimated population mean (Steel and
Torrie, 1980). In regional forest management, it is essential that the forest inventory data
represent all the forest in a given area. Forest inventory data taken in the field over large
regions is expensive and due to cost effectiveness, forested areas not under active
management are often omitted from assessment which creates gaps in the inventory data
(Makela and Pekkarinen, 2004). Bauer et al. (1994) indicated that total forest area and
area by cover type change because of cropland abandonment, harvesting, and urban
development. These changes in land uses are extremely difficult to model and necessitate
the use of satellite data to ascertain the variations in forested areas and the location of
these changes.
Satellite sensor data have been used for estimating forest characteristics for forest
inventory because of the large geographic coverage and large spectral range (0.4 - 0.9
µm) that satellite data provide (Tuominen and Haakana, 2005). An increased
understanding of large-scale monitoring of forest conditions is practical only if digital
remote sensing is included in sampling and mapping schema (Cohen et al., 1996).
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Increasingly, it is desirable to have more precise information about forest attributes while
at the same time reducing the cost of providing the inventories (Leckie et al., 2003).
Leckie et al. (2003) also stated that semi-automated and computer-assisted interpretation
of digital satellite imagery is a solution to acquiring more information, reducing time and
costs, and increasing consistency in inventories.
To concentrate sampling with respect to a specific feature, inventory programs
may incorporate stratified sampling designs based on classified satellite imagery. Using
satellite data has been found to be an efficient and effective basis for stratification
(McRoberts et al., 2005).
The Forest Classification and Inventory System (FOCIS) developed at the
University of California had a primary goal to produce accurate cost-effective
stratification of forest vegetation and timber inventory (Franklin et al., 1986). Franklin et
al. (1986) used Landsat imagery and digital terrain data to classify the imagery into sizeand density-based strata producing positive results. Borry et al. (1993) stated they used
SPOT and TM data for stratification of poplar stands based on their developmental stage
which was determined by canopy closure and tree height. The discrimination between
young and other poplar developmental stages was accurate enough for use in
stratification prior to volume inventory (Borry et al., 1993). The Forest Inventory and
Analysis (FIA) program of the Forest Service, U.S. Department of Agriculture, has
determined estimates of volume of timber resources of the Untied States using plot data
and remotely sensed data. McRoberts et al. (2002) used FIA data and data from the
National Land Cover Data (NLCD) to conduct research using satellite imagery along
with regression and stratification to improve the precision of forest area estimations.
2

Their study yielded positive results for stratification using the NLCD classes. McRoberts
et al. (2005) stated that their approach to stratification using NLCD and then creating
forest and forest edge strata, yielded stratified variance estimates for proportion forest
land that were smaller by factors as great as 4.0.
Mississippi State University (MSU) used satellite data collected over a period of
time to facilitate the stratification of forested areas by forest cover type and age class in a
regional level inventory program (Parker et al., 2005). The main reason for this was to
better characterize current and model future conditions of forest resources in a more
efficient and timely manner through landscape stratification based on satellite data. The
MSU inventory used forest cover types and ages. However, Borry et al. (1993) stated
that other stratification variables were important for determining volume estimates.
Borry et al. (1993) stated satellite data was good for discriminating among forest types;
however for forest inventory purposes, knowledge of forest structural variability (canopy
closure, stand density, tree height, basal area, stocking density) had to be added to forest
type information. With higher resolution data, forest structural details (canopy closure
and stand density) can be derived. Forest structural characteristics are more closely
related to volume variability than forest type. Stratification based on forest structure
accompanied with forest type can lead to more precise volume estimates to aid in a more
accurate and time-efficient regional forest inventory program.
Because of the many possible combinations of forest attributes and stand
structures, analysis must be done at an individual crown level. High resolution data (1m
or less) where individual crowns can be differentiated are required to achieve these
objectives. With recent advancements in technology and computer programs for
3

analyzing remotely sensed data, the area encompassed and location of different structurebased strata in the forest can be detected with higher resolution satellite imagery. It is
important to understand the basis of satellite imagery and how forest structure based
strata have been derived with previous satellite imagery and how higher resolution data
could possibly yield more precise estimates.

Landsat
The Landsat program, originally the Earth Resources Technology Satellite
(ERTS), launched in 1972, offers the longest series of systematically collected satellite
remote sensing data over large regions (Cohen and Goward, 2004). Landsat 1
Multispectral Scanner (MSS) data had a spatial resolution of 79m. Landsat 4 was
launched in 1982 and included MSS and Thematic Mapper (TM). The spatial resolution
(30m) of the TM facilitates characterization of land cover and its change associated with
land management. Landsat (TM) data provide spectral measurements in the visible and
infrared portions of the solar electromagnetic spectrum ranging from 0.45 – 2.35 µm
(Lillesand et al., 2004). In recent years, Landsat data have become more affordable
making it possible to acquire and analyze large volumes of observations (Cohen and
Goward, 2004). Examples of forest-based applications of Landsat include timber volume
estimation, current and future biomass modeling, tree height, tree age, and crown closure
determination (Trotter et al., 1997; Mickler et al., 2002; Franklin et al., 2003).
Collins et al. (2005) used Landsat leaf-on data to classify forest versus nonforest areas using unsupervised classification. Digital Orthophoto Quarter Quadrangle
(DOQQ) color infrared imagery with a 1 m. resolution was used to classify forest within
4

selected areas of the 30 meter leaf-off Landsat pixels of pine and hardwood forests using
unsupervised classification. The DOQQ classifications were then used to guide a
classification of the Landsat data by using a maximum likelihood supervised
classification algorithm (Collins et al., 2005). The final product was a thematic cover
type map of pine, hardwood, mixed stands and non-forest areas of Mississippi. The
cover type map is currently being used to stratify the inventory land base of Mississippi.
This process is not ideal because it does not account for extreme variation of volume
within the forest types. Significant gains might be realized in the accuracies of inventory
estimates in this sampling scheme if more structurally-oriented variables related to
volume were employed in the stratification and sampling design. High resolution data
could be key to better volume-based strata.

High Altitude Aerial Photography
High altitude aerial photography is another way to observe forest characteristics.
The main advantage of satellite imagery is good spectral resolution (wide spectral range),
whereas high altitude aerial photography has superior spatial resolution (Tuominen and
Haakana, 2005), allowing the use of textural properties in estimating forest attributes. Of
major importance in using texture is the scale factor between the objects being measured
and the spatial resolution of the image (Tuominen and Haakana, 2005). When spatial
resolution is finer than the size of the objects in the image, the image pixels within the
objects are highly correlated and the local variance is low, making high spatial resolution
have an advantage in estimating forest characteristics (Tuominen and Haakana, 2005).

5

With high resolution data, forest characteristics that relate to volume, such as canopy
closure and stem density, are easier to identify.
Lévesque and King (2003) used high altitude digital camera photography to
model individual tree crowns and forest canopy structure. Basic spectral transformations
and spatial transformations of image brightness were used with image measures in
stepwise regression to model forest structure elements such as canopy and crown closure,
stem density, tree height, and crown size. A disadvantage of high altitude aerial imagery
is that it yields spectral distortions such as bidirectional reflectance resulting in similar
objects having different spectral characteristics in different parts of the image (Tuominen
and Haakana, 2005). In the past, only low resolution satellite data were available;
however, high resolution satellite systems that have benefits of aerial photography have
been introduced over the past few years.

IKONOS
Recently, there have been new imaging satellite systems with finer resolution
launched into orbit. In 1999, the IKONOS satellite formerly operated by Space Imaging,
now GeoEye, was launched to provide high resolution imagery to individuals,
organizations and governments for mapping, monitoring, and development (Dial and
Grodecki, 2003). The panchromatic sensor with 82 centimeter resolution and an 11.3
kilometer-wide swath at nadir provides high resolution. The multispectral sensor
simultaneously collects measurements in blue, green, red, and near infrared (NIR) bands
ranging from 0.45 - 0.90 µm, with a 3.28 meter resolution. Combining the multispectral
imagery with the high-resolution panchromatic imagery results in pan sharpened data
6

with 1 m. spatial resolution (Dial and Grodecki, 2003). Pan-sharpening is a pixel-level
fusion technique used to increase the spatial resolution of the multispectral image using
spatial information from the high-resolution panchromatic image, while preserving the
spectral information in the multispectral image (Vijayaraj et al., 2006).
IKONOS like Landsat, has many uses, among those are the estimation of leaf area
index, stand identification, forest height measurements, forest species determination, and
forest age class assessment (Colombo et al., 2003; Kawamura et al., 2004, Nelson et al.,
2004). One of the most important assessments obtained from high resolution data is
forest structure and density. High spatial resolution imagery can be used in automating
the mapping of individual tree crowns of larger trees that Landsat can not map. Gougeon
and Leckie (2006) used IKONOS to map individual tree crowns. The high resolution
allows the individual crown dimensions and tree locations to be detected. This yields
statistical information on forest density and structure.

QuickBird
Another satellite with high resolution called QuickBird, owned and operated by
Digital Globe, was launched October 18, 2001 (Lillesand et al., 2008). Images collected
with this system have a resolution of 0.61 meters at nadir in the panchromatic. Data are
simultaneously collected in 4 additional multispectral bands (3 in the visible and one in
the near infrared portions of the color spectrum) with 2.40m resolution (Lillesand et al.,
2008). It has an average revisit time of 1-3.5 days. For forestry uses, this satellite offers
qualities like good positioning accuracy, revisit capabilities, and large image size (Rossi,
2003). The use of the high spatial resolution data provides an opportunity to obtain
7

structure information over the whole forest area and reduce the amount of field work
through stratified random sampling.
Hirata (2006) conducted a study to estimate stand density and volume from
QuickBird satellite data. In this study, he used a local maximum filter to estimate the
density and the watershed method to estimate the crown area. Also, diameter at breast
height (DBH) was estimated from crown area and then tree height was estimated. His
results produced adequate measurements for mature stands but inadequate for young
stands (Hirata, 2006). The information derived in Hirata’s study is the beginning to a
broader scale inventory process.

Justification and Objectives
Prior research has shown that Landsat data are useful in forest type mapping
across large regions. With increased availability of new high resolution data from
satellites such as QuickBird and IKONOS, better stratification of forest types could
provide extraction of forest structure measurements such as stem density and crown
closure which are important in inventory schemes. Such extractions using remotely
sensed data can in turn lead to better time efficiency and cost savings for land managers.
The goal of this project was to evaluate the accuracy of deriving forest stand
characteristics such as crown closure and stem density from QuickBird imagery.
Estimates of forest characteristics derived from QuickBird data can help in better
stratification of forest inventories therefore facilitating better volume estimations on a
regional scale.

8

This research focused on the following objectives:
1. Determine if forest size and type classes can be identified in high-resolution
satellite data
2. Determine methods to estimate forest structure attributes using high-resolution
satellite data.

9

CHAPTER II
METHODS

Study Area
The study area encompasses 267 square km of the southern portion of Oktibbeha
County and the northeast portion of Winston County in the State of Mississippi. Included
in the study area are the northern part of the Noxubee National Wildlife Refuge, the John
W. Starr Memorial Forest, owned by Mississippi State University, and the eastern part of
the Tombigbee National Forest.

Figure1. Study area represented by the black outline in Oktibbeha and Winston Counties
in the State of Mississippi.
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The main forest types found in this area are loblolly pine (Pinus taeda L.) plantations;
mixed hardwood forests with cherrybark oak (Quercus pagoda Raf.), white oak (Quercus
alba L.), overcup oak (Quercus lyrata Walt.), bald cypress (Taxodium distichum L.), and
hickories (Carya sp.)and mixed pine/hardwood forest.

Image Pre-Processing
A QuickBird image collected on October 1, 2004 and consisting of the
panchromatic and 4 spectral bands (band 1 [blue] 0.45-0.52 micrometers(µm); band 2
[green] 0.52-0.60µm; band 3 [red] 0.63-0.69µm; band 4 [NIR] 0.76-0.90µm) was used in
the study. First, the panchromatic data were fused with the multispectral to achieve a
higher resolution of the multispectral composite. This was accomplished using the
principal components analysis (PCA) method of pansharpening to transform the
multispectral image (2.4m) to be the same resolution as the black and white image
(.64m). Pansharpening is a pixel-level fusion technique used to increase the spatial
resolution of the multispectral image using the spatial information from the panchromatic
while preserving the spectral information in the multispectral image (Vijayaraj, 2004).
Vijayaraj (2004) explains that PCA uses a mathematical procedure that transforms a
number of correlated variables into a set of uncorrelated variables called principal
components. PCA is calculated using eigenvalues and eigenvectors of the covariance
matrix of the multispectral image bands. The eigenvalues illustrate the variance along the
principal components and the eigenvectors denote the direction of the principal
components. The eigenvalues are arranged in decreasing order of magnitude. The
transformation matrix for computing principal components is obtained by arranging the
11

eigenvectors in the order corresponding to that of the eigenvalues. Thus, the first
principal component corresponds to the direction of the highest eigenvalue or maximum
variance and the second to the second maximum variance, and continuing for consecutive
principal components (Vijayaraj, 2004).
ERDAS1 Imagine uses a histogram match to replace principal component 1 of
the multispectral with the panchromatic data then an inverse PCA is done to return the
multispectral image to the original values. Once the image was pansharpened, it was then
georectified using DOQQ’s of Oktibbeha and Winston counties as the reference data
obtained from Mississippi Automated Resource Information System (MARIS). A 1st
degree polynomial and nearest-neighbor resampling was used and the data were reprojected to Mississippi Transverse Mercator (MSTM). The MSTM projection is a
customized Transverse Mercator projection designed to more evenly distribute
convergence and scale-factor and is based on the North American Datum of 1983
(NAD83). The projection parameters of the MSTM2 projection obtained from the
MARIS website are as follows:

Scale Factor: 0.9998335
Central Meridian: -89 45' 00''
Central Latitude: 32 30' 00''
False Northing: 1,300,000 meters
False Easting: 500,000 meters
Projection Units: meters
Spheroid: GRS80
Datum: NAD83

1

Mention of company or product names is for information only and does not constitute official
endorsement by Mississippi State University or the author.
2
www.maris.state.ms.us/
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A classified Landsat scene generated by Collins et al. (2005) was used to allocate
field plots to be used for reference data. Collins et al. (2005) determined six stand age
classes for forests in Mississippi using the following dates and change detection to
determine if the land was harvested or not: 1995-2002, 1992-2002, 1986-2002, 19812002, 1972-2002. This analysis yielded age classes of 0-6 years, 7-9 years, 10-15 years,
16-20 years, 21-29 years, and 30 + years based on if the land had no trees in a specific
year. To sample in representative sizes for the different conditions related to volume, the
age classes were combined to form precommercial, pole size, and sawtimber classes as
appropriate ages pertain to those classes as defined by the Mississippi Institute for Forest
Inventory (MIFI). The MIFI field criteria for the precommercial class are submerchantable trees between 1.0 and 4.5 inches diameter at breast height (DBH) and
regeneration 0.0 to 1.0 inch in DBH. The pole size class is 4.6 inches in DBH to 10.5 in.,
and the sawtimber class is 10.6 inches in DBH and larger (Parker et al., 2005). The
regeneration class and precommercial classes for the three forest types were made into
one class. This class and the pole size and sawtimber classes for each forest type (pine,
mixed and, hardwood) resulted in seven different classes. Once this was determined, the
Landsat forest type map obtained from Collins et al. (2005) was recoded to the strata:
pine sawtimber (1), pine pole (2), mixed sawtimber (3), mixed pole (4), hardwood
sawtimber (5), hardwood pole (6), and precommercial (7).
The recoded forest type map was clipped to the boundaries of the study area.
Next, a roads vector layer was overlain on the study area. Since the largest size plot was
0.08 hectare (1/5th acre), the roads were buffered 20m to exclude areas adjacent to the
roads for plot location purposes. Another buffer was created to include sample areas up
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to 1000 meters from the roads. The 1000m buffer delineated the furthest distance from
roads used for plot allocation in an effort to expedite field sampling due to time and travel
constraints. Also, within the boundaries of the three publically owned land areas, the
private lands were excluded so no plots would fall where permission had to be granted
for access. Hawth’s tools in ArcMap were then used to randomly generate 30 circular
plots per class that was previously determined within the sampling areas.

Field Data
The randomly generated plot coordinates were uploaded to a Garmin TDS Recon
handheld Global Positioning System (GPS) unit from Landmark systems that used
Solofield CE software that guides navigation and records the coordinates of the plot
centers. The plot sizes were 0.08 hectare (1/5th acre) with 30 plots per class totaling 180
plots for the pole and sawtimber size classes, and 0.02 hectare (1/20th acre) with 30 plots
for the precommercial class. At each plot, the plot center was logged with a GPS and the
following measurements were taken on each tree: total height in feet, height to base of
live crown in feet, and DBH in inches. Also, crown closure was measured half way
between plot center and the edge of the plot on the north, south, east, and west sides, and
directly on plot center. Crown class for each tree was recorded. A Hagloff Vertex III
was used to determine plot boundaries and to measure heights in feet, and a diameter tape
was used to measure the DBH to the nearest 0.1 inch.
Some of the allocated plots did not represent the specific class in the Landsat
forest type map. For this situation, the plots were measured for the forest type and age
they represented in the field and assigned to the appropriate class category. At
14

completion of the initial field survey, there were not equal numbers in each class.
Therefore, a second set of plots was randomly generated and measured. Due to time and
area constraints, a total of 134 plots were collected: 44 hardwood sawtimber, 15
hardwood pole, 47 pine sawtimber, 21 pine pole, and 7 regeneration. The mixed class
was combined with the appropriate pine or hardwood class based on the basal area using
the 80%/20% plurality rule from Collins et al. (2005) and the regeneration class was not
used in classification because it has little impact on volume estimations in a forest
inventory. There was not a significant number of regeneration plots to use for
classification purposes.
Using Statistical Analysis Software (SAS), the upper 25th and the upper 50th
percentiles of total height were determined. The following data were calculated from the
field measurements for each plot: total basal area in square feet, total basal area of the
canopy trees (dominant and codominant) in square feet, stem density, stem density of
dominant and codominant trees, average crown density, depth of canopy defined as
average height minus average height to base of live crown in feet, Lorey’s mean height,
quadratic mean diameter (QMD), quartiles of the upper 25 and 50 percents of trees by
heights, average Lorey’s mean height of the upper 25 and 50 percents of heights, total
Lorey’s mean height of the upper 25 and 50 percents of heights, total basal area of the
upper 25 and 50 percents of heights, and average basal area of the upper 25 and 50
percents of heights. The smallest tree measured in the pole and sawtimber classes had a
diameter at breast height of 4.6 inches, and in the precommercial class only stem density
was measured.
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The variables Lorey’s mean height and QMD were calculated using equations (1)
and (2) respectively:
hz
QMD

(¦ g i h ) y ¦ g i
i

(1)

((stemdensity / BA) / 0.0054541)

(2)

Where:
hz = Lorey’s Mean
gi and BA = basal area
hi = total tree height
Lorey’s mean height weights the contribution of trees to the plot height by using their
basal area. It is used because it is less affected by mortality and harvesting of smaller
trees. QMD in inches is derived from taking the square root of stem density divided by
the basal area and divided by 0.0054541.

Image Classification
The plots were divided into two groups, one half for training, and the other for
validation of the classification. The QuickBird image was used along with each group of
plots to create a supervised classification in ERDAS Imagine.
For the classifications, the plot boundaries were graphically overlayed onto the
QuickBird image. Within the plots, spectral signatures were created using the region
growing procedure which selects similar pixel values that were assumed to make up the
tree crowns in the image. This was done to exclude pixels between the crowns (open
areas and shadows) that would increase the variance of the signatures and create class
confusion. This procedure generated multiple polygons in each plot to represent the
16

forest type and these polygons were used as training sites for the classification process.
Once the training sites were established, the classification was executed yielding a
thematic map of the QuickBird image with the pine pole, pine sawtimber, hardwood pole,
hardwood sawtimber, water, shallow water, field, pasture, open and shadow. The
training areas for water, shallow water, field, pasture and open were selected directly off
the image based on general knowledge of the cover conditions in the area. These nonforest classes were independently tested by generating a random set of plots in those
classes and creating an error matrix.
Accuracy assessments were generated using error matrices (Lillesand et. al, 2008)
with overall accuracy, producer’s accuracy, user’s accuracy, and the Kappa statistic
(KHAT; equation 3) produced for each classification:

r

r

1 ¦ Xii  ¦ (x i  x x  j )
i 1

KHAT =

i 1

(3)

r

1  ¦ (x i  x x  j )
2

i 1

Where:
r = number of rows in the error matrix
Xij = number of observations in row i and column j (on the major diagonal)
xi+ = total of observations in row i (marginal total to right of the matrix)
x+j = total of observations in column j (marginal total at bottom of the matrix)
N = total number of observations included in matrix.
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The KHAT statistic is a measure of the difference between the actual agreement between
reference data and an automated classifier and the chance agreement between the
reference data and a random classifier.
Lillesand et al. (2008) states producer’s accuracies (omission errors) indicate how
well training set pixels of the given cover type are classified by dividing the number of
correctly classified pixels (located on the major diagonal of the error matrix) by the
number of training set pixels used for that cover type (class column total). User’s
accuracies (commission errors) are computed by dividing the number of correctly
classified pixels in each category by the total number of pixels that were classified in that
cover type (the class row total). Commission error indicates the probability that a pixel is
classified into a given category actually represents that category on the ground. Errors of
omission correspond to non-diagonal column elements (pixels that should have been
classified as a certain class but were omitted).

Forest Structure Variable Estimation
The image classification was recoded to pine sawtimber, pine pole, hardwood
sawtimber, hardwood pole, water, and open (pasture, bare ground, field, and herbaceous).
The classified image was multiplied by the original image to attribute the pixels in the
classified image with the spectral values (often called digital numbers [DNs]) of the
original image. This was in turn used to obtain zonal statistics by plot of the mean DN by
band of just the forested pixels to use for regression analysis to determine if stand
characteristics could be predicted from high resolution imagery.
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Gamon et al. (1995) stated that Normalized Difference Vegetation Index (NDVI)
which is derived from canopy reflectance in the red and near infrared wavebands,
highlighted phenological differences between evergreen and deciduous canopies,
indicating canopy structure. For use in the regression analysis, the (NDVI) was derived
from the QuickBird image using equation (4):

NDVI = (NIR(DN) – RED(DN))/ (NIR(DN) + RED(DN))

(4)

Where:
NIR(DN) = the band 4 integer value, and
RED(DN) = the band 3 integer value.
Also, from the satellite image, a zonal statistics function was performed by plot
obtaining the mean DN by band from the QuickBird image: blue band 1, green band 2,
red band 3, and NIR band 4. These mean DNs by band were used in the last derivation
that was a modification of a formula from Schultz et al. (2006), represented in equations
(5) and the modification in equation (6). Schultz et al. (2006) noted that these band
combinations were significant in estimating basal area in a Landsat image.

band 3(RED) + ((band 2(GREEN) * band 5(MidIR))/band 3 (RED))

(5)

band 3(RED) + ((band 2(GREEN) * band 5(NIR))/band 3 (RED))

(6)

Once the image processing was completed, a spreadsheet containing the
variables given in Table 1 was generated.
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Table 1. The independent (X) variables used for regression analysis on a plot level to
predict the dependent (Y) variables for use in a regional level inventory
X

Y
Stem density
Stem density of canopy trees
(Density w/o inter)
Basal Area (BA)
BA of canopy trees
Quadratic Mean Diameter (QMD)

Percent of forested pixels by plot (%forest)
Mean spectral value band 1 (Meanband1)
Mean spectral value band 2 (Meanband2)
Mean spectral value band 3 (Meanband3)
Mean spectral value band 4 (Meanband4)
Mean spectral value of forested pixels band
1 (Meanfband1)
Mean spectral value of forested pixels band
2 (Meanfband2)
Mean spectral value of forested pixels band
3 (Meanfband3)

Densiometer readings
Lorey's Mean Height (LMH)
QMD of upper 25 and 50 percents of heights
(QMD25, QMD50)
Total LMH of upper 25 and 50 percents of
heights
(TotLMH25, TotLMH50)
Average LMH upper 25 and 50 percents of
heights
(AvgLMH25, AvgLMH50)
Total BA upper 25 and 50 percents of heights
(TotBA25, TotBA50)
Average BA upper 25 and 50 percents of
heights
(AvgBA25, AvgBA50)

Mean spectral value of forested pixels band
4 (Meanfband4)

Schultz (See Equation 6)
NDVI (See Equation 4)

The table representing the independent (X) and dependent (Y) variables was imported
into SAS and used to generate a series of stepwise and simple linear regressions to
determine predictability of stand characteristics that are relative to volume estimation as
compared to satellite-derived variables, both spectral- and classification- derived.
Stepwise was used first to determine which variable contributed most to the regression.
Those variables were then used for simple linear regression to determine predictability.
The models were interpreted using the coefficient of determination and the p-values.
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CHAPTER III
RESULTS

Image Classification
The overall accuracy of the classified (1) QuickBird image was 85% with a
Kappa statistic of 0.8065 (Table 2). The hardwood sawtimber and pine pole classes
yielded the best producer’s accuracies with 90% and 91%, while there was class
confusion between hardwood pole for hardwood sawtimber and pine sawtimber for pine
pole. The accuracy assessment with just the hardwood and pine sawtimber and pole
classes and excluding the nonforested areas (inserted to account for the variance in the
image) was 83% overall with an overall Kappa of 0.4394 (Table 3). Pine pole and
hardwood sawtimber classes yielded the highest producer’s accuracies of 91% and 90%.
Class confusion was greatest between the pine sawtimber and pole classes. Other errors
of commission came from hardwood sawtimber confused with hardwood pole and pine
pole, and hardwood pole confused with hardwood sawtimber and pine pole. The recoded
classification is represented in Figure 2.
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Classified Data
Hardwood sawtimber
Hardwood pole
Pine pole
Pine sawtimber

Hardwood
sawtimber
88
6
4
0

Hardwood Pine
Pine
pole
pole sawtimber
14
2
0
31
1
0
1
79
18
0
0
53
Overall Accuracy: 83%
Overall Kappa: 0.4394

Reference data
Producer's
accuracy%
90
67
91
75

User's
accuracy%
85
82
77
91

Table 3. Error matirx of forested areas derived from supervised calssification of 2004 Quickbird
data of Oktibbeha and Winston counties in Mississippi

Table 2. Error matrix derived from supervised classification of 2004 Quickbird data in Oktibbeha and Winston Counties in
Mississippi.
Reference Data
User's
Hardwood
Hardwood
Pine
Pine
Producer's accurac
Classified Data
sawtimber
pole
pole
sawtimber Open Water Shadow accuracy%
y%
Hardwood sawtimber
88
14
2
0
0
0
0
90
85
Hardwood pole
6
31
1
0
0
0
0
67
82
Pine pole
4
1
79
18
0
0
0
91
77
Pine sawtimber
0
0
0
53
0
0
0
75
91
Open
0
0
0
0
17
0
0
10
100
Water
0
0
0
0
1
18
0
0
95
Shadow
0
0
0
0
0
2
20
0
91
Overall Accuracy: 85%
Overall Kappa: 0.8065

Figure 2. Section of the 2004 QuickBird image classification on left and top right. The
yellow box represents the top right picture of the classified thematic and
corresponding original pan-sharpened 2004 QuickBird image at the bottom
right.
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Forest Structure Variable Estimation
Table 1. data were imported into SAS and a series of stepwise and simple linear
regressions were executed. The most significant R2 values were acknowledged and
reported. The variables tested were those that are related to volume estimations. The
outliers were removed and quadratic and log transformations were applied resulting in the
coefficient of determination (R2) values ranging from 0.0000 to 0.6174 for the pines, and
0.0000 to 0.2815 for the hardwoods.
Stepwise regression was used first to analyze the data to see which variables
would be most important and which variables did not contribute to the regression. The pvalue was tested at a 0.05 level for significance. The variables entered into the equations
first that fell into the significance level were acknowledged. For pine plots (Table 4), the
most important variables were Schultz, NDVI, mean DN of band 1 per plot, mean DN of
band 4 per plot, and the mean DN of forest pixels in band 4 per plot. For hardwood plots
(Table 5), the most important variables were NDVI, mean DN of band 1, mean DN of
forest pixels band 1, mean DN band 2, and the percent of pixels that were forest pixels.
Tables 6 and 7 represent the variables that proved both significant and had the
strongest relationships between the independent (X) and dependent (Y) variables
represented in Table 1 for hardwood and pine plots. Among the hardwoods (Table 7),
there was a significant, but weak relationship between AvgBA50 and %forest, and
AvgBA25 and %forest. R2 increases with AvgBA50 of 0.0760 to AvgBA25 of 0.1038.
Also NDVI showed a relationship with AvgBA50 with a value of 0.1006 which became
slightly stronger in the AvgBA25 to 0.1041 and was strongest when regressed against
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TotBA25 with an R2 of 0.2859. When Meanfband1 of the hardwoods was regressed
against TotLMH25, the R2 was 0.2815.
In the pines (Table 6), %forest showed much stronger relationships with
AvgBA50 and AvgBA25 with R2 increasing from 0.5145 to 0.5238. Also %forest showed
an increase in the coefficient of determination among the variables AvgLMH50 and
AvgLMH25 increasing from 0.3273 to 0.4101. NDVI was another significant variable
when regressed against AvgBA50 and AvgBA25 with the R2 increasing from 0.3969 to
0.4085. The variables with QMD when regressed against %forest were the most
significant with the strongest relationship for the pine plots. QMD when regressed
against %forest yielded and R2 of 0.5104 and increased to 0.5521 in the QMD25 and to
0.6174 in QMD50.
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Table 4. Stepwise regression forward selection for all pine plots. P-Values
significant
to the 0.05 alpha level for dependent variables.
Independent Variables
Dependent
Variables

NDVI

15

Meanband
116

Meanband
417

Meanfban
d418

Schultz19

BA1

NS20

NS

NS

NS

0.0002

AvgBA502

0.2125

NS

NS

0.0116

<0.0001

AvgBA253

0.0210

NS

<0.0001

0.0511

NS

TotBA50

4

NS

NS

NS

NS

<0.0001

TotBA25

5

0.3103

0.0349

NS

0.4098

<0.0001

AvgLMH506

0.0087

NS

NS

0.1390

NS

7

0.0638

NS

0.0045

0.0775

NS

8

TotLMH50

NS

NS

0.1768

NS

<0.0001

TotLMH259

0.4531

0.1522

0.4029

0.0543

<0.0001

NS

0.0087

<0.0001

0.0133

NS

0.0005

NS

<0.0001

0.0107

NS

0.0005

NS

<0.0001

0.0062

NS

0.0002

0.0041

NS

0.0012

NS

AvgLMH25

10

QMD

11

QMD50

QMD2512
Densityw/onter

13

14

0.0017
0.0186
NS
0.0015
NS
Stem Density
2
BA- basal area AvgBA50- average of basal area of the upper 50 percent of tree heights
3
AvgBA25- average of basal area of the upper 25 percent of tree heights 4TotBA50- total
basal area of the upper 50 percent of tree heights 5TotBA25- total basal area of the upper
25 percent of tree heights 6AvgLMH50- average Lorey’s Mean Height of the upper 50
percent of tree heights 7AvgLMH25- average Lorey’s Mean Height of the upper 25
percent of tree heights 8TotLMH50- total Lorey’s Mean Height of the upper 50 percent
of tree heights 9TotLMH25- total Lorey’s Mean Height of the upper 25 percent of tree
heights. 10QMD- Quadratic Mean Diameter see equation (2). 11QMD50-Quadratic Mean
Diameter of the upper 50 percent of trees heights. 12 QMD25-Quadratic Mean Diameter
of the upper 25 percent of tree heights.-13Densityw/ointer- stem density of the dominant
and codominant trees, excluding the suppressed and intermediates 14Stem Density- total
number of trees per plot. 15NDVI- Normalized Difference Vegetation Index see eq.(4). .
16
Meanband1-the mean DN of pixels in band 1. 17 Meanband4-the mean DN of pixels in
band 4. 18Meanfband4-mean DN of forest pixels in band 4. 19Schultz- See equation (6).
20
NS-not significant at a 0.05 alpha level (non-significant p-values near the 0.05 alpha
level are provided for interpretation context).
1
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Table 5. Stepwise regression forward selection for all hardwood plots. P-Values
significant to the 0.05 alpha level for dependent variables.
Independent Variables
Meanband Meanfband Meanband
116
117
218

Dependent
Variables

NDVI15

BA1

0.0021

NS20

0.2130

NS

NS

0.2956

0.0084

0.0189

0.0378

NS

AvgBA50

2

AvgBA253

%forest19

NS

0.0159

0.0276

0.011

NS

TotBA50

4

0.0038

NS

NS

NS

NS

TotBA25

5

0.0753

NS

NS

NS

NS

AvgLMH506

NS

0.1789

0.0077

0.0231

NS

7

NS

0.1429

0.0032

0.0054

NS

8

TotLMH50

0.2378

0.0188

0.006

0.0038

0.2923

TotLMH259

0.1389

0.031

0.0014

0.0012

0.2104

NS

0.0074

0.0024

NS

0.0091

NS

0.0766

0.0002

0.0016

NS

NS

0.1623

<0.0001

0.0042

NS

NS

NS

<0.0001

0.0031

NS

AvgLMH25

10

QMD

11

QMD50

QMD2512
Densityw/onter

13

14

NS
0.0639
0.0017
0.1671
NS
Stem Density
2
BA- basal area AvgBA50- average of basal area of the upper 50 percent of tree heights
3
AvgBA25- average of basal area of the upper 25 percent of tree heights 4TotBA50- total
basal area of the upper 50 percent of tree heights 5TotBA25- total basal area of the upper
25 percent of tree heights 6AvgLMH50- average Lorey’s Mean Height of the upper 50
percent of tree heights 7AvgLMH25- average Lorey’s Mean Height of the upper 25
percent of tree heights 8TotLMH50- total Lorey’s Mean Height of the upper 50 percent
of tree heights 9TotLMH25- total Lorey’s Mean Height of the upper 25 percent of tree
heights. 10QMD- Quadratic Mean Diameter see equation (2). 11QMD50-Quadratic Mean
Diameter of the upper 50 percent of trees heights. 12 QMD25-Quadratic Mean Diameter
of the upper 25 percent of tree heights.-13Densityw/ointer- stem density of the dominant
and codominant trees, excluding the suppressed and intermediates 14Stem Density- total
number of trees per plot. 15NDVI- Normalized Difference Vegetation Index see eq.(4).
16
Meanband1- the mean DN of pixels in band 1. 17 Meanfband1- the mean DN of forest
pixels in band 1. 18Mean band 2- the mean DN of pixels in band 2. 19%forest- the
percent of forest pixels per plot. 20NS-not significant at a 0.05 alpha level. (nonsignificant p-values near the 0.05 alpha level are provided for interpretation context).
1
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Table 6. R2 values with the standard error of estimate (RMSE) in parenthesis
derived from all pine plots from simple linear regression in SAS.
Independent Variables
Dependent
Variables

%forest15

BA1

Meanband416

Schultz17

NDVI18

0.0911(7.3121)

0.1646(7.0100)

0.1923(6.8929)

0.0872(7.3275)

0.5145(0.2447)

0.4004(0.2705)

0.4018(0.2702)

0.3969(0.2734)

0.5238(0.2495)

0.3817(0.2821)

0.3778(0.2830)

0.4085(0.2780)

0.2281(5.0293)

0.2298(4.9855)

0.2653(4.8692)

0.1954(5.1349)

0.2455(0.6034)

0.2769(0.2002)

0.2883(0.1986)

0.2429(0.6044)

AvgLMH50

0.3273(0.2978)

0.2761(0.3064)

0.2747(0.3067)

0.2674(0.3707)

AvgLMH257

0.4101(0.2739)

0.3081(0.2892)

0.3164(0.2874)

0.2938(0.2921)

0.4196(6.1270)

0.376(6.3038)

0.3902(6.2316)

0.3514(6.4766)

0.4414(6.2745)

0.3864(6.5264)

0.4145(6.375)

0.3433(6.8032)

0.5104(0.1098)

0.3595(0.1275)

0.352(0.1283)

0.3351(0.1299)

0.6174(0.1098)

0.3595(0.1275)

0.3520(0.1283)

0.3351(0.1299)

0.5521(0.1372)

0.4015(0.1548)

0.4046(0.1544)

0.4043(0.1556)

0.2518(0.3203)

0.1820(0.3400)

0.1681(0.3428)

0.2084(0.3344)

AvgBA50

2

AvgBA25

3

TotBA504
TotBA25

5
6

8

TotLMH50

9

TotLMH25
10

QMD

11

QMD50

12

QMD25

Densityw/onter

13

14

Stem Density
0.1658(0.2867)
0.0866(0.2977)
0.0745(0.3428) 0.1166(0.2927)
BA- basal area 2AvgBA50- average of basal area of the upper 50 percent of tree heights
3
AvgBA25- average of basal area of the upper 25 percent of tree heights 4TotBA50- total
basal area of the upper 50 percent of tree heights 5TotBA25- total basal area of the upper
25 percent of tree heights 6AvgLMH50- average Lorey’s Mean Height of the upper 50
percent of tree heights 7AvgLMH25- average Lorey’s Mean Height of the upper 25
percent of tree heights 8TotLMH50- total Lorey’s Mean Height of the upper 50 percent
of tree heights 9TotLMH25- total Lorey’s Mean Height of the upper 25 percent of tree
heights. 10QMD- Quadratic Mean Diameter see equation (2). 11QMD50-Quadratic Mean
Diameter of the upper 50 percent of trees heights. 12 QMD25-Quadratic Mean Diameter
of the upper 25 percent of tree heights.-13Densityw/ointer- stem density of the dominant
and codominant trees, excluding the suppressed and intermediates 14Stem Density- total
number of trees per plot. 15%forest- the percent of forest pixels per plot. 16Meanband4the mean DN of forest pixels in band 4. 17Schultz- See equation (6). 18NDVI- Normalized
Difference Vegetation Index see eq.(4).
1
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Table 7. R2 values with the standard error of estimate (RMSE) in parenthesis
derived from all hardwood plots from simple linear regression in SAS.
Independent Variables
Dependent
Variables

%forest12

BA1

0.1050(5.8105)

0.0643(5.4341)

0.0000(6.0502)

0.0019(6.0447)

0.0760(0.3283)

0.1805(0.2639)

0.0830(0.3320)

0.1006(0.3203)

0.1038(0.3028)

0.1598(0.2932)

0.0541(0.3111)

0.1041(0.3028)

0.0000(4.2838)

0.0258(4.2281)

0.0325(4.2135)

0.0384(4.2006)

0.0429(0.1908)

0.017(0.2003)

0.2130(3.0356)

0.2859(2.8916)

AvgLMH50

0.0631(0.5193)

0.1787(0.4862)

0.0165(0.5321)

0.0377(0.5263)

AvgLMH257

0.0708(0.6868)

0.2815(0.6154)

0.0207(0.7051)

0.0480(0.6952)

0.0496(6.6823)

0.2666(5.6714)

0.0091(6.8234)

0.1463(6.4473)

0.0488(6.6809)

0.1660(6.2557)

0.0158(6.7959)

0.1672(6.3640)

0.1016(0.2869)

0.1958(0.2764)

0.0217(0.3040)

0.1150(0.2925)

AvgBA50

2

AvgBA25

3

TotBA504
TotBA25

5
6

8

TotLMH50

9

TotLMH25

Densityw/ointer

10

Meanfband113 Meanfband414

11

NDVI15

Stem Density
0.0611(0.2377)
0.1642(0.2242)
0.0137(0.2436)
0.0402(0.2403)
BA- basal area 2AvgBA50- average of basal area of the upper 50 percent of tree heights
3
AvgBA25- average of basal area of the upper 25 percent of tree heights 4TotBA50- total
basal area of the upper 50 percent of tree heights 5TotBA25- total basal area of the upper
25 percent of tree heights 6AvgLMH50- average Lorey’s Mean Height of the upper 50
percent of tree heights 7AvgLMH25- average Lorey’s Mean Height of the upper 25
percent of tree heights 8TotLMH50- total Lorey’s Mean Height of the upper 50 percent
of tree heights 9TotLMH25- total Lorey’s Mean Height of the upper 25 percent of tree
heights 10Density w/o inter- stem density of the dominant and codominant trees,
excluding the suppressed and intermediates 11Stem Density- total number of trees per
plot. 12% forest-the percent of pixels that were considered forest. 13Meanfband1-the
mean DN of forest pixels in band 1. 14Meanfband4- the mean DN of forest pixels in band
4. 15Normalized Difference Vegetation Index see equation see eq.(4).
1
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CHAPTER IV
DISCUSSION

Image Classification

The overall accuracy of 83% in the classification was a good indication that the
classification would be useful for forest inventory purposes. The classification was able
to separate the four different size classes of hardwood sawtimber and pole and pine
sawtimber and pole. This separation leads to better stratification of forest types. This
stratification will potentially help in reduction of field plots in a regional level inventory
to reduce time and cost of producing the inventory. Due to the time of year (October)
that the image was acquired, some of the hardwoods resembled the pine trees spectrally.
As deciduous trees begin to senescence, chlorophyll production ceases, and the other
pigments become dominant. Jensen et al. (2000) stated deciduous trees reflect less in the
NIR portion of the spectrum at the onset of senescence. During the growing season,
because of the broad-leaf structure, they reflect in the green portion and absorb in the red
and blue during periods of high chlorophyll activity. Coniferous evergreen trees reflect
less in the NIR than deciduous trees year round because of the needle-leaf structure.
These factors led to the similarities in NIR reflectance that produced some
misclassification between the hardwoods and the young pines (pole timber). Also, the
image had a significant amount of differential illumination conditions resulting from the
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sun’s angle at the time the image was taken. This lead to misclassification of portions of
tree crowns as shadows (Figure 3).

Figure 3. a.) Pan-sharpened 2004 QuickBird image showing illumination effects (note
dark areas on the edges of tree crowns opposite from the sunlit sides).
b.) Classified 2004 QuickBird thematic showing misclassification of trees for
open areas (shadow is included in open class) represented by the color gray.

Images taken in the growing season could potentially yield higher classification
accuracy results. Based on the fact that reflectance values are correlated with chlorophyll
activity, if an image is taken during a plant’s optimal growth period, there would
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presumably be less confusion of reflectance values between morphologically and
physiologically dissimilar species.
Crown characteristics were the basis of the classification. The region growing
property in Imagine that was used to conduct the supervised classification was based on
tree crowns within a plot. The percentages of crown closure obtained from the
densitometer readings were biased due to the mid and understory contributing to the
readings. These measurements did not compare to the percent of forest pixels obtained
from the QuickBird thematic that was a measure of the upper tree crowns in the canopy.
Crown dimension measurements from the edge of the crowns in the cardinal directions,
stem mapping, and canopy depth assessment could have provided more robust
relationships to the satellite data variables in the regression analysis.
Stem densities and different management regimes affect infrared reflectance
values in trees. Sivanpillai et al. (2006), stated that young pine stands are dense and have
very few gaps so the infrared reflectance is high. Older stands with lower stem densities
have more canopy gaps that produce shadows. This leads to infrared radiation
penetrating into the canopy where scattering and absorption take place reducing the
infrared reflectance. Mingguang and Harrington (2004) stated light interception in trees
is affected by crown ratio and managed stands have altered spatial distributions of foliage
within crowns thereby producing differential light intercetption. Kinerson et al. (1974)
stated that in pine canopies that have been closed for several years, the base of the live
crown moves higher and the annual production of foliage is constant. Kinerson et al.
(1974) also stated that new foliage begins development in May and stops in October
when at the same time old foliage is being shed; this affects the solar radiation in the
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canopy. Therefore, use of imagery from a different time of year, measurements of crown
width, stem mapping, and canopy depth measurements could further assist the analysis by
giving more details about the crowns that would explain differential reflectance values.
Further research with other methods could be done to improve the estimations.
Gougeon and Leckie (2006) stated that high spatial resolution images address structural
elements such as the individual tree crown (ITC). ITC approaches lead to three methods
for tree crown information to be obtained: 1) local maxima to find tree locations that lead
to stem counts and good estimates of stand densities, 2) techniques for tree locations and
crown dimensions that are based on local maxima and following transects from these
locations in the cardinal directions until a change is detected, and 3) techniques used for
full crown delineation based on valleys of shade between tree crowns. Gougeon and
Leckie (2006) also stated that these approaches can lead to ITC-based species
classification, tree-based crown area assessments, stand canopy closure estimations,
canopy gap detections, and possibly volume estimations. With high resolution data, full
crown delineation techniques may lead to precise inventories from satellite images.

Forest Structure Variable Estimation
The results for stepwise regression determined which independent variable
contributed most to the dependent variable. The P-values were evaluated for significance
to a 0.05 alpha level. Any variable that did not meet this criterion was not included in the
regression. The stepwise regression results that were significant at a 0.05 alpha level
were used to evaluate simple linear regression models. The variables that were
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significant from the stepwise were put into simple linear regression and the coefficients
of determination and the standard error of estimate were analyzed.
The coefficients of determination derived from the simple linear regression
models that were relatively high as compared to the rest of the values obtained were
analyzed for their use of predicting field data variables from satellite derived variables.
Once pine stands transition out of the regeneration stage, they have high stem densities
and crown closure. As they continue to mature, self thinning and mortality occurs
creating gaps in the canopy. When the average basal area of the upper 25 and upper 50
percent of heights was compared to the percent of forested pixels in the plot, the
coefficients of determination were 0.5238 and 0.5145 which was relatively high for both.
The image classification identified the crowns in the uppermost portion of the canopy.
The average basal area of the upper 25 percent of heights will have fewer trees than the
upper 50 percent of heights thereby more closely matching the area identified in the
classification. This observation might explain why the R2 value was slightly higher for
the average basal area from the upper 25 compared to the upper 50 percent of heights as
compared to the percent forest (AvgBA50 and AvgBA25; Table 6). Also, when regressing
the average BA of the upper 50 and 25 percents of heights on the near infrared band, and
the NDVI and Schultz transformations (Meanband4; Table 6), the R2 values were
moderate. The values range from 0.3778 to 0.4085. These R2 values are lower than the
%forest values most likely due to the time of year the image was taken. Recall that there
may be confusion between hardwoods and conifers at the time of year the image was
taken and that the NIR component of reflectance was a contributor to this confusion.
NDVI, Schultz, and Meanband4 are all NIR related and %forest has no direct relationship
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with the NIR reflectance. Also, there are more canopy gaps in the upper 25 percent than
in the upper 50 percent of heights. Therefore, it is assumed that the NIR reflectance is
more variable with more gaps which may explain the decrease in R2 values from 0.4004
in the upper 50 percent to 0.3817 in the upper 25 percent because the image was
associated with the upper most portion of the canopy. QMD showed an increase in R2
value from 0.5104 to 0.6174 to the QMD50 as compared to %forest. Since quadratic
mean diameter is relative to basal area, this evaluation was consistent with basal area
increasing with larger trees and the image is capturing the largest trees in the canopy.
Note that the %forest variable was not found to be significant in the stepwise regression.
This was due to the fact that transformations of the variables were used to meet the
assumptions of regression. These transformations yield higher coefficient of
determinations.
As for the hardwoods (Table 7), there were significant results but weak
relationships between the independent and dependent variables. Due to the classification
errors and the dense canopies of mature hardwoods, stem densities and other variables are
hard to predict. In the regression analysis for hardwood, when %forest was used to
predict the average basal area of the upper 50 percent of AvgBA50heights () and the upper
25 percent of heights (AvgBA25), the R2 increased from 0.0760 to 0.1038 (Table 7)
consistent with the increase in the pines. Also, when Meanband4 was regressed on
TotBA50 and TotBA25 the R2 value increased from 0.0325 to 0.2130 respectively. These
values are significant but not strong. The increase from the upper 50 percent to the upper
25 percent of heights is expected because the bigger trees are in the upper 25 percent of
heights and the image is capturing the upper most canopy. The range of R2 values for
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NDVI to the dependent variables was 0.0019 for BA to 0.2859 for TotBA25. The R2
value for Meanfband1 against AvgLMH25 is 0.2815 and was higher than the value 0.1787
of AvgLMH50. The visible band values showed an increase from the upper 50 percent of
heights to the upper 25 percent of heights which compares to the NIR band and NIR band
related equations. The increase was expected due to the fact that satellite imagery’s view
is of the upper most portion of the canopy.
For comparison purposes, the coefficient of determination values from the
stepwise and the simple linear were observed. The R2 values yielded similar results from
simple linear regression. For instance, in the pine plots, the only variable that contributed
to basal area was the Schultz variable (eq. 6). The R2 value was 0.1923 for both stepwise
and simple linear regression. The stepwise and the SLR resulted in the same values due
to the fact that these variables needed no transformations. For pine plots, the most
important variables were NDVI, Meanband1, Meanband4, and Meanfband4. For
hardwood plots, the most important variables were NDVI, Meanband1, Meanfband1,
Meanband2, and %forest.
For the hardwood plots, stem density regressed on %forest in SLR yielded an R2
of 0.0611 and an R2 of 0.0600 in stepwise. TotLMH25 had an R2 of 0.1660 for both
stepwise and SLR when regressed on Meanfband1.
In the pine plots, when QMD is regressed on Meanband4, the R2 value is 0.3595
and in the stepwise the R2 value is 0.3288. Another similar value in the pine plots is
QMD regressed on Meanband4 yielded an R2 value of 0.4015 in SLR and 0.4026 in
stepwise. The reason for the difference in the R2 values between stepwise and SLR is due
to using transformed versus non-transformed variables.
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CHAPTER V
CONCLUSIONS

The results of this study show that high resolution satellite data such as QuickBird
can provide important information to land owners and managers on a regional scale. The
classification procedures accurately assessed timber type by size class, therefore,
providing information that would be useful for conducting a stratified random sample for
forest inventory, but it is limited to predicting forest structure variables using the methods
employed in this study.
When obtaining information on forest characteristics such as stem and crown
densities, the study showed significant results for pine and hardwood structural variables.
On average, the pine results showed stronger relationships between variables than the
hardwood results. Average basal area and quadratic mean diameter are two variables that
showed significance in the regression of the pine plots relative to the percent of forest
pixels in the imagery. In the hardwood plots, the strongest relationship was between
NDVI and total basal area of the upper 25 percent of heights. Of the independent
variables, the mean digital number of band 1 and band 2 had weak relationships with all
the variables for both pine and hardwood plots. Stem density and stem density without
the intermediates also had very weak relationships with all the independent variables.
The results support the use of high resolution data to analyze forest characteristics, but
one major factor affecting the results could be time of year the image was taken. It is
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recommended that field measurements include crown dimensions. The crown
dimensions could be measured by taking the linear distance from the center of the tree to
the edge of the north, south, east, and west corners. This measurement along with stem
mapping could have helped in the classification process of pine and hardwoods to obtain
more accurate results of the actual tree crowns in the image. If more pixels are classified
as crown pixels, and not misclassified as shadow or other classes, the overall accuracy
may be higher. Also, these results may yield better estimation in the regression because
the classification was used to estimate the variables used in the regression to predict field
variables. Stem mapping may help yield better results in the regression with stem
density.
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