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ABSTRACT
Data from an airborne laser scanner, a dual-band interferometric synthetic
aperture radar (DBInSAR), and Landsat were evaluated for estimating ages of even-aged
loblolly pine stands in Appomattox-Buckingham State Forest, Virginia, U.S.A. The
DBInSAR data were acquired using the GeoSAR sensor in summer, 2008 in both the Pand X-bands. The LiDAR data were acquired in the same summer using a small-footprint
laser scanner. Loblolly pine stand ages were assigned using the establishment year of
loblolly pine stands provided by the Virginia Department of Forestry. Random circular
plots were established in stands which varied in age from 5 to 71 years and in site index
from 21 to 29 meters (base age 25 years). LiDAR- and GeoSAR-derived independent
variables were calculated. The final selected LiDAR model used common logarithm of
age as the dependent variable and the 99.5th percentile of height above ground as the
independent variable (R2adj = 90.2%, RMSE = 4.4 years, n=45). The final selected
GeoSAR model used the reciprocal of age as the dependent variable and had three
independent variables: the sum of the X-band magnitude, the 25th percentile of X/P-band
magnitudes, and the 90th percentile of the X-band height above ground (R2adj = 84.1%,
RMSE = 7.9 years, n=46). The Vegetation Change Tracker (VCT) algorithm was run
using a digital elevation layer, a land cover map, and a series of Landsat (5 and 7)
images. A comparison was made between the loblolly pine stand ages obtained using the

three methods and the reference data. The results show that: (1) although most of the time
VCT and reference data ages were different, the differences were normally small, (2) all
three remote sensing methods produced reliable age estimates, and (3) the Landsat-VCT
algorithm produced the best estimates for younger stands (5 to 22 years old,
RMSEVCT=2.2 years, RMSEGeoSAR=2.6 years, RMSELiDAR=2.6 years, n=35) and the
model that used LiDAR-derived variables was better for older stands. Remote sensing
can be used to estimate loblolly pine stand age, though prior knowledge of site index is
required for active sensors that rely primarily on the relationship between age and height.
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1. INTRODUCTION

Managing any type of business requires knowledge of what is being managed. In
the case of loblolly pine plantations—which is the most important timber species in the
United States (Schultz 1999, p. 71)—forest inventories are the primary means by which
data on forest biophysical parameters are acquired. Timber inventory databases
maintained by forest products companies, timber investment management organizations
(Heo et al. 2006b, p. 64), or real estate investment trusts, conventionally include
information about the stand itself (e.g., location, size, and age), plus a history and
description of silvicultural prescriptions, site index, and tree species (Heo et al. 2006b,
pp. 63 and 64). The age information in stand maps is used for different purposes. For
example, it can be utilized in growth and yield models, in turn used to update inventory,
assess silvicultural options, and plan management and harvests (Burkhart and Brooks
1990, p. 409). Additionally, stand age can be used to obtain growth rates (Amateis and
Burkhart 1985, p. 167) and site index (if current height is known), to predict tree height
(if site index is known) (Stukey 2009, p. 18), as an indicator of timber volume (Kim et al.
2012, p. 243), to make better forest carbon estimates, to judge disturbance impacts, and to
predict a forest’s ability to sequester carbon (Pan et al. 2011, p. 729). However, the year
when a stand was established is not always known, and even when this information is
available, since managed forests are in constant change (Kim et al. 2012, p. 246), updates
of age are routinely needed.
Different methods have been used to estimate tree age. According to Fricker et al.
(2006,

p.

395)

historical

documentation
1

or

assessment

using

tree

size,

dendrochronological cross-dating, ring counting, and pithnode counting have been used.
For large areas, though, remote sensing may be a better option. Several sensors have been
used to estimate age. For example, Champion et al. (2008, pp. 1795, 1796 and 1797)
evaluated how radar image texture changes with growth (age) of maritime pines (Pinus
pinaster) stands located in south-west France. Jakubauskas and Price (1997, pp. 1375 and
1377) used Landsat Thematic Mapper (TM) data to predict ages of dominant lodgepole
pine trees (P. contorta var. latifolia) of the Yellowstone National Park. Heo et al. (2006a,
pp. 315, 316, 317) used a time series of TM and Multispectral Scanner (MSS) images and
image differencing to obtain timber age of forests located in Washington and Oregon that
had mostly Douglas-fir (Pseudotsuga menziesii). Ages in the timber inventories were
either confirmed or mismatches were corrected (Heo et al. 2006a, pp. 315 and 317). And
Kimes et al. (1999, pp. 3625, 3631 and 3635) used spectral and textural information from
SPOT (Satellite Pour l’Observation de la Terre) HVR (High Resolution Visible) with a
neural network and multiple linear regression to obtain continuous ages of a secondary
tropical forest located in Rondônia, Brazil. Thus, from these examples it can be noted that
both active and passive sensors have been used to obtain age of different species.
Some studies have evaluated the potential utility of remote sensing for estimating
loblolly pine stand age. Jensen et al. (1999, pp. 2805 and 2806) examined the use of
statistical and artificial neural network approaches with TM data to predict loblolly pine
stand age in southern Brazil. Stukey (2009, p. 6) estimated age of individual trees using
LiDAR (Light Detection and Ranging)-derived height and site index from the Soil
Survey Geographic (SSURGO) database. In these two examples data from a single sensor
was used to estimate age. However, there are also studies in which not one but a
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combination of sensors was used for loblolly pine age estimation. Kim et al. (2012, pp.
243 and 245) explored the utility of TM and Shuttle Radar Topography Mission (SRTM)
data in combination with the National Elevation Dataset (NED). Heo et al. (2006b) used
interferometric tree heights obtained from the difference between SRTM and NED data
(Heo et al. 2006b, p. 64) and a time series of TM and MSS images (Heo et al. 2006b, p.
65) to find outliers in a correlation between SRTM tree heights and plantation year of
loblolly pine stands in western Lousiana and eastern Texas, and then to check age
information in a timber inventory geographical information system (Heo et al. 2006b, p.
68).
Also, since 2008, when Landsat imagery became freely available to the user,
many different algorithms have been developed and tested using Landsat time-series to
detect both land cover changes that progress over longer (regrowth) or shorter (forest
harvest) periods of time (e.g., LandTrendr, Landsat-based detection of Trends in
Disturbance and Recovery, Kennedy et al. 2010, p. 2897). Other studies used
multitemporal Landsat images (with statistical quality control charts) to detect
deforestation, forest degradation and thinning of loblolly pine stands on-the-fly (Brooks
et al. 2014, p. 3316).
As such, while it is clear that remote sensing has potential for estimating loblolly
pine stand age, no prior study has assessed the utility of GeoSAR or LiDAR data for this
purpose. Landsat data have been used to estimate loblolly pine stand age by Jensen
(1999) and Kim et al. (2012). Brooks et al. (2014, p. 3316) used Landsat time-series to
detect changes in land use and land management for loblolly pine. The Vegetation
Change Tracker (VCT, Huang et al. 2010), however, has not heretofore been tested for its
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efficacy in estimating loblolly pine stand age. As such, the general objective of this study
is to determine the most accurate way of estimating age of even-aged loblolly pine stands
using remote sensing. Multiple linear regression models were developed using metrics
derived from small-footprint discrete return LiDAR (Chapter 2) and dual-band
interferometric synthetic aperture radar (DBInSAR) from GeoSAR (Chapter 3). The
stand ages obtained from these models are compared to those obtained using the VCT
algorithm run using Landsat images (Chapter 4). The intention of Chapter 4 is to
determine the conditions in which each of these different remote sensing options produce
the best loblolly pine age estimates. In the final chapter (Chapter 5) the most important
conclusions drawn from the different studies are reiterated and possible future studies are
presented.
Sensor selection was based on three factors. One was data availability. In 2008
small-footprint discrete return LiDAR and GeoSAR data were acquired over
Appomattox-Buckingham State Forest. As Landsat data is routinely acquired, needed
images were readily available at no-cost. Another factor was that these sensors had not
yet been tested for loblolly pine stand age estimation. As such, there was an opportunity
to broaden knowledge about the estimation of loblolly pine stand age using remote
sensing. Finally, prior studies, coupled with inherent sensor characteristics, suggested that
LiDAR, GeoSAR and Landsat (used with the VCT algorithm) had good potential for
estimation of loblolly pine stand age.
Finally, the modeling approach used in Chapters 2 and 3 required field data and
used remotely-sensed data for which acquisition parameters often vary. As such, new
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models will be required for forests with different characteristics or for remotely-sensed
data acquired using different sensors and/or acquisition parameters.

1.1. Literature cited
Amateis, R. L., and H. E. Burkhart. 1985. “Site index curves for loblolly pine plantations
on cutover site-prepared lands.” Southern Journal of Applied Forestry 166–169.
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Stukey, J.D. 2009. “Deriving a framework for estimating individual tree measurements
with LiDAR for use in the TAMBEETLE southern pine beetle infestation growth
model.” Texas A&M University.

6

2. USING SMALL-FOOTPRINT, DISCRETE RETURN LIDAR TO ESTIMATE
STAND LEVEL AGE OF LOBLOLLY PINE IN CENTRAL VIRGINIA, USA

2.1. Abstract
Age is commonly used to guide decision making about loblolly pine management. Thus, the
objective of this study was to evaluate the utility of data from small-footprint discrete return
airborne LiDAR (Light Detection and Ranging) for determining loblolly pine (Pinus taeda) stand
age. LiDAR data were acquired in 2008 over Appomattox-Buckingham State Forest (central
Virginia) using an Optech ALTM (Airborne Laser Terrain Mapper) 3100. Establishment years of
the loblolly pine stands in the study area were obtained from the Virginia Department of
Forestry. A random sampling approach was used to obtain 46 circular plots, each with a 15 m
radius (one per stand), with ages varying from 5 to 71 years old and site indices (base age 25
years) from 21.3 to 29 meters. LiDAR-derived independent variables were obtained using
metrics computed from heights (above ground), intensities, number of returns and normalized
point densities. Multiple linear regression models were assessed using a best subsets approach
with the common log of age as the dependent variable. With one independent variable – 99.5th
percentile of height above ground – the best model produced was able to estimate more than 90
percent of the variance of the loblolly pine stand ages (adjusted coefficient of determination,
R2adj. = 90.2%, root mean square error, RMSE = 0.08 years-1 or 4.4 years, n=45). These results
show that LiDAR height can be used to estimate plot level age of loblolly pine stands if site
index is known. Conversely, site index (or a reasonable surrogate thereto) can be obtained if age
and height are known.
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2.2. Introduction
Forest inventories are routinely carried out to support loblolly pine (Pinus taeda)
plantation management. In general, the inventory objective is to obtain information that allows
stand development to be followed by the manager, but natural (e.g., fire) and anthropogenic (e.g.
thinning and fertilization) changes are also recorded in most instances. During the last several
decades there has been extensive exploration of the use of remote sensing to assist or substitute
traditional forest inventories (Yu et al. 2004, p. 451). LiDAR (Light Detection and Ranging) data
have been used to estimate a variety of forest biophysical parameters. These include the
following: tree height (Andersen et al. 2006, p. 355), basal area (Hudak et al. 2006, p. 126),
diameter-at-breast height (Popescu 2007, p. 646), aboveground biomass (Popescu 2007, p. 646),
volume (Nelson et al. 1988, p. 247), leaf area index (Beets et al. 2011, p. 637), tree species (Kim
et al. 2009, p. 1575), and tree density (Hudak et al. 2006, p. 126).
Stukey (2009, pp. iii and 1) used airborne LiDAR data to obtain TAMBEETLE (an
infestation model of Dendroctonus frontalis) inputs, including age of loblolly pine trees
estimated using tree height (obtained from the LiDAR data), site index (obtained from the Soil
Survey Geographic Database, SSURGO) and site index curves (produced for the study area).
With an RMSE (root mean squae error) for mean plot age of 4.8 years (Stukey 2009, p. iii), the
results from his study are encouraging.
The principle behind the use of LiDAR for age is that site index relates age to tree height
(Stukey 2009, p. 5). Site index is a number that represents an appraisal of site quality (Peng
2000, p. 262). This appraisal is based on the height of dominant and co-dominant trees at, for
example, a base age of 25 years old. Thus, age is related to the height of dominant and codominant trees. Previous studies have shown that height can be estimated from LiDAR-derived
8

variables (e.g., Andersen et al. 2005, p. 115). Therefore, tree height is a known connection
between LiDAR and loblolly pine stand age. However, there are other LiDAR-derived
descriptors of stand condition that might be useful for stand age estimation.
While using LiDAR-derived metrics to differentiate three cottonwood (Populus
fremontii) age classes (less than 15 years, between 16 and 50 years, and more than 50 years)
(Farid et al. 2006, pp. 149 and 150), researchers found significant differences (p<0.05) in height
and canopy cover derived from small-footprint airborne LiDAR data of cottonwood trees
belonging to the mentioned age classes (Farid et al. 2006, p. 149). In addition, they found
significant differences (P=0.0001) between mean crown diameter of old and young cottonwood
trees (Farid et al. 2006, p. 155). What they did not find, though, was significant statistical
differences between mean LiDAR intensity of mature and young trees (p=0.16). However, an
inverse relationship was found between mean LiDAR intensity values and tree age, where older
trees had the lowest intensities and young trees, the highest intensities (Farid et al. 2006, p. 157).
Thus, Farid et al. (2006, p. 157) showed that as cottonwoods grow both reflectance and LiDARestimated structural parameters change in addition to height, with potential applicability to
loblolly pine age estimation.
The objective of this study was to evaluate (using linear regression) the use of plot level
spectral (intensity) and structural (height, number of return and point density) metrics obtained
from small-footprint discrete return airborne LiDAR data to estimate age of even-aged loblolly
pine stands. This evaluation was conducted using data from loblolly pine stands located in the
Piedmont of Virginia, U.S.A.
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2.3. Material and methods
2.3.1. Study area
The study area (center at 37°25′9′′N, 78°40′30′′W and area of circa 12.13 km 2) is located
in the Piedmont of Virginia, in Appomattox-Buckingham State Forest (ABSF) (Figure 2.1). This
is one of the twenty-two state forests managed by the Virginia Department of Forestry (Virginia
Department of Forestry, 2012). The area has gentle slope and flat terrain (van Aardt et al. 2006,
p. 637). Most of the study area has loblolly pine, upland-hardwood, or pine-hardwood forests
(Virginia Department of Forestry, 2002a).
For this study even-aged loblolly pine stands that had been subject to different
management practices were used. Specific information about the management practices was not
available. However, visual inspection of Virginia Base Mapping Program (VBMP)
orthophotography and National Agriculture Imagery Program (NAIP) imagery indicated that
many stands had been thinned at different intensities and that some of them could be research
sites for a thinning experiment.
2.3.2. Data acquisition and processing
The data for this study came mainly from two different sources, as follows: (1) a
Geographic Information System (GIS) layer from the Virginia Department of Forestry, which
was used to obtain the ages of the even-aged loblolly pine stands, and (2) an Optech Airborne
Laser Terrain Mapper (ALTM) 3100 with an integrated Applanix Digital Sensor System (DSS)
4K x 4K DSS camera, which was used to acquire the LiDAR data.
Reference data
The reference data were obtained using several data sources. The main source was a GIS
layer obtained from the Virginia Department of Forestry which had, among other information,
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the boundaries and the establishment year of the loblolly pine stands present in the study area.
Portions of both the spatial and attribute information of this shapefile were outdated. This made
it necessary to use other data sources to update it. Four were used for this purpose, namely, forest
inventory data, leaf-on NAIP aerial imagery, leaf-off VBMP digital orthophotographs, and a
shapefile containing information of the stands in ABSF that had been thinned in a ten year period
(1999 to 2008). These four datasets were used to select the loblolly pine stands that could be
used, to check the boundaries of the selected loblolly pines stands, and, when necessary, to adjust
them based on more current information. Forty-six even-aged loblolly pine stands were
identified and buffered inward by 20 m, where the latter was done to decrease the influence of
neighboring regions (e.g., roads and stands with other species, both potentially exacerbated by
misregistration). One 15-m radius circular sample plot was randomly allocated to each of these
buffered stands, with ages ranging from 5 to 71 years old (see Appendix B for the location of the
sample plots and the year of establishment of the stands). The sample plots were located in areas
with SSURGO site indices varying from 21.3 and 29 meters (base age 25 years). A large
majority of the plots (43 out of 46), though, were in areas with site indices 23.8 or 24.4 meters
(base age 25 years). Table 2.1 has additional information about the stands and the sampling.
Small-footprint discrete return LiDAR data
In August 2008 airborne LiDAR data were acquired over the study area using an Optech
ALTM 3100 with an integrated Applanix DSS 4K x 4K DSS camera that scanned at an angle of
less than 15 degrees. It had a sampling density of 5 pulses or more per square meter and up to 4
returns per pulse were recorded. Its vertical accuracy was 15 cm or better over bare ground and
its horizontal accuracy was 50 cm or better. The data were supplied as LAS files, and included a
file containing vendor-identified bare ground returns. A one meter spatial resolution digital
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elevation model (DEM) was created by interpolating the LiDAR bare ground returns using the
inverse distance weighted function (power = 2, 12 points variable radius with a 50 pixel
maximum distance, and a one meter cell size).
Height above ground (HAG) values were obtained for each LiDAR return by subtracting
the z values (elevation) of each LiDAR return from DEM ground height. The calculation of
height values was followed by the removal from the dataset of those LiDAR returns that were
considered too low (height<0 m) or too high (height>40 m) to have originated from the loblolly
pine stands. The value 40 m was chosen based on the fact that generally loblolly pine trees are
not taller than 30-35 m in this area. Finally, LiDAR hits between 0 and 2 meters from the ground
were also removed from the LiDAR dataset. As in Roberts et al. (2005, p. 59), this was done to
assure that only LiDAR returns from loblolly pine trees were used and not returns from the
understory.
2.3.3. Statistical analysis
Obtaining dependent and independent variables
The variables that were used in the statistical analysis were obtained in two stages. First,
the establishment years of the trees located within the 46 sample plots were obtained from the
reference data. Age was then calculated using the difference between 2008 and the establishment
year for each plot. Next, the LiDAR returns with heights between 2 and 40 m from the ground
located within the 46 sample plots were extracted. The sample plots were used to standardize the
area. These returns were used to calculate forty-seven different metrics (Table 2.2). As it can be
seen, some of the metrics were computed from HAG, others, using intensity of the backscattered
returns, and others, using number of LiDAR returns. With respect to the last, the number of
returns in height bins was calculated per sample plot by dividing the number of LiDAR returns
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within specified ranges of height to the total number of LiDAR returns. In this work this metric
was called Normalized Vertical Canopy Density, or NVCD, for short. Three groups of NVCD
were obtained. In the first one, the range of LiDAR height values of each sample plot was
divided in two, in the second, in three, and in the third, in five parts. A visual representation of
the former metric is shown in Figure 2.3.
Evaluating the quality and making corrections to the initial LiDAR dataset
The LiDAR dataset was checked for abnormalities using the descriptive statistics
(quantiles and moments) for HAG and intensity values of the LiDAR backscatters. When
abnormalities were found, VBMP orthophotographs and two shapefiles containing spatial and
attribute information of the ABSF stands were referenced. The VBMP orthophotographs were
used to determine if the sample plots actually contained loblolly pines of the same age and the
two shapefiles containing ABSF stands were used to find errors in the establishment years of the
loblolly pine stands where the sample plots were located. When necessary, corrections were
made.
Producing and refining LiDAR derived regression models
The production and refinement of the regression models were done using JMP 9.0.0 and
Minitab 15.1.30.0. As an exploratory measure, quantiles, moments and normality tests of the
variables were calculated. In addition to that, a correlation matrix was produced with the
objective of understanding the relationship between dependent and independent variables.
Finally, the dependent variable was plotted against the independent variables. The result from
these plots showed that transformations could contribute to linearizing the relationship between
dependent and independent variables. The dependent variables were untransformed age;
logarithm to the base 10 of age, log(age), and reciprocal of age (age-1). When judged appropriate
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the independent variables were also transformed. Six different transformations were used, as
follows: (1) square, (2) cube, (3) common logarithm, (4) natural logarithm (base e), (5) square
root, and (6) cubic root. There were forty-seven original and sixty-nine transformed independent
variables.
Linear regression models were produced containing either transformed dependent or
transformed independent variables. Hence, age, log(age), and age-1 were regressed against the
untransformed independent variables, and age was regressed against the transformed
independent variables. Correlation matrices were also produced for the same two groups of
dependent and independent variables. All possible regression models using one or two
independent variables were obtained. Those with the highest coefficients of variation and lowest
RMSEs were further considered by checking the regression assumptions and outliers. In order to
be eliminated a plot needed to have a standardized residual above a modulus of 2 and an
additional serious abnormality (e.g., an unexpected location).
The final model produced had the following characteristics (see Table 2.3): (1) simple (1
variable), (2) produced using 45 sample plots (“plot 2” was considered an outlier as it had a
standardized residual > |2| and was located on a trail) (Appendix B has the coordinates of this
sample plot), (3) no multicollinearity problems (Variance Inflation Factor, VIF<2.5), (4)
independent errors (determined using Moran’s I), (5) normally distributed errors (by ShapiroWilk test for normality at alpha = 0.05), (6) errors with constant variance (by plotting residuals
by predicted values), and (7) model and included variables significant at alpha = 0.01. As this
regression model was obtained for a transformed dependent variable, log(age), RMSE in age
scale was also calculated.
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The correlation between age and log(age) to the independent variable in the final
regression model is provided. Figure 2.2a is a scatterplot of the dependent variable versus the
independent variable.
Validating the final LiDAR derived regression model
The results of the validation of the final regression model are shown in Table 2.3 and
Figure 2.2b. As seen, the validation was done by obtaining prediction sum of squares (PRESS)
and predicted coefficient of determination (R2pred), which are used to evaluate the predictive
ability of the regression models. Models with smaller PRESS statistics and higher R2pred have
better predictive capacity. Also obtained were the PRESS RMSE and a scatterplot of the actual
by predicted age in 2008.

2.4. Results and discussion
2.4.1. Regression model results
The final LiDAR regression model obtained to estimate age of loblolly pine stands had an
R2, R2adj., and RMSE of 90.4%, 90.2% and 0.08 log(year), respectively (Table 2.3). When
transformed to age scale the RMSE was 4.4 years. From Figure 2.2b it is observed that the age
predicted using the model appears unbiased. Also, the high R2pred value (89.5%) and small
PRESS statistic (0.267) shown in Table 2.3 demonstrate the model’s good predictive ability. Its
performance is also shown by its relatively low PRESS RMSE (0.077). Last, the close agreement
between the R2 (90.4%) and the R2pred (89.5%) values indicate that the model does not suffer
from overfitting and that it should also predict new data well.
In the final LiDAR-derived regression model (Table 2.3), a height related variable
(HAGp99.5) is the only independent variable included. This result is not surprising and agrees
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with: (1) the correlation between age and log(age) to HAGp99.5 and Figure 2.2a, (2) what can be
observed from Figure 2.3 and was discussed by Stukey (2009), and (3) the literature.
Regarding the correlation between age and log(age) to HAGp99.5 and Figure 2.2a, there is
a strong correlation between HAGp99.5 and age (r=0.871, p<0.001). This correlation becomes
even stronger between HAGp99.5 and log(age) (r=0.951), Figure 2.2a.
Figure 2.3 shows a scatterplot of height for ten sample plots representing different
loblolly pine ages. The trees in those sample plots vary in age from 5 to 71 years old (base year
is 2008). From those scatterplots it is seen that the trees in younger stands are shorter, denser and
have a more regular canopy than those in older stands. Similarly, Sivanpillai et al. (2006, pp. 247
and 251) describe younger loblolly pine stands as being less complex with more trees of shorter
height than older stands. They also note that there is a higher variability in tree height in older
stands than in younger ones and that this variability could lead to both shadows and internal
scattering of light (Sivanpillai et al. 2006, p. 251). Thus, from this study’s findings and in
Sivanpillai’s study it can be said that loblolly pine stands change in structure as they age. In
theory, these differences in stand structure could be used to obtain age. However, Stukey (2009,
p. 27) posits that, in the case of pine trees, the modifications that occur in crown shape, canopy
cover, or other stand characteristics while they develop are not so consistent that they enable
estimates of stand age. The results of this study support Stukey’s conjecture, as the final LiDAR
regression model only has a single independent variable and it is a representation of stand height.
It is possible, however, that other structural variables might be associated with age in loblolly
pine stands with different site indices, since stand structure is strongly influenced by site
productivity.
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A study by Heo et al. (2006b, pp. 61, 64, 65 and 68) showed a strong relationship
between estimated tree height and establishment year after analyzing 2612 loblolly pine stands
(minimum area 15 ha) in Louisiana and Texas established between 1976 and 2000.
Interferometric tree heights obtained from the difference between SRTM (Shuttle Radar
Topography Mission) and NED (National Elevation Dataset) elevations were linearly related
(R2=69.4%) to stand establishment year (Heo et al. 2006b, pp. 64 and 65).
Kim et al. (2012, pp. 247, 251 and 252) also demonstrated the importance of the same
interferometric tree heights (SRTM elevation minus NED elevation) to loblolly pine plantation
stand age estimation in models that also included Landsat Thematic Mapper (TM) derived
vegetation indices. The stands in question had been established between 1980 and 2004 and were
located in Louisiana and Texas (Kim et al. 2012, pp. 245 and 246). There was a strong linear
correlation between tree height and establishment year (Kim et al. 2012, p. 249). When using
stepwise selection to determine the contribution of the tree height layer to their models, they
found that tree height was the third most important variable in all the multivariate regression
models in which tree height was a layer (Kim et al. 2012, pp. 252 and 253).
2.4.2. Comparison to prior studies
The RMSE in this study (4.4 years) was better than that reported by Stukey (2009, 4.8
and 5.8 years), who estimated loblolly pine tree age using LiDAR tree heights and SSURGO site
index (Stukey 2009, p. 23). The loblolly pine trees were growing in Huntsville, TX (Stukey
2009, p. 7) in areas with site indices of 15.2, 21.3, 24.4, 25.6 and 27.4 meters (base age 25 years,
Stukey 2009, p. 18). However, the most frequent method used to predict stand age using
remotely sensed data is by measuring the elapsed time since the last stand replacing disturbance
in a chronosequence of satellite images (Lefsky et al. 2005; Heo et al. 2006a cited by Stukey
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2009, p. 27). Sivanpillai et al. (2006, pp. 247, 250, 251) used a linear combination of normalized
difference vegetation index, NDVI, Enhanced Thematic Mapper, ETM)4/ETM3, and the
brightness component of the tasseled cap transformation obtained from a single Landsat ETM+
image to estimate ages of commercially-managed loblolly pine stands in Texas with an RMSE of
2.9 years. The age range of the loblolly pines was quite narrow, however (5 to 26 years,
Sivanpillai et al. 2006, p. 249) potentially limiting the utility of the technique for some
applications. As mentioned above, Kim et al. (2012) also estimated loblolly pine stand age using
vegetation indices obtained from Landsat-TM images of different years, interferometric tree
heights (SRTM elevation minus NED elevation) and multivariate and tree-based regression
models (Kim et al. 2012, pp. 243, 245, and 247). Their best multivariate regression model, which
was produced using data from 2949 stands and all important layers from the optical image plus
the tree height layer, had an RMSE of 2.8 years (Kim et al. 2012, p. 251) that was similar to that
obtained by Sivanpillai et al. (2006). In summary, these results indicate LiDAR-measured stand
height can be used to estimate stand age, but direct detection of the stand replacing disturbance is
still superior within the limited range of stand ages in which it is applicable (and when enough
cloud free images are available).
2.4.3. Factors related to tree height that may affect the use of LiDAR for loblolly pine
age
LiDAR-measured tree heights are typically systematic underestimates. There are several
causes for this. One is the “dead zone” which can make multiple-return systems (such as the one
used in this study) not able to record echoes for a couple meters (from 2 to more than 7 meters in
vertical height) after the first echo has been recorded (Nayegandhi et al. 2006, p. 1408). This fact
hinders accurate height measurements for vegetation shorter than the dead zone because the
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ground is not detected (Nayeganhdhi et al. 2006, p. 1408). Another issue is that the laser pulse
may not hit the top of the trees (Parker and Mitchell 2005, p. 44). The probability of not hitting
the tree top is high, and increases even more the narrower and more conical the tree (Parker and
Mitchell 2005, p. 44) and the lower the density of the pulses (Lefsky et al. 2002, pp. 24 and 25).
What may also occur, according to Lefsky et al. (2002, p. 25), is that the top part of the crown
may not have enough plant area to make the LiDAR system register a return signal.
Likewise, specifically in forested environments and when the DEM is produced using
LiDAR data, recorded ground elevations also tend to be overestimated (Lim et al. 2003, p. 671).
For example, in complex canopies, returns that are supposedly coming from the ground may in
reality be coming from understory vegetation (Lefsky et al. 2002, p. 24). This can also happen
when vegetation is so dense it prevents the laser pulse from reaching the ground (Lefsky et al.
2002, p. 24). Specifically, for rugged terrain, inconsistent LiDAR-derived tree heights can also
be due to the data having been acquired from different directions (Yu et al. 2004, p. 460).
Inconsistent heights can also be due to strong winds during the acquisition that can cause the tree
top to be in a different location (Yu et al. 2004, p. 451). Finally, age estimation in regions in
which loblolly pine growth rates are low and where there is not a good range of loblolly pine
ages may also be a problem. That is because the difference in trees heights for trees of similar
ages could be similar to the error associated with the estimation of tree height using LiDAR.

2.5. Conclusion
This study evaluated the potential utility of plot level structural (height, number of returns
and normalized point densities) and spectral (intensity) characteristics obtained from smallfootprint discrete return LiDAR data to directly estimate age of even-aged loblolly pine plots.
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Various multiple linear regression models were produced using data obtained in the ABSF,
Virginia, USA. Models were developed for loblolly pine stands with ages varying between 5 and
71 years old. The best model had only a single independent variable, namely HAGp99.5, and had
an R2, R2adj., and RMSE of 90.4%, 90.2% and 4.4 years, respectively. These results demonstrate
that, as other studies have shown, height is a very important variable when it comes to estimating
age and that small-footprint discrete return LiDAR data can be used to estimate loblolly pine
stand age relatively accurately if site index is available (and, potentially, vice versa). Finally,
since costs for airborne laser scanning data have been dropping (Yu et al. 2004, p. 460) and the
acquisition and processing of LiDAR data is now increasingly operational, this method can be
used as an alternative or to supplement field surveys for the estimation of age of loblolly pine
stands that occupy large areas, that are difficult to access, and/or were established prior to 1972
when Landsat 1 was launched.
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Figure 2.1: Location of Appomattox-Buckingham State Forest study area. Loblolly pine stands are shown in green; plots are color coded by age.
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Table 2.1: Number and area of loblolly pine stands, number of plots, percentage of total stand area occupied by stands in particular age class, and percentage of
the total number of plots in each age class.

Age class

Age range
(base year=2008)

Number of
stands/plots

Stand area
(m2)

Class 1

<5 y.o.

1

97,076.1

Percentage of total stand area occupied by
stands in a particular age class
(n=46 stands)
3.6

Class 2

6-9 y.o.

5

141,931.7

5.3

10.9

Class 3

10-11 y.o.

8

378,605.6

14.2

17.4

Class 4

12-15 y.o.

8

491,633.1

18.4

17.4

Class 5

16-17 y.o.

6

352,623.3

13.2

13.0

Class 6

18-20 y.o.

4

372,939.5

14.0

8.7

Class 7

21-25 y.o.

6

337,314.9

12.6

13.0

Class 8

26-35 y.o.

3

194,657.0

7.3

6.5

Class 9

36-45 y.o.

3

253,926.7

9.5

6.5

Class 10

over 46 y.o.

2

48,575.4

1.8

4.3

46

2,669,283.3

100.0

100.0

TOTAL
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Percentage of the total number of
plots in each age class (n=46 plots)
2.2

Table 2.2: Independent variables calculated using small-footprint LiDAR data acquired in 2008.
Metrics calculated using LiDAR
Height
HAGp100, HAGp99.5,
HAGp97.5, HAGp90, HAGp75,
HAGp50, HAGp25, HAGp10,
HAGp2.5, HAGp0.5, and
HAGp0
HAGmean
HAGstdv
HAGsum
HAGvar
HAGsk
HAGk
HAGcv
Intensity
Ip100, Ip99.5, Ip97.5, Ip90, Ip75,
Ip50, Ip25, Ip10, Ip2.5, Ip0.5, and
Ip0
Imean
Istdv
Isum
Ivar
Isk
Ik
Icv
Number of returns per sample plot
N

Definition
Percentiles of height above ground (HAG, m)

Mean of HAG (m)
Standard deviation of HAG (m)
Sum of HAG (m)
Variance of HAG (m)
Skewness of HAG (m)
Kurtosis of HAG (m)
Coefficient of variation of HAG
Percentiles of intensity (watts)

Mean of intensity (watts)
Standard deviation of intensity (watts)
Sum of intensity (watts)
Variance of intensity (watts)
Skewness of intensity (watts)
Kurtosis of intensity (watts)
Coefficient of variation of intensity

Number of lidar returns
Normalized Vertical Canopy Density, NVCD, normalized count below upper
D1 of 2
limit of D1*
D2 of 2
NVCD, normalized count above upper limit of D1*
D1 of 3
NVCD, normalized count below upper limit of D1**
D2 of 3
NVCD, normalized count between upper limit of D1 and D2**
D3 of 3
NVCD, normalized counts above upper limit of D2**
D1 of 5
NVCD, normalized count below upper limit of D1***
NVCD, normalized count above upper limit of D1and below upper limit of
D2 of 5
D2***
NVCD, normalized count above upper limit of D2 and below upper limit of
D3 of 5
D3 ***
NVCD, normalized count above upper limit of D3 and below upper limit of
D4 of 5
D4 ***
NVCD, normalized count above upper limit of D4 and below upper limit of
D5 of 5
D5 ***
Note 1: *D1 is a segment that divides the LiDAR heights of each plot into two equal parts; **D1 and D2,
into three equal parts; and ***D1, D2, D3, D4, D5, into five equal parts.
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Table 2.3: Best LiDAR derived linear regression model for loblolly pine stand ages. In the table, R2 is the coefficient of determination, n is sample size, RMSE is
root mean square error, VIF is variance inflation factor, PRESS is prediction sum of squares and R2pred is predicted coefficient of determination. See Table 2.2 for
definition of HAGp99.5.
Number of
X variables
1

Model: log(age)

R2

R2adj.

N

0.484 + 0.048 x HAGp99.5

90.4%

90.2%

45*

RMSE in log(age)
(RMSE in age scale)
0.08 log(year)
(4.4 years)**

VIF

PRESS

PRESS RMSE in log(age)

R2pred

1

0.267

0.077 log(year)

89.5%

Note 1: *Plot 2 was considered outlier and was not used to obtain this result. Appendix B has the location of this sample plot.
Note 2: ** The transformed RMSE was computed from:
45

 (reference _ age
RMSE in age scale=

i 1

i

 estimated _ age) 2

45  P

, where i is the sample, reference age was obtained from a geographic information

system (GIS) layer, estimated age is the antilogarithm (base 10) of log(age) obtained using the model presented in this table, and P is the number of parameters
estimated.
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(a)

(b)
R2=89.7%
RMSE=4.4 years

Figure 2.2: Scatterplots of independent versus dependent variable in the LiDAR regression model (a) and actual versus predicted loblolly pine age (n=45) (b). In
the table, R2 and RMSE are the coefficient of determination and root mean square error in age scale.
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Figure 2.3a: Scatterplot of height for ten plots representing the different loblolly pine ages in the study area.
Loblolly pines in these plots were planted between years 1937 and 2003. The plots used to represent stands
with 5, 11, 14, 17, 25 and 71 y.o. were actually used to produce the final LiDAR regression model. In the
scatterplots D1, 2, 3, 4 and 5 represent normalized vertical canopy density metrics in which.the range of the
LiDAR heights of each sample plot was divided into five parts.
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Figure 2.3b: Scatterplot of height for ten plots representing the different loblolly pine ages in the study area.
Loblolly pines in these plots were planted between years 1937 and 2003. The plots used to represent stands
with 5, 11, 14, 17, 25 and 71 y.o. were actually used to produce the final LiDAR regression model. In the
scatterplots D1, 2, 3, 4 and 5 represent normalized vertical canopy density metrics in which.the range of the
LiDAR heights of each sample plot was divided into five parts.
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Figure 2.3c: Scatterplot of height for ten plots representing the different loblolly pine ages in the study area.
Loblolly pines in these plots were planted between years 1937 and 2003. The plots used to represent stands
with 5, 11, 14, 17, 25 and 71 y.o. were actually used to produce the final LiDAR regression model. In the
scatterplots D1, 2, 3, 4 and 5 represent normalized vertical canopy density metrics in which.the range of the
LiDAR heights of each sample plot was divided into five parts.
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Figure 2.3d: Scatterplot of height for ten plots representing the different loblolly pine ages in the study area.
Loblolly pines in these plots were planted between years 1937 and 2003. The plots used to represent stands
with 5, 11, 14, 17, 25 and 71 y.o. were actually used to produce the final LiDAR regression model. In the
scatterplots D1, 2, 3, 4 and 5 represent normalized vertical canopy density metrics in which.the range of the
LiDAR heights of each sample plot was divided into five parts.
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Figure 2.3e: Scatterplot of height for ten plots representing the different loblolly pine ages in the study area.
Loblolly pines in these plots were planted between years 1937 and 2003. The plots used to represent stands
with 5, 11, 14, 17, 25 and 71 y.o. were actually used to produce the final LiDAR regression model. In the
scatterplots D1, 2, 3, 4 and 5 represent normalized vertical canopy density metrics in which.the range of the
LiDAR heights of each sample plot was divided into five parts.
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3. ESTIMATING AGE OF EVEN-AGED LOBLOLLY PINE STANDS
LOCATED IN THE PIEDMONT OF VIRGINIA USING GEOSAR DBINSAR
DATA

3.1.Abstract
Information about stand age can be used to assist forest decision making. The
objective of this study was to determine whether dual-band interferometric synthetic
aperture radar (DBInSAR) data (from GeoSAR) can be used to estimate loblolly pine
stand age. The study area was the Appomattox-Buckingham State Forest, Virginia, USA.
Stand ages were obtained from the Virginia Department of Forestry. A random sample of
46 circular (15 m radius) plots was established in stands with ages from 5 to 71 years old
and site indices (base age 25 years) from 21.3 to 29 meters, respectively. GeoSAR data,
acquired over the study area in 2008, contained X-band multi-angle backscatter
coefficients (sigma naught) and X and P magnitudes and interferometric heights. Smallfootprint discrete return LiDAR (Light Detection and Ranging) data were also acquired in
2008. From the LiDAR data, a digital elevation model (DEM) was produced at 30m,
which is the coarser spatial resolution of the National Elevation Dataset (NED) available
for the conterminous US. The best model predicted the reciprocal of age using the
following GeoSAR distributional metrics: the sum of the X-band magnitude, the 25th
percentile of X/P-band magnitudes, and the 90th percentile of the X-band height above
ground (adjusted coefficient of determination, R2adj. = 84.1%, root mean square error,
RMSE = 0.014 years-1 or 8.4 years in age scale, n=46). The results of this study highlight
the potential for dual-band interferometric synthetic aperture radar, DBInSAR for
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estimating stand age and the importance of both magnitude and interferometric heights
for this application.

3.2.Introduction
Forest management involves forecasting growth and yield and these forecasts are
used to update inventories, assess silvicultural alternatives, plan management, and
schedule harvests (Burkhart and Brooks 1990, p. 409).

Growth and yield models

typically require knowledge of stand age. There are instances in which stand age is either
not available or outdated. Fortunately, there are a variety of methods by which stand age
can be estimated. According to Fricker et al. (2006 p. 395), age can be obtained from
historical records, tree size, by counting rings, by counting pithnodes, and by using
dendrochronological cross-dating. However, these methods cannot be used when either
historical records are unavailable or inaccurate, or when the trees are planted over large
and/or inaccessible areas. In these conditions, remote sensors are an option.
Synthetic aperture radars (SAR) are among the remote sensors shown to be useful
for estimating pine stand age. For example, Champion et al. (2008, pp. 1795, 1796 and
1797) demonstrated changes in first and second order radar image texture features as a
function of age of maritime pine (Pinus pinaster) stands growing in south-west France.
They confirmed that the texture of the stands changed over time (Champion et al. 2008,
p. 1799) and found the highest linear fits for variance (coefficient of determination,
R2=0.53, p=1.7e-04, sample size, n=21) and contrast (R2=0.51, p=2.7e-04, n=21)
(Champion et al. 2008, p. 1798). McNeil and Pairman (2005, pp. 2503 and 2505)
estimated the age of radiata pine (Pinus radiata) stands using L-band full-polarization
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and six polarimetric indices (root mean square error, RMSE=3.2 years). Kim et al. (2012,
p. 243) estimated the age of loblolly pine stands using data from the Landsat Thematic
Mapper (TM), Shuttle Radar Topography Mission (SRTM), and National Elevation
Dataset (NED). The high R2 and low standard errors of the estimate they obtained
demonstrated that it is possible to obtain timber age using this approach (Kim et al. 2012,
257). These few examples show that SAR has previously been used alone or in
combination with other sensors to obtain stand age.
GeoSAR has not yet been used to estimate forest stand age. However, since
GeoSAR started to be commercially operated by Fugro EarthData over a decade ago
(Graham and Jenkins 2008, p. 555), its data were tested and found useful for purposes
that have been linked to pine age. For example, Sexton et al. (2009, p. 1143) used
GeoSAR data to estimate pine canopy height (R2=0.70). Williams et al. (2009, pp. 173,
174 and 176) showed that it is possible to recover tropical forest biomass from a
surrogate vegetation height image obtained from the difference between GeoSAR X- and
P-band interferometric heights, as well as, from this metric used in combination with Pband HH data. Peduzzi et al. (2012, 1758) found that metrics derived from GeoSAR data
can be used to obtain leaf area index of temperate mixed forests, either alone (R2=0.52),
or when used in combination with LiDAR (Light Detection and Ranging) metrics
(R2=0.77). Given the success of these prior studies in estimating forest biophysical
variables related to age, we hypothesized that pine age should be directly estimable using
GeoSAR data.
Hence, the objective of this study was to evaluate the potential utility of plot level
distributional metrics derived from DBInSAR data (from a single GeoSAR image) for
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estimating the age of even-aged loblolly pine (Pinus taeda) stands in the Virginia
piedmont. GeoSAR has the advantage of being weather “independent”, potentially
enabling stand age estimation even in perennially cloudy regions.

3.3.Material and methods
3.3.1. Study area
The study area covers 12.1 km2 (centered at 37°25′9′′N, 78°40′30′′W) and is
located in central Virginia, USA, in Appomattox-Buckingham State Forest (ABSF)
(Figure 3.1). The area has elevations ranging from 161 to 229 m (NED; Gesch et al.
2002). Loblolly pine, upland-hardwood and pine-hardwood forests occupy most of the
study area (Virginia Department of Forestry, 2002a). For this study, even-aged loblolly
pine stands with ages varying from 5 to 71 years old were used. Although detailed
information about management practices is not available, several of the stands had been
thinned. Forty-six random circular sample plots with 15 m radius were established in
these stands (one sample plot per stand). The sample plots were located in areas with Soil
Survey Geographic Database (SSURGO) site indices varying from 21.3 to 29 meters
(base age 25 years). The large majority of the plots (43 out of 46 sample plots), though,
were in areas with site indices 23.8 or 24.4 meters (base age 25 years).
3.3.2. Data acquisition and processing
Reference data
The main source for the reference data was a Geographic Information System
(GIS) layer obtained from the Virginia Department of Forestry which had, among other
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information, the boundaries and the establishment year of the loblolly pine stands present
in the study area. Portions of both the spatial and attribute information of this shapefile
were outdated. This made it necessary to use other data sources to update it. Four were
used for this purpose, namely, forest inventory data, National Agriculture Imagery
Program (NAIP) aerial imagery, Virginia Base Mapping Program (VBMP) digital
orthophotographs, and a shapefile containing information of the stands in ABSF that had
been thinned in a ten year period (1999 to 2008). These four datasets were used to select
the loblolly pine stands that could be used, to check the boundaries of the selected
loblolly pines stands, and, when necessary, to adjust them based on more current
information. Forty-six even-aged loblolly pine stands were identified and then buffered
inward by 20 m.
Small-footprint discrete return LiDAR data
In August 2008 airborne LiDAR data were acquired over the study area using an
Optech Airborne Laser Terrain Mapper (ALTM) 3100 with an integrated Applanix
Digital Sensor System (DSS) 4K x 4K DSS camera that scanned at an angle of less than
15 degrees. It had a sampling density of 5 pulses or more per square meter and up to 4
returns per pulse were recorded. Its vertical accuracy was 15 cm or better over bare
ground and its horizontal accuracy was 50 cm or better. The data were supplied as LAS
files, and included a file containing vendor-identified bare ground returns. A one meter
spatial resolution digital elevation model (DEM) was created by interpolating the LiDAR
bare ground returns using the inverse distance weighted function. However, a DEM with
this spatial resolution will not always be available, but NED data can be easily
downloaded from the web. As such, since a LiDAR-derived DEM was already available,
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it was coarsened to 30 m using nearest neighbor as the resampling technique. The spatial
resolution was chosen to match that of NED DEMs in the conterminous USA (United
States Geological Survey National Elevation Dataset, 2014).
GeoSAR data
The GeoSAR data were acquired during the summer of 2008. This sensor, which
is described by Williams and Hill (2009, p. 1) as a “the world’s only dual-band, dualsided, single-pass, airborne, interferometric synthetic aperture radar (DBInSAR) mapping
system” (Williams and Hill 2009, p. 1), is flown on a Gulfstream II aircraft (Sexton et al.
2009, p. 1139). Flying at a nominal altitude of 10 km above ground level, GeoSAR
covers a swath on either side of aircraft of over 10 km (Sexton et al. 2009, p. 1139). The
system has X-band and P-band antennas (four each) and a LiDAR profiler, which is used
for ground control (William and Hill 2009, p. 1). The X-band operates at 3 cm
wavelength and the P-band, at 86 cm wavelength (Sexton et al. 2009, p. 1139). Also, the
X-band antennas transmit and receive in vertical polarization (VV) and the P-band
antennas transmit in horizontal and receive in both horizontal and vertical polarizations
(HH and HV), or transmits in vertical and receive in vertical and horizontal polarizations
(VV and VH, Hensley et al. 2001, p. 126). GeoSAR records backscatter power,
interferometric height, and interferometric correlation with a vertical accuracy of 1 m for
X-band DEMs and 1-4 m for the P-band DEMs (Sexton et al. 2009, p. 1139). The
standard postings of the DEMs at X- and P-bands are 3 m and 5 m, respectively
(Williams and Hill 2009, p. 2).
For this study, the GeoSAR data were preprocessed by Fugro EarthData, Inc.,
who provided eight products for the study area as ERDAS .img files. The eight products
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were as follows: (1) interferometric X- and P-band heights, (2) orthorectified X- and Pband magnitudes and (3) X-band multiangle backscatter coefficients from four different
flight lines (001xl, 002xl, 003xl, and 004xl, see Figure 3.2). Using these products and the
LiDAR-derived DEM, six other products were produced, as follows: (1) difference
between X- and P-band interferometric height; (2) difference between X- and P-band
magnitude; (3) X-band interferometric height divided by P-band interferometric height;
(4) X-band magnitude divided by P-band magnitude; (5) height above ground of the Xband interferometric height; and (6) height above ground of the P-band interferometric
height.
These data layers were intersected with the plot boundaries and exported into
statistical packages. Nineteen different metrics were obtained per sample plot. As shown
in Table 3.1, they included 11 different percentiles, mean, total, standard deviation, sum,
variance, skewness, kurtosis, and coefficient of variation. These 19 metrics were
calculated for each of the 14 different GeoSAR bands for the 46 sample plots. The
dependent variables were untransformed age; logarithm to the base 10 of age, log(age),
and reciprocal of age (age-1).
3.3.3. Statistical analysis
The statistical analysis was done in JMP Pro 10 64-bit Edition and Minitab
15.1.30.0. A correlation matrix was used to learn more about the relationship between the
dependent and independent variables. Fifteen multiple linear regression models were
produced for each one of the three dependent variables. They contained the best five
models (highest R2 and lowest errors) obtained with one, two or three independent
variables. Once obtained, regression assumptions were tested for all 45 models. Only six
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of them had constant residuals, three with log(age) as the dependent variable and three
with age-1 as the dependent variable. The best model (in terms of R2 and RMSE) was
chosen from among these six that fully met the regression assumptions. The three models
with three independent variables explained about 15% more variance than the three
models with only two variables. These models were further examined, including doing an
outlier analysis, where a plot would be eliminated if it had standardized residual above
modulus of 2 and an additional serious abnormality. The model with the highest R 2 and
lowest error and that did not show abnormalities in the scatterplot of the percentile of the
X-band heights above ground was chosen as the final model.
The final model (shown in Table 3.4) had the following characteristics: (1) was
relatively simple (3 independent variables), (2) was produced using 46 sample plots (plot
52 and plot 306 had standardized residual > |2| but were kept because no other reason was
found to eliminate them; Appendix B has the coordinates of these two sample plots), (3)
did not have problems with multicollinearity (Variance Inflation Factor, VIF<2.5), (4)
had independent errors (determined using Moran’s I), (5) had errors that were normally
distributed (by Shapiro-Wilk test for normality at alpha=0.05), (6) had errors with
constant variance (by plotting residuals by predicted values), and (7) was significant
(including all independent variables) at alpha = 0.01. Because this model had age-1 as its
dependent variable, an RMSE in age scale was calculated. Finally, Table 3.2 has a
correlation matrix showing the correlations between the dependent and independent
variables, and an untransformed dependent variable.
Once the final model was obtained, it was necessary to validate it. As shown in
Table 3.4, the validation consisted of calculating prediction sum of squares (PRESS) and
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predicted coefficient of determination (R2adj.) In addition to that, PRESS RMSE and
scatterplot of the actual by predicted age in 2008—which is presented in Figure 3.3—
were also obtained.

3.4.Results and discussion
3.4.1. Describing the GeoSAR derived regression results
As seen in Table 3.4, the final GeoSAR derived regression model for loblolly pine
stand age has an R2 of 85.2%, an R2adj. of 84.1% and a RMSE of 0.014 which is
equivalent to 8.4 years (in age scale). The evaluation of this model is presented in Table
3.4 and Figure 3.3. The scatterplot of actual versus predicted loblolly pine age (Figure
3.3) indicate that GeoSAR is able to estimate the ages of younger loblolly pine stands
accurately, but has problems for older stands.
Still with respect to the final regression model, the small difference between the
R2 and the predicted R2 (R2pred) of the final model (85.2% vs 82.0%, respectively)
demonstrate that the model should predict new data correctly. Also, the model’s
relatively good predictive capacity is shown by its relatively low PRESS statistic of
0.010. The comparison of the RMSE and the PRESS RMSE and realization that the two
values are close to each other (0.014 vs 0.015, respectively) confirms that the model is
not overfitted. Finally, the relatively low PRESS statistic value indicates that the
GeoSAR model is not too affected by any of the individual points.
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3.4.2. GeoSAR derived variables included in the final regression model of loblolly
pine age
Again, as seen in Table 3.4, the final GeoSAR derived regression model for
loblolly pine stand age was produced for age-1 and had three independent variables,
namely: (1) the sum of the X-band magnitude, (2) the 25th percentile of X/P-band
magnitudes, and (3) the 90th percentile of the X-band height above ground. Table 3.2 has
the Pearson correlations between these three independent variables and age and age-1.
While the sum of the X-band magnitude and the 90th percentile of the X-band height
above ground have a respectively moderate (r=0.559) and weak (r=0.346) direct Pearson
correlation to age, the 25th percentile of X/P-band magnitudes has an almost nonexistent
inverse correlation to the same variable (r=-0.004). These correlations change for age-1.
They become inverse and strong (-0.671) for the 90th percentile of the X-band height
above ground, weak and direct for the 25th percentile of X/P-band magnitudes (r=0.376)
and weak and inverse for the sum of the X-band magnitude (r=-0.310).
Table 3.3 has additional Pearson correlations with r>0.5 between age and age-1
and variables not included in the final regression model. Three variables have higher
correlations to age than those presented in Table 3.2. They are the 0 and 0.5th percentile
of X-band magnitude (r=0.655) and the mean of P-band height above ground (r=0.576).
While the first two variables are variations of the sum of X-band magnitude (in the
model), the third is not. Also, the 50th percentile of the X-band multiangle backscatter
coefficient of flight line 3 is not in the model and has a moderate correlation to age
(r=0.511). Finally, none of the variables in Table 3.3 have a higher correlation to age-1
than the 90th percentile of the X-band height above ground (in the model).
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The strong correlation found between the 90th percentile of the X-band height
above ground and age-1 is well supported by different sources. Several studies
demonstrated that there is a strong correlation between age and height (e.g. Le Toan et al.
1992, p. 407 had an R2 of 0.94). Another study found a high coefficient of determination
between GeoSAR-derived and plot-level canopy heights in pine (R2 = 0.70) (Sexton et al.
2009, p. 1143). Finally, Figure 3.4 shows that, with the exception of Plot 228 (which was
71 years old in 2008) that has trees that are shorter than those found in Plot 214 (which
was 45 years old in 2008), GeoSAR height increases with age.
A quite different situation exists for the sum of the X-band magnitude and the 25th
percentile of X/P-band magnitudes. That is because, as opposed to the 90th percentile of
the X-band height above ground, there is neither much information in the literature about
these variables nor enough field data with which to understand the biophysical
characteristics to which they are related. As an attempt to gather additional information
about what they may represent, 2-D scatterplots of the variables and their components
through time were created, and are shown in Figure 3.5.
The scatterplots reveal the following: (1) the sum of the X-band magnitude
increases as loblolly pine stands gets older until it more or less stabilizes at 35 years of
age; (2) the 25th percentile of X/P-band magnitudes shows a general decreasing trend
until the stand reaches 22 years, followed by an increasing trend between 22 years and 45
years, and a final decreasing trend after 45 years of age; (3) the 25th percentile of X-band
magnitude increases as loblolly pine stands get older, stabilizing at about 35 years old;
(4) the 25th percentile of P-band magnitude initially increases until 22 years, than
decreases between 22 years and 45 years, and finally increases after 45 years. Thus, 22,
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35 and 45 years appear to be three key ages in the development of the loblolly pine stands
in ABSF. Hints about what may be happening in those years and what the magnitude
variables in the final GeoSAR derived regression model represent can be obtained from
radar principles, what is available in the literature about X- and P-band magnitude, and
how pines are commonly managed.
Regarding radar principles, the two that are relevant here will be discussed. The
first one is that the size of objects and how they are organized affect the scattering of
microwave energy (Lillesand et al. 2008 cited by Sexton et al. 2009, p. 1144). When the
target and the wavelength of radiation have almost the same lengths, a large portion of
the transmitted energy returns to the sensor (Lillesand et al. 2008 cited by Sexton et al.
2009, p. 1144). When the target is much larger than the wavelength, the signal is
reflected in another direction than the sensor (Sexton et al. 2009, p. 1144). The second
principle is that the parts of the forest canopy that govern the radar signal depend on the
size of the wavelength, and the size of the wavelength determines how much the radar
signal penetrates the canopy vertically (Sexton et al. 2009, p. 1144). While leaves and
twigs govern the short-wavelength (high-frequency) signal, large diameter trunks and the
ground surface govern the longer wavelength (Sexton et al. 2009, p. 1144). Also, while
short wavelengths do not penetrate the canopy very much, longer-wavelengths penetrate
much deeper in the canopy, potentially reaching the ground.
With respect to X- and P-band magnitude, in a prior study in which smallfootprint LiDAR and GeoSAR were used alone or together to estimate leaf area index of
temperate mixed forests in Virginia, a significant (at α=0.05) moderate correlation (r=0.421) was found between the standard deviation of X-band magnitude and the first 1-m
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crown density slice below the vegetation mode (Peduzzi et al. 2012, pp. 1758 and 1770).
In this same study significant (at α=0.05) moderate correlations were also found between
the two GeoSAR variables, namely, the standard deviation of the P-band magnitude and
the maximum of the P-band magnitude, and the standard deviation of the third 1-m crown
density slice below the vegetation mode (r=-0.408 and r=-0.430, respectively) (Peduzzi et
al 2012, p. 1770).
Thus, based on radar principles and the available literature one potential
interpretation of the significance of the X- and P-band magnitudes is that they represent
two distinct layers of the canopy vertical structure. Due to the fact that the wavelengths at
the center of the X-band and P-band are 0.03 m and 0.85 m, respectively (Williams and
Hill 2009, p. 2), one would expect a difference with respect to the vertical portion of
canopy by which the energy is primarily scattered. As the X-band has a much shorter
wavelength than P-band, it will penetrate the canopy very little. Also, while X-band
returns will primarily come from twigs and needles, according to Beudoin et al. (1994, p.
2787), the P-band returns will be scattered primarily by large trunks and primary
branches. With this in mind, the scatterplots in Figure 3.5 can be more easily interpreted
in light of (1) typical changes in stand structure through time and (2) the prevalence of
thinning as a silvicultural prescription in this area.
3.4.3. Comparison between estimation of loblolly pine age using different remote
sensors
Kim et al. (2012, pp. 243, 245 and 246) estimated stand age of loblolly pine
plantations established between 1980 and 2004 in Lousiana and Texas using three
different types of data (TM, SRTM, and NED) using both multivariate and tree-based
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regression models. The best multivariate regression model had an R2 and RMSE of
84.4% and 2.8 years (Kim et al. 2012, pp. 252 and 253). Results obtained using the treebased regression models were even better, with the best model having an R2 of 94.1%
and an RMSE of 1.4 years and the model with the lowest RMSE had an R2 of 92.2% and
an RMSE of 1.2 years (Kim et al. 2012, p. 253). Thus, if one recollects that the R 2 of the
best GeoSAR-derived regression model in this study was 85.2%, Kim et al. (2012) had a
similar coefficient of determination for their multivariate regression model but more
variance was explained with the regression tree model.
McNeil and Pairman (2005 pp. 2503 and 2505) sought to estimate age of radiata
pine stands in Kaingaroa Forest, New Zealand, using data from an airborne SAR
instrument using different polarizations of L- and C-bands. The configuration that
resulted in the lowest RMSE (3.2 years) was L-band full-polarization with six
polarimetric indices. If one considers only the results for single and dual-polarizations
that use SAR data exclusively, though, the best model found was for single-polarization
and had an RMSE of 7.3 years (McNeil and Pairman 2005, p .2508). This result was
obtained using a validation dataset using L-band with HV transmit-and-receive
combination (McNeil and Pairman 2005, p. 2508). Thus, again recollecting that the
RMSE (in age scale) found for the best GeoSAR-derived regression model in this study
was 8.4 years, the McNeil and Pairman’s models were in one case more precise and in
the other, slightly more precise than the one found in this study.
Therefore, the results from this study are on par with results from the two prior
studies that used similar data and analytical approaches.
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3.5.Conclusion
The objective of this study was to determine whether DBInSAR data (from
GeoSAR) can be used to estimate loblolly pine stand age. The study area was the ABSF,
Virginia, USA. Stand ages were obtained from the Virginia Department of Forestry. A
random sample of 46 circular (15 m radius) plots were established in stands with ages
from 5 to 71 years old and site indices from 21.3 to 29 meters (base age 25 years),
respectively. Our results indicate that using magnitude and interferometric height a large
portion of the variability in the reciprocal of loblolly pine stand age can be estimated
using GeoSAR-derived variables (adjusted R2 =84.1%). In addition to that this study
showed that there are variables more correlated to age than those in the regression model.
These findings are novel and interesting and highlight the potential for DBInSAR for
estimating stand age. More study is necessary to be able to interpret the GeoSAR
variables biophysically.
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Figure 3.1: Appomattox-Buckingham State Forest study area is shown in black, loblolly pine stands are shown in green and plots are
color coded by age.
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Figure 3.2: The four different flight lines (001xl, 002xl, 003xl and 004xl) shown here determined the angles for
which X-band backscatter coefficients were obtained for the GeoSAR data collected in loblolly pine stands in
Appomattox-Buckingham State Forest, Virginia, USA.
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Table 3.1: Independent variables calculated using the GeoSAR data collected in 2008 over the study area in the
Appomattox-Buckingham State Forest, Virginia, USA.
Original GeoSAR Bands*

Definition (and units)

Phgt

Height of the P-band (m)

Pmag

Magnitude of the P-band (

Xhgt
Xmag
Sn1
Sn2
Sn3
Sn4
Derived GeoSAR Bands*
(X-P) hgt

watts / m 2 )

Height of the X-band (m)
Magnitude of the X-band (

watts / m 2 )

X-band multiangle backscatter coefficient of flight line 1 (decibels, dB)
X-band multiangle backscatter coefficient of flight line 2 (decibels, dB)
X-band multiangle backscatter coefficient of flight line 3 (decibels, dB)
X-band multiangle backscatter coefficient of flight line 4 (decibels, dB)
Definition (and units)
Difference between the heights of X- and P-bands (m)

watts / m 2 )

(X-P) mag

Difference between the magnitudes of X- and P-bands (

(X/P) hgt
(X/P) mag

Quotient of the heights of X- and P-bands (unitless)
Quotient of the magnitudes of X- and P-bands (unitless)

(X-gr) hgt

Difference between the heights of X-band and ground,(m)**

(P-gr) hgt
Difference between the heights of P-band and ground (m)**
*Note 1: These metrics were derived: (1) percentiles, p, 100, 99.5, 97.5, 90, 75, 50, 25, 10, 2.5 and 0.5, and 0); (2)
mean, (3) total, N (4) standard deviation, stdv.; (5) sum; (6) variance, var, (7) skewness, sk, (8) kurtosis, k, (9)
coefficient of variation, CV.
**Note 2: Ground was a downscaled digital elevation model (30 m spatial resolution) produced from LiDAR
returns obtained in 2008.
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Table 3.2: Pearson correlation matrix for independent and dependent variables used in the final regression model (n=46) for loblolly pine stand age. Significant
probability is presented between brackets. Study area was in Appomattox-Buckingham State Forest, Virginia, USA. See Table 3.1 for definition of variables.

Age
Age-1
Sum of Xmag

Age-1
-0.756
(p<0.001)

Sum of Xmag
0.559
(p<0.001)
-0.310
(p=0.036)

P25 of (X/P) mag
-0.004
(p=0.977)
0.376
(p=0.010)
0.667
(p<0.001)

P25 of (X/P) mag
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P90 of (X-gr) hgt
0.347
(p=0.018)
-0.679
(p<0.001)
-0.062
(p=681)
-0.389
(p=0.008)

Table 3.3: Pearson correlation matrix including correlations between age and age-1 and variables not included in the loblolly pine stand age regression model
(n=46). Only correlations greater than 0.5 for either age or age-1 are presented. Also, the table only includes the independent variable with the highest
correlation to the dependent variables for each original or derived band. Significant probability is presented between brackets. See Table 3.1 for definition of
variables.
Age -1
P75 of Pmag
P0 or P0.5 of Xmag P50 of Sn3
P25 of (X-P) mag P90 of (P-gr) hgt Mean of (P-gr) hgt
Age
-0.756
0.296
0.655
0.511
-0.228
0.544
0.576
(p<0.001) (p=0.046)
(p<0.001)
(p<0.001)
(p=0.127)
(p<0.001)
(p<0.001)
Age -1
-0.558
-0.361
-0.278
0.512
-0.525
-0.522
(p<0.001)
(p=0.014)
(p=0.062)
(p<0.001)
(p<0.001)
(p<0.001)
P75 of Pmag
-0.088
-0.183
-0.990
-0.026
0.009
(p=0.561)
(p=0.222)
(p<0.001)
(p=0.865)
(p=0.953)
P0 or P0.5 of Xmag
0.609
0.195
0.553
0.580
(p<0.001)
(p=0.193)
(p<0.001)
(p<0.001)
P50 of Sn3
0.254
0.437
0.463
(p=0.088)
(p=0.002)
(p=0.001)
P25 of (X-P) mag
0.086
0.052
(p=0.572)
(p=0.732)
P90 of (P-gr) hgt
0.953
(p<0.001)
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Table 3.4: Best GeoSAR derived linear regression models for loblolly pine stand ages. In the table, R2 is the coefficient of determination, R2adj. is adjusted R2, n is sample
size, RMSE is root mean square error, VIF is variance inflation factor, PRESS is prediction sum of squares and R2pred is predicted coefficient of determination. See Table
3.1 for definition of variables.
Number of Independent
Model: Age-1=
R2
R2adj.
n
RMSE in age-1
VIF
PRESS
PRESS RMSE in age-1
R2pred
Variables
(RMSE in age scale)
3
0.178
85.2% 84.1% 46
0.014 years-1
0.010
0.015 years-1
82.0%
- 0.027 x Sum Xmag
(8.4 years)*
1.964
+ 0.412 xP 25 of (X/P) mag
2.304
- 0.005 x P90 of (X-gr) hgt
1.284
Note 1: * The transformed RMSE was computed from:
46

 (reference _ age
RMSE in age scale=

i 1

i

 estimated _ age) 2

46  P

, where i is the sample, reference age was obtained from a GIS layer, estimated age is

the inverse of an age obtained using the model presented in this table and P is the number of parameters estimated.
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2

R =63.8%
RMSE=8.4 years

Figure 3.3: 2-D Scatterplot of actual versus predicted loblolly pine age (n = 46). In the table, R2 and RMSE are the
coefficient of determination and root mean square error in age scale.

56

Established in 2003*

Note: *z-axis start in negative 2.
Established in 2000

Figure 3.4a: 3-D Scatterplots of the 90th percentile of the X-band height above ground for ten plots representing the
different loblolly pine ages in the Appomattox-Buckingham State Forest study area. Here ground was a 30m spatial
resolution digital elevation model produced from the lidar dataset acquired in 2008. Loblolly pines in these plots
were planted between years 1937 and 2003. All plots used to represent the different loblolly pine ages were used to
produce the final GeoSAR regression model. From the scatterplots it is noted that plot “210” has negative heights
and that plot “228” (older) is shorter than plot “214” (younger). The analysis of the data available indicate that the
former was partially caused by the use of a 3 m spatial resolution X-band height with a 30 m spatial resolution
LiDAR derived digital elevation model. Also by looking at Figure 3 in chapter 2 and observing plot “228” over a
Virginia Base Mapping Program (VBMP) 2007 image it appears that the latter is related to the lower stand density
and canopy gaps present in older stands. Appendix B has the coordinates of the mentioned sample plots.
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Established in 1997

Established in 1994

Figure 3.4b: 3-D Scatterplots of the 90th percentile of the X-band height above ground for ten plots representing the
different loblolly pine ages in the Appomattox-Buckingham State Forest study area. Here ground was a 30m spatial
resolution digital elevation model produced from the lidar dataset acquired in 2008. Loblolly pines in these plots
were planted between years 1937 and 2003. All plots used to represent the different loblolly pine ages were used to
produce the final GeoSAR regression model. From the scatterplots it is noted that plot “210” has negative heights
and that plot “228” (older) is shorter than plot “214” (younger). The analysis of the data available indicate that the
former was partially caused by the use of a 3 m spatial resolution X-band height with a 30 m spatial resolution
LiDAR derived digital elevation model. Also by looking at Figure 3 in chapter 2 and observing plot “228” over a
Virginia Base Mapping Program (VBMP) 2007 image it appears that the latter is related to the lower stand density
and canopy gaps present in older stands. Appendix B has the coordinates of the mentioned sample plots.
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Established in 1991

Established in 1988

Figure 3.4c: 3-D Scatterplots of the 90th percentile of the X-band height above ground for ten plots representing the
different loblolly pine ages in the Appomattox-Buckingham State Forest study area. Here ground was a 30m spatial
resolution digital elevation model produced from the lidar dataset acquired in 2008. Loblolly pines in these plots
were planted between years 1937 and 2003. All plots used to represent the different loblolly pine ages were used to
produce the final GeoSAR regression model. From the scatterplots it is noted that plot “210” has negative heights
and that plot “228” (older) is shorter than plot “214” (younger). The analysis of the data available indicate that the
former was partially caused by the use of a 3 m spatial resolution X-band height with a 30 m spatial resolution
LiDAR derived digital elevation model. Also by looking at Figure 3 in chapter 2 and observing plot “228” over a
Virginia Base Mapping Program (VBMP) 2007 image it appears that the latter is related to the lower stand density
and canopy gaps present in older stands. Appendix B has the coordinates of the mentioned sample plots.
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Established in 1983

Established in 1974

Figure 3.4d: 3-D Scatterplots of the 90th percentile of the X-band height above ground for ten plots representing the
different loblolly pine ages in the Appomattox-Buckingham State Forest study area. Here ground was a 30m spatial
resolution digital elevation model produced from the lidar dataset acquired in 2008. Loblolly pines in these plots
were planted between years 1937 and 2003. All plots used to represent the different loblolly pine ages were used to
produce the final GeoSAR regression model. From the scatterplots it is noted that plot “210” has negative heights
and that plot “228” (older) is shorter than plot “214” (younger). The analysis of the data available indicate that the
former was partially caused by the use of a 3 m spatial resolution X-band height with a 30 m spatial resolution
LiDAR derived digital elevation model. Also by looking at Figure 3 in chapter 2 and observing plot “228” over a
Virginia Base Mapping Program (VBMP) 2007 image it appears that the latter is related to the lower stand density
and canopy gaps present in older stands. Appendix B has the coordinates of the mentioned sample plots.
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Established in 1963

Established in 1937

Figure 3.4e: 3-D Scatterplots of the 90th percentile of the X-band height above ground for ten plots representing the
different loblolly pine ages in the Appomattox-Buckingham State Forest study area. Here ground was a 30m spatial
resolution digital elevation model produced from the lidar dataset acquired in 2008. Loblolly pines in these plots
were planted between years 1937 and 2003. All plots used to represent the different loblolly pine ages were used to
produce the final GeoSAR regression model. From the scatterplots it is noted that plot “210” has negative heights
and that plot “228” (older) is shorter than plot “214” (younger). The analysis of the data available indicate that the
former was partially caused by the use of a 3 m spatial resolution X-band height with a 30 m spatial resolution
LiDAR derived digital elevation model. Also by looking at Figure 3 in chapter 2 and observing plot “228” over a
Virginia Base Mapping Program (VBMP) 2007 image it appears that the latter is related to the lower stand density
and canopy gaps present in older stands. Appendix B has the coordinates of the mentioned plots.
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(a)

(b)

(c)

(d)

Figure 3.5: 2-D scatterplots of two of the independent variables included in the final GeoSAR regression models through time. The variables were Sum of the Xband magnitude (a) and 25th percentile of X/P band magnitudes (b). 2-D scatterplots of the numerator and denominator of the 25th percentile of X/P band
magnitudes through time. The numerator 25th percentile of X-band magnitudes is shown in (c) and the denominator 25th percentile of P-band magnitude is shown
in (d).
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4. COMPARING AIRBORNE LASER SCANNING, DBINSAR, AND LANDSAT DATA
FOR ESTIMATING LOBLOLLY PINE STAND AGE

4.1. Abstract
The objective of this study was to compare the relative utility of airborne laser scanning,
dual-band interferometric synthetic aperture radar (DBInSAR), and Landsat for estimating
loblolly pine stand age. The study area was located in Appomattox-Buckingham State Forest
Virginia, USA. Forty-six 15-m radius circular plots were randomly allocated to even-aged
loblolly pine stands with ages varying from 5 to 71 years old and site indices (base age 25 years)
of either 23.8 or 24.4 meters (with a few exceptions). The airborne laser scanning (LiDAR, Light
Detection and Ranging) data and dual-band interferometric synthetic aperture radar,DBInSAR
data (from GeoSAR) were both acquired in the summer of 2008 and analyzed using plot-based
descriptive statistics and multiple linear regression. The Landsat data were used to run the
Vegetation Change Tracker (VCT) in conjunction with a digital elevation layer (Shuttle Radar
Topography Mission, SRTM), a land cover map (National Land Cover Database, NLCD, 2001)
and a series of LEDAPS (Landsat Ecosystem Disturbance Adaptive Processing System)
processed Landsat 5 (Thematic Mapper, TM) and 7 (Enhanced Thematic Mapper Plus, ETM+)
images in Worldwide Reference System, WRS-2 path/row 16/34. VCT-derived loblolly pine
stand ages were obtained using the following rules: (1) stands that had not been subject to any
disturbances between 1984 and 2011 were considered to be at least 24 years old, (2) for stands
with a single disturbance between 1984 and 2008, age was calculated as the difference between
2008 and the year of disturbance, (3) for stands with at least two disturbances between 1984 and
2008, forest index values for the first and last disturbances were compared and age was
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calculated using the difference between 2008 and the year of the largest disturbance. An accuracy
assessment of the loblolly pine stand ages obtained using the three methods was performed using
a GIS layer provided by the Virginia Department of Forestry that contained the establishment
year of the loblolly pine stands. A frequency distribution of the difference between the reference
ages and the VCT ages was calculated as well as root mean square errors, RMSEs obtained using
VCT and the lidar- and DBInSAR-derived empirical models. The frequency distribution showed
that although the reference ages and the VCT ages only agreed 20% of the time, the difference
was generally only one year. The RMSE analysis afforded a comparison among data/techniques.
The best overall result was found using VCT-derived loblolly pine stand ages (RMSE=2.2 years,
n or sample size=35). LiDAR and GeoSAR data enabled reasonable age estimates for this same
age range (RMSE using GeoSAR=2.6 years, RMSE using LiDAR=2.6 years, n=35). These
errors, however, were obtained using data from loblolly pine stands ranging in age from 5 to 22
years old. For stands ranging from 5 to 71 years old, though, LiDAR data enabled much better
estimates than the other two methods (RMSE using LiDAR=4.4 years, n=45 or 46; RMSE using
VCT=12.6 and 12.5 years, n=45 and 46; RMSE using GeoSAR=8.5 and 8.4 years, n=45 or 46).

4.2. Introduction
Forests of different ages do not release/uptake the same amount of carbon. In a study
assessing the relationship between stand age and net ecosystem productivity (NEP) in ponderosa
pine (Pinus ponderosa var. Laws.) stands located in Oregon, USA, NEP was lowest for the
youngest stands (9 to 23 years; -124 g C m-2 yr-1), moderate (+118 g C m-2 yr-1) for stands with
age varying from 56 to 89 years, highest for stands of ages varying from 95 to 106 years (+170g
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C m-2 yr-1) and low (+35 g C m-2 yr-1) for the oldest stands (190 to 316 years old; Law et al.
2003, p. 510). Thus, the NEP of the stands of different ages varied in terms of magnitude and
sign. While the youngest stands were carbon sources (negative NEP), those belonging to other
age groups were carbon sinks (positive NEP). Another study by Sampson et al. (2008, p. 1) came
to similar findings with respect to the variation of NEP through time for loblolly pine (Pinus
taeda) stands in the Coastal Plain of Virginia. Using SECRETS-3PG to simulate NEP, the
authors found strong negative annual NEP for stands up to 5 to 8 years (Sampson et al. 2008, p.
1). NEP became positive, peaking at age 13 years at +600 g C m-2 a-1 but declining after that
until 30 years old (Sampson et al. 2008, pp. 1 and 8). As such, based on these two studies, the
knowledge of the age of a forest is critical to estimating mean annual carbon fluxes.
There are different ways in which age of individual trees or stands can be determined.
One of them is to obtain this information from a distance through the use of remote sensors. Both
active and passive sensors have been used for this purpose in the past. Examples of studies in
which active sensors were used include: Stukey (2009, p. 6), who used LiDAR (Light Detection
and Ranging)-estimated height and SSURGO (Soil Survey Geographic Database) site index to
obtain age of pine trees; Quirino et al. (chapter 2) and Quirino et al. (Chapter 3), who used
metrics derived from LiDAR and GeoSAR, respectively, to estimate age of loblolly pine stands;
and Champion et al. (2008, pp. 1795 and 1797), who used radar image texture for forest growth
(age) of maritime pines (Pinus pinaster). As for passive sensors, examples of studies in which
they were used include: Kimes et al. (1999, p. 3625), who used SPOT (Satellite Pour
l’Observation de la Terre) HRV (High Resolution Visible) data to obtain the age of secondary
tropical forests, and Fraser and Li (2002, p. 95), who examined whether postfire regeneration age
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can be estimated using SPOT VEGETATION (VGT). SPOT, however, has not been the only
passive sensor used for age.
With over 40 years of history in acquiring well-calibrated data with moderate spatial
resolution at decreasing cost (since 2009 all Landsat data have been free), data from the Landsat
series of satellites have been used in many studies. Some of them have addressed the age
(plantation year, in the case of Heo et al. 2006b) of loblolly pines. For example, Jensen et al.
(1999, p. 2805) tested the use of Landsat Thematic Mapper (TM) data with traditional statistical
and artificial neural networks approaches to obtain age of loblolly pine stands. Sivanpillai et al.
(2006, p. 247) used Landsat Enhanced Thematic Mapper Plus (ETM+) reflectance values to
obtain the age of commercially managed loblolly pine stands. Heo et al. (2006b, pp. 61, 65, and
68) used a series of Landsat multispectral scanner (MSS) and TM images to verify establishment
year of 2612 loblolly pine stands. Kim et al. (2012, p. 243) used data from Landsat TM, the
Shuttle Radar Topography Mission (SRTM), and the National Elevation Dataset (NED) to obtain
age of loblolly pine stands. Some of these studies (e.g., Jensen et al., 1999, pp. 2806 and
Sivanpillai et al., 2006, p. 250) analyzed only a single image. Others, however, used an explicitly
multitemporal approach (Heo et al. 2006b, p. 65, Kim et al. 2012, pp. 245 and 246).
Important factors in multitemporal remote sensing studies include the following: (1) the
time interval between images, (2) the months/season of image acquisition, and (3) how the
resulting time series is analyzed. With respect to the first two, Kim et al. (2012, p. 246) used
Landsat images that were 3 to 6 years apart and the authors tried not to use those acquired during
the summer. However, there are other studies that have used images that are both closer and
further apart in time, as well as some with no seasonal acquisition restriction.
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Analytically, change detection is often divided into bitemporal and multitemporal
approaches (e.g., Campbell and Wynne, 2011). Heo et al. (2006a, 315and 317), for example,
verified timber ages using pairs of temporally adjacent images. In contrast, Kennedy et al. (2007,
p. 370) analyzed a temporal sequence of images. Comprehensive change detection reviews have
been done by Singh (1989), Coppin et al. (2004), Lu et al. (2004) and Hussain et al. (2013). As
such, the reader is referred to these articles for further information.
Multitemporal change detection approaches, albeit more nascent, are increasingly refined
and vary widely algorithmically. Some studies, such as the one by Brooks et al. (2014, p. 3317),
use an “on the fly” methodology in which change maps are generated with every new scene
added. In others, such as LandTrendr, changes are identified not as they happen (Brooks et al.
2014, p. 3317), but from “temporal trajectories of spectral data on a pixel-by-pixels basis”
(Kennedy et al. 2010, p. 2897).
In this study the Vegetation Change Tracker (VCT) algorithm is used with Landsat time
series stacks to obtain forest disturbance history (Huang et al. 2010, pp. 183 and 184). This
algorithm, which is based on the spectral-temporal properties of non-forests, forests, disturbances
and recoveries from disturbances (Huang et al. 2010, pp. 184 and 185), works by first examining
the Landsat images one by one and then, in the time series (Huang et al. 2010, p. 184). When the
images are analyzed individually, masks are produced and vegetation indices that indicate the
chance of an area being a forest are obtained (Huang et al. 2010, p. 184). Then, the masks
produced and the vegetation indices obtained using the Landsat images are analyzed in a time
series and disturbances are mapped (Huang et al. 2010, p. 184).
Landsat images and the VCT algorithm have been utilized to assess forest disturbance
and patterns in different studies. Li et al (2009a, p. 6559) mapped and described forest change
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patterns in Mississippi, USA. Li et al (2009b, p. 1480) demonstrated the differences between
federal and nonfederal forests located in Alabama, USA with respect to patterns and changes
between the years of 1987 and 2005. Huang et al. (2009, p. 1430) mapped forest disturbance in
the southeastern and northern U.S. Huang et al. (2010, p. 183) reconstructed recent forest
disturbance across the U.S. However, none of these prior studies compared VCT (using Landsat)
to data from other sensors.
Thus, the objective of this study is to compare loblolly pine stand age estimated using a
dense Landsat time series analyzed using VCT to stand age estimated using active sensors (small
footprint discrete return LiDAR data and DBInSAR data from GeoSAR). The three remote
sensors have quite different characteristics. For example, while GeoSAR is weather
“independent”, Landsat and LiDAR are not. Also, while Landsat has a large footprint, GeoSAR
and LiDAR have a much smaller one.
The accuracy of the stand ages obtained using the three different methods was assessed
using a Geographic Information System (GIS) layer provided by the Virginia Department of
Forestry that contained the establishment year of the stands. The accuracy assessment includes a
frequency distribution of the difference between the ages obtained from the GIS layer and the
VCT derived ages. In addition, root mean square errors, RMSEs (in age scale) were calculated to
enable comparison among techniques. General recommendations are made for selecting a
method to estimate loblolly pine stand age using remotely sensed data.
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4.3. Material and methods
4.3.1. Study area
The approximately 12 km2 study area is centered at 37°25′9′′N latitude, 78°40′30′′W
longitude (Figure 4.1) in Appomattox-Buckingham State Forest (ABSF), Virginia, USA. The
study area has elevations varying from 161 to 229 m (Gesch et al. 2002) and is mainly covered
by loblolly pine, upland-hardwood and pine-hardwood forests (Virginia Department of Forestry,
2002a). For this study, even-aged loblolly pine stands (thinned and unthinned) of varying shapes
and sizes and with ages ranging from 5 to 71 years were used. Forty-six, random circular plots
with 15 m radius were allocated to the loblolly pine stands (one per stand) (see Appendix B for
the coordinates of the sample plots). Most of the plots (43 out of 46) were in areas with site
indices 23.8 and 24.4 meters (base age 25 years). Three plots were quite different with respect to
site index (21.3 or 29 meters at base age 25 years).
4.3.2. Data acquisition and processing
This study used data on the establishment year of the even-aged loblolly pine stands and
three different types of remote sensing data: Landsat, small-footprint discrete return LiDAR, and
GeoSAR. The Landsat data were used to run the VCT algorithm. Chapters 2 and 3 contain a
detailed description about the acquisition and processing of the reference data as well as the data
from the active sensors.
Reference data
The basic source of age for the loblolly pine stands located in the study area was a digital
stand map obtained from the Virginia Department of Forestry. This map contained the
boundaries of the loblolly pine stands and the year each was established. However, our quality
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control process revealed that some of the spatial and attribute information in this stand map were
outdated. The following data sources were used for updating the stand maps: (1) forest inventory
data, (2) digital orthophotographs from the National Agriculture Imagery Program (NAIP), (3)
digital orthophotographs from the Virginia Base Mapping Program (VBMP), and (4) a spatial
database that had information about which stands had been thinned between 1999 and 2008.
These datasets were used to update stand boundaries and check forest type. Using the updated
stand map, loblolly pine stands within the study area were buffered inward 20 m to ensure plot
homogeneity and to help minimize possible errors due to misregistration between the stand map
and the remotely sensed data. The buffering resulted in the “disappearance” of one stand and one
plot was found to be mistyped; therefore, only 46 of 48 stands were used in subsequent analyses
(Figure 4.1).
Small-footprint discrete return LiDAR data
In August 2008, an Optech Airborne Laser Terrain Mapper (ALTM) 3100 with an
integrated Applanix Digital Sensor System 4k x 4k camera scanning at an angle of less than 15
degrees was used to collect the LiDAR data. The instrument obtained data with a sampling
density of 5 pulses or more per square meter and recorded up to 4 returns per pulse. Its
accuracies were as follows: (1) 15 cm or better over bare ground for vertical accuracy, and (2) 50
cm or better for horizontal accuracy. EarthData delivered the LiDAR data as LAS files. The files
had either “all” returns or “bare ground” returns. Information about the coordinates (x, y, and z)
and the intensities of the backscattered laser returns was present in both file types. The
preprocessing of the LiDAR data consisted of the following:
1. All LAS files were converted into shapefiles.
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2. Vendor-identified bare ground returns were interpolated (inverse distance
weighting) to produce a digital elevation model (DEM) (1 m spatial resolution).
3. Height above ground (HAG) was calculated for each LiDAR return by subtracting
the elevation of the LiDAR returns from the DEM produced in the previous step.
4. All returns that had either negative HAG or HAG greater than 40 m were deleted.
5. Returns located within each of the 46 sample plots were extracted.
6. Understory returns (defined as having a HAG of less than 2 m) were deleted.
7. HAG, intensity, number of returns and return density were used to calculate fortyseven different LiDAR metrics (see Table 2 in Chapter 2).
The resulting plot-specific LiDAR metrics were used as the independent variables in a
best subsets multiple linear regression. The dependent variable was the common log of stand age.
As shown in Table 4.2, the final model was chosen to be the one with the highest coefficient of
determination, R2 that also met the following criteria: (1) simplicity (only 1 independent
variable) (2) independent, normally distributed errors, (3) error showing homoscedasticity, (4)
variable significance at alpha = 0.05; and (5) good predictive ability. As also shown in Table 4.2,
the final LiDAR model had an R2 of 90.4% and an adjusted R2 of 90.2%. One of the 46 plots was
an outlier and had to be removed from the resulting model, thus the sample size for the LiDAR
model was 45.
DBInSAR (from GeoSAR)
During the summer of 2008 a Gulfstream II aircraft flew over the study area. X- and Pband data were obtained at the same time from both sides of the aircraft using four X-band and
four P-band antennas (William and Hill 2009, p. 1). In addition to the SAR data, a LiDAR
profiler also obtained data (William and Hill 2009, p. 1).
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The preprocessing of the GeoSAR data was done by Fugro EarthData, Inc. A total of
eight data layers were provided by the vendor: (1) X- and P-band elevations, (2) orthorectified
X- and P-band magnitudes and (3) X-band multiangle backscatter coefficients from four
different flight lines. Using the X- and P-bands heights and magnitudes products, four other
products were obtained. In addition to that, X- and P-band digital surface models (DSMs) were
calculated by subtracting a coarsened version (30 m spatial resolution) of the LiDAR-derived
DEM from the interferometrically-derived elevations at each of the two frequencies. At the end
14 radar layers were available for subsequent analysis on a plot-specific basis, as follows: Pband elevations and magnitudes, X-band elevations and magnitudes, X-band multiangle
backscatter coefficients from each of the four different flight lines, the differences between Xand P-band elevations, the differences between X- and P-band magnitudes, the quotient of Xand P-band elevations, the quotient of X- and P-band magnitudes, and the X- and P-band DSMs.
Different percentiles, mean, total, standard deviation, sum, variance, skewness, kurtosis, and
coefficient of variation were obtained for these layers on a plot basis.
The resulting plot-specific radar metrics were used as the independent variables in a best
subsets multiple linear regression (sample size = 46). The dependent variable was the reciprocal
of stand age. The final model was the one that had the highest R2, lowest error and did not
present abnormalities in the scatterplot of the percentile of the X-band heights above ground.
There were additional model characteristics: (1) simple (three or fewer independent variables),
(2) no problems with multicollinearity, (3) had errors that were independent and normally
distributed, (4) error had constant variance, (5) model and all variables in it were significant at
alpha = 0.01, and (6) had good predictive ability. As shown in Table 4.2, the final GeoSAR
model had an R2 of 85.2% and an adjusted R2 of 84.1%.
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Landsat and VCT algorithm
VCT is an algorithm written in C that obtains forest change automatically (Thomas,
unpublished, p. 1). For this study, VCT was run using a 30 m spatial resolution digital elevation
layer (SRTM, Rabus et al. 2003), a 30 m spatial resolution land cover map (National Land Cover
Database, NLCD, 2001, Homer et al. 2004) and a series of Landsat images with Worldwide
Reference System, WRS-2 path/row 16/34 that had been previously orthorectified, converted to
surface reflectance and compressed to .hdf using LEDAPS (Landsat Ecosystem Disturbance
Adaptive Processing System) (Thomas, unpublished, pp. 1 and 2).
Table 4.1 has the date of acquisition, day of the year, cloud cover, quality and products of
the images. They were selected based on specific characteristics (Huang et al., 2009). In
principle the images were supposed to be: (1) cloud free, (2) of good quality, and (3) have been
acquired between June and mid-September. Often these criteria could not be met. Thus, when
cloud free images were not available for one particular year, VCT was run using multiple images
acquired for that year and the final output was generated using cloud free pixels (or pixels with
reduced cloud cover) from the different Landsat images. When images of very high quality were
not available, images with slightly lower quality (e.g. 7) were used, and, when for a particular
year there were no adequate images acquired between June and mid-September, images obtained
in May were used.
As seen in Table 4.1, VCT was run using fifty Landsat 5 TM and twelve Landsat 7
ETM+ images with cloud covers varying from 0% to 50%, of either quality 7 or 9, and that had
been obtained between 1984 (when Landsat 5 was launched) and 2011. There was one year
(1998) for which no image was present in the stack used to run VCT because the only good
Landsat image available was acquired in late September, which was considered too late in the
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season. Also, for twelve years the output files were generated using pixels from multiple Landsat
images (e.g. 1984, 1991, 2008). In this case Compositing Index files (“cidx files”, see figure 4.2f)
were produced, which contained the date of the image that gave origin to each particular pixel in
the VCT output files. In addition to the Compositing Index files, two other files were used. The
first file was a Year of Disturbance map (see Figure 4.2a, 4.2b and 4.2c) defining areas that had
persistent land covers (namely, forest, nonforest, and water) and areas that had been disturbed
(Thomas, unpublished p. 4). For the areas that had been disturbed, the map contained
information about first and last disturbance, as well as, areas that had been subject to multiple
disturbances between the years of 1984 and 2011 (Thomas, unpublished, p. 5). The second file
was a Change Magnitude map (see Figure 4.2d and 4.2e). It contained spectral measures of the
disturbance magnitude for the first and last disturbances in the Year of Disturbance map
(Thomas, unpublished p. 8). The values in this file were obtained by subtracting the average
forest index value for each pixel by the index value of the year of disturbance (Thomas,
unpublished p. 8). These computations were made for the forest index, the normalized vegetation
index (NDVI), and the normalized burn ratio (NBR) (Thomas, unpublished p. 8). Even though
the maps containing Year of Disturbance and Change Magnitude were generated using Landsat
images acquired between 1984 and 2011, since the data from LiDAR and GeoSAR were
acquired in 2008, disturbances that occurred after 2008 were not considered.
ENVI 4.7 and ESRI ArcGIS 10.0 were used to process the data. The processing began by
extracting values from the Year of Disturbance map and from the Change Magnitude map for the
46 sample plots. There were three bands in the Year of Disturbance map and therefore three
values were obtained for each of the sample plots. In the case of persistent land covers, all three
bands displayed a number that represented the type of land cover present in that particular area
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(forest, nonforest, and water). Otherwise, the bands had numbers that represented the year of first
disturbance (first band), the year of last disturbance (second band) or areas that had been subject
to one or multiple disturbances between 1984 and 2011 (third band). In the latter case, a number
representing the year of last disturbance was displayed. The Change Magnitude map had six
bands and therefore six values were obtained for each of the sample plots. The first two bands
had the values for forest index. The third and fourth bands had the values for NDVI. The last two
bands had the values for NBR. For each of these three groups of bands the first band represented
the first disturbance and the second the last disturbance.
The loblolly pine stands in the forty-six sample plots had either: (1) not been subject to
any disturbances between the years of 1984 and 2011 (five sample plots), (2) been subject to one
disturbance between the years of 1984 and 2011 (thirty-two sample plots), or (3) been subject to
at least two disturbances between the years of 1984 and 2011 (nine sample plots). VCT Age of
these loblolly pine stands was obtained assuming that all stands were planted in the same year
that they were cleared. Stands that had not been subject to any disturbances between 1984 and
2011 were considered to be at least 24 years old (the number of years between 1984 and 2008).
For stands that had been subject to a single disturbance between 1984 and 2011, VCT Age was
calculated as the difference between 2008 and the year of disturbance. One plot (#189, See
Appendix B for its coordinates) was disturbed in 2008, but before the LiDAR and GeoSAR data
were acquired. It was thus considered to have an age of “zero”.
Nine stands had two or more disturbances between 1984 and 2011. For three of these, the
second disturbance was after the data from the active sensors was acquired. As such, these stands
were treated as if they had only one disturbance. Six stands, however, had been disturbed more
than once and both disturbances occurred between 1984 and 2008. For the plots in these stands it
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was necessary to determine which of the disturbances would be used to determine the stand
establishment date. For these six plots, VCT Age was calculated using the difference between
2008 and the disturbance with the largest forest index. Figure 4.3 has ages of loblolly pine stands
in the study area that were obtained from field data (a) and using the VCT algorithm (b).
Accuracy assessment of the loblolly pine stand ages
An accuracy assessment of the loblolly pine stand ages obtained using all three data
sources with their corresponding methods was done using the GIS layer provided by the Virginia
Department of Forestry that contained the establishment year of the loblolly pine stands. Table
4.3 has the distribution of the errors of the Landsat-VCT algorithm age estimates in count and
percentage. The errors presented are the difference between reference and VCT-derived ages of
the loblolly pine stands, where Reference Age was obtained using the GIS layer provided by
Virginia Department of Forestry (as earlier described), and VCT Age was obtained using the
Landsat-VCT algorithm outputs as described above. Table 4.4 has the coefficients of
determination (in age scale) for both GeoSAR and LiDAR. For the Landsat-VCT algorithm no
R2 is provided because the loblolly pine stand ages were not obtained through a regression
model.
Table 4.4 also has the RMSEs (also in age scale) for the Landsat-VCT algorithm and the
LiDAR and GeoSAR models. As the GeoSAR and the LiDAR regression models (and therefore
the loblolly pine age estimates obtained using them) were produced using 46 and 45 sample
plots, respectively, and the Landsat-VCT algorithm age estimates were produced using 35
sample plots (as VCT could only be used to obtain age of loblolly pine stands of up to 24 years
old, and therefore older stands were eliminated from the analysis), a true comparison between the
results found for these three methods used to estimate loblolly pine age would not be possible.
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Thus, in this study, R2s and RMSEs were obtained for all three mentioned sample sizes (35, 45
and 46 sample plots) and the different RMSEs were compared to one another. It is important to
note, though, that these three sample sizes do not only differ in terms of number of samples.
They differ in terms of age ranges. While the two larger samples (46 and 45 plots) included
loblolly pine stands with ages ranging from 5 to 71 years old, the smaller sample (35 plots),
included stands with ages ranging from 5 to 22 years old. Finally, in order to help the visual
comparison of the results, a column chart showing the RMSEs in age scale of the models
produced obtained for Landsat-VCT algorithm, GeoSAR and LiDAR using 35 and 46 sample
plots was produced (Figure 4.4).

4.4.Results and discussion
4.4.1. Distribution of the errors of the loblolly pine stand ages obtained using the LandsatVCT algorithm
From the results shown in Table 4.3 one can see that 20% of the time (7 out of 35 sample
plots), Reference Age and VCT Age agree. This means that there is no difference between them,
and for these sample plots, the Landsat image used to detect the stand clearing was acquired after
the clearing. Unfortunately, though, this was not what usually happened. More than 50% of the
time (18 out of 35 sample plots), VCT Age was one year older (error = -1 yr) than Reference Age.
However, the differences between Reference Age and VCT Age varied from +2 and -7 years on
the 80 percent of sample plots (28 out of 35 sample plots).
There are both avoidable and unavoidable causes for these observed differences.
Unavoidable factors include the relationship between when a stand was cleared in a particular
year and when the Landsat image was acquired for that same year, as well as the presence of
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clouds in the Landsat images preceding or following the year when a loblolly pine stand was
cleared. If a Landsat image was acquired days or months before the loblolly pine stand was
cleared, VCT will usually detect the clearing in the following year. Thus, VCT Age will be one
year younger than the Reference Age of the loblolly pine stand. As for clouds, their presence in
the year(s) that precede or follows when a loblolly pine stand was cleared causes VCT Age to
differ from Reference Age. If there were clouds in the Landsat image(s) before the year when a
loblolly pine stand is cleared, VCT Age will be older than Reference Age. If there are clouds after
the year when a loblolly pine stand is cleared, VCT Age will be younger than Reference Age.
A potentially avoidable source of error is the means by which stand ages are obtained
from the VCT output. In this study loblolly pine stand ages were calculated as the difference
between 2008 and Year of Harvest. However, even if the VCT-algorithm is able to correctly
identify the year when a loblolly pine stand was cleared, the age calculated using this year may
still be incorrect. The reason is that we assumed that the establishment date was the same as the
harvest date, but in reality this is rarely the case. Two potential solutions for this issue are to use
field information about when a stand was replanted after it was cleared, or to try to obtain this
information using a time series of Landsat images. This would be done by analyzing the spectral
response of the stand after the disturbance.
Another potential cause of avoidable error is the use of the Year of Disturbance to
calculate loblolly pine stand age. There will be errors in the age estimates if the disturbance that
is being detected by the VCT algorithm is something other than stand clearing, such as thinning
or another silvicultural prescription. One potential solution for this is to use histograms of the
disturbance magnitudes to establish thresholds by which stand-replacing disturbances can be
isolated.
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In five of the plots a stand was disturbed more than once during the study period. For
these plots, VCT Age was calculated using the difference between 2008 and the disturbance with
the largest forest index. However, it is not known if this is actually the best option or if, in fact,
NDVI, NBR or even another index would have been a better option. A solution for this would be
to explore the use of these other indices to assess their potential suitability to task.
A last potentially avoidable source of error is that in this study it was not possible to
determine if a stand was disturbed more than twice. As such, if a stand was disturbed more than
two times and one of the intermediate disturbances was a clearing, the stand age obtained in this
study would be incorrect. A possible solution for this would be to use the individual year maps
obtained from VCT.
4.4.2. Comparing errors of loblolly pine stand ages obtained using the three different
methods
For the 5 to 22 year old stands, the Landsat-VCT algorithm produced the best estimates
for loblolly pine stand age (RMSE = 2.2 years in age scale, n or sample size = 35, Table 4.4 and
Figure 4.4). This result is slightly better than the reported error in Sivanpillai et al. (2006). They
estimated ages of loblolly pine stands in Texas with ages ranging from 5 to 26 years old using
multiple linear regression with (1) Landsat ETM+ bands 4 and 7 (RMSE = 3.4 years) and (2)
NDVI, ETM+ band 4 /ETM+ band 3, and tasseled cap brightness (RMSE = 2.9 years) in
Sivanpillai et al. (2006, pp. 247, 248, 249 and 250).
There are several factors likely contributing to the low reported error for VCT estimates
of stand age for the younger stands. One of them is, of course, the inherent suitability of Landsat
data for this task. Previous studies have found that TM and ETM+ are adequate to map land
cover changes caused by different human factors (Cohen and Goward, 2004; Coops et al., 2007;
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Franklin et al., 2002 cited by Kennedy et al. 2007 p. 372). Second, VCT is inherently an
interannual, multitemporal change detection technique. Sexton et al. (2013, p. 246) note that
change detection has been primarily between two or more times. In this study, though, the annual
time step increases the chance of identifying the year a stand was cleared. Third, the chance of
detecting changes using the VCT algorithm increases when the tree cover of an area suffers a
relatively large impact. The fact that the loblolly pine stands in the study area were cleared
contributed to the good results using the VCT algorithm. Fourth, the study area is adjacent to
WRS-2 path 15 row 34 (most of which is in the same Piedmont ecoregion), in which Huang et al.
(2010, pp. 191 and 194) previously demonstrated the efficacy of VCT for estimating disturbance
year (overall accuracy = 0.80, Huang et al. 2010, p. 195).
The Landsat-VCT algorithm produced the lowest RMSEs among the methods
investigated in this study, but only for younger stands (5 to 22 years). Given that sawtimber
rotations are often 25 to 30 years (Heo et al. 2006b, p. 65), LiDAR and GeoSAR data are
(temporarily) the only real options at this juncture, as they are able to estimate ages of loblolly
pine stands of up to 71 years. Between these two options, though, the best choice is to use
LiDAR data, especially as they also can be used to estimate the age of younger loblolly pine
stands. In fact, the model that used a LiDAR-derived independent variable had an RMSE only
slightly larger than that obtained using the Landsat VCT algorithm for the 5-22 year old stands,
and was the same as the RMSE using GeoSAR data for that age range (RMSE using VCT = 2.2
years, RMSE using LiDAR or GeoSAR = 2.6 years). Thus, at least using these remotely sensed
data sets and for this study area, all three methods provided reasonable age estimates for loblolly
pine stands between 5 and 22 years old. When the full age range of loblolly pine stands in this
study area is considered (5 to 71 years old), neither Landsat-VCT nor GeoSAR enabled reliable
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age estimates for loblolly pine stands, leaving LiDAR as the best option for the estimation of
ages of older loblolly pine stands (RMSE using LiDAR=4.4 years, n=45 or 46; RMSE using
VCT=12.6 and 12.5 years, n=45 and 46; RMSE using GeoSAR=8.5 and 8.4 years, n=45 or 46).
4.5.Summary and conclusion
In this study a comparison was made between using VCT with annual Landsat images,
small-footprint discrete return LiDAR data with multiple linear regression, and DBInSAR data
from GeoSAR with multiple linear regression to estimate age of even-aged loblolly pine stands
growing in ABSF, Virginia, U.S.A. Accuracy assessment of the loblolly pine stand ages included
a frequency distribution of the differences between Reference Age and VCT Age, and a
comparison of the RMSEs calculated from the difference between VCT Age, LiDAR Age or
GeoSAR Age and Reference Age. From the results of the frequency distribution, it is concluded
that in only few instances (one out of five sample plots) did Reference Age and VCT Age agree.
The difference between them, though, was in most cases small, only 1 year. This is a low error
considering the temporal frequency of the Landsat images used to run the VCT algorithm. With
respect to the comparison of the RMSEs, the Landsat-VCT algorithm gave the best age estimates
for loblolly pine stands ranging from 5 and 22 years of age (RMSE using VCT=2.2 years, n=35).
LiDAR and GeoSAR also gave reasonable age estimates (RMSE using GeoSAR=2.6 years,
n=35; RMSE using LiDAR=2.6 years, n=35) for this age range. For stands ranging from 5 and
71 years old, though, LiDAR gave considerably superior estimates than the other two methods
(RMSE using LiDAR=4.4 years, n=45 or 46; RMSE using VCT=12.6 and 12.5 years, n=45 and
46; RMSE using GeoSAR=8.5 and 8.4 years, n=45 or 46).
Which method should be used to estimate loblolly pine stand age? As earlier noted, age
estimates for loblolly pine stands from LiDAR were good, but the ones from the Landsat-VCT
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algorithm were even better. The results for the Landsat-VCT algorithm, though, were obtained
using TM and ETM+ images to identify one type of human based forest disturbance (stand
clearing). The use of these images is convenient as they are readily available and free of cost to
the user, but did limit the use of the approach to areas that are not frequently covered by clouds
and the age for which the VCT algorithm could be used to estimate age to no older than 24 years
(Landsat 5 and 7 were launched in March 1984 and in April 1999, respectively, and the reference
year used for the ground data was 2008). Although this age limitation is very important for this
study, this issue will gradually become less important as Landsat images continue to be acquired.
In fact, today Landsat TM images can already be used to estimate age of loblolly pine stands of
up to 30 years (2014-1984=30 years) and, as time goes by, ages of loblolly pine stands as old as
the oldest stands in the study area (71 years) will be able to be estimated using Landsat images
(assuming program continuity). Until that happens, though, the best option would be to use
LiDAR to estimate the ages of loblolly pine stands.
Unfortunately, only a few regions globally have been imaged by LiDAR and there is no
current plan for a nationwide data acquisition. Thus, LiDAR is not an immediate solution for
loblolly pine stand age estimation over large areas. What could be done, though, is to integrate
these two sensors. This integration would mean that two different approaches would be used
together to obtain loblolly pine stand age: height, from LiDAR (for a smaller area), and time,
from Landsat-VCT algorithm (for a much larger area). These two sensors would be used as
follows. First, Landsat-VCT would be run in order to determine the places that have “persistent
forests” and then LiDAR would be used to determine the age of those stands that are older than
24 years old. Thus, by using LiDAR and Landsat-VCT together it would be possible to increase
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the extent of the area (LiDAR limitation) as well as the age range (VCT limitation) for which
remote sensing data can be used to obtain estimates of loblolly pine stand age.
There are three things that need to be considered for the implementation of this integrated
approach. The most important one is data availability. That is because, as already mentioned,
LiDAR data are only available for some regions, but also because new data acquisition is
expensive and requires planning. Another one is the fact that, although Landsat images are
acquired continuously and therefore there should not be any shortage of data, sometimes the
images available do not have the required temporal and radiometric characteristics. Finally, there
is the characteristic of the disturbance. As mentioned before, the Landsat-VCT algorithm
approach works best when the impact of the disturbance is relatively large.
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Figure 4.1: Location of Appommattox-Buckingham State Forest study area (Virginia, U.S.A.) and sample plots (color-coded by loblolly pine stand age).
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Table 4.1: Landsat images (all processed to L1T) used to run Vegetation Change Tracker algorithm.
Date of Acquisition
Day of the Year (DOY)
Cloud Cover (%)
Quality
Sensor
June 15th, 1984
167
0
9
TM
July 1st,1984
183
30
9
TM
rd
September 3 ,1984
247
0
9
TM
September 6th, 1985
249
0
9
TM
June 5th, 1986**
156
40
7
TM
st
June 21 , 1986**
172
0
7
TM
August 24th, 1986
236
0
9
TM
September 9th, 1986
252
20
9
TM
th
June 8 , 1987
159
0
9
TM
August 13th, 1988**
226
0
7
TM
August 16th, 1989
228
40
9
TM
September 1th, 1989**
244
50
7
TM
rd
August 3 , 1990
215
0
9
TM
July 21st, 1991**
202
0
7
TM
September 7th, 1991**
250
10
7
TM
th
August 24 , 1992**
237
30
7
TM
September 9th, 1992
253
0
9
TM
June 24th, 1993
175
0
9
TM
th
September 15 , 1994
258
0
9
TM
September 2nd, 1995
245
0
9
TM
May 31st, 1996*
152
0
9
TM
June 19th, 1997
170
10
9
TM
nd
August 22 ,1997**
234
20
7
TM
1998†
August 28th, 1999**
240
0
7
TM
June11th, 2000
163
0
9
TM
August 14th, 2000
227
10
9
TM
August 22nd, 2000
235
10
9
ETM+
nd
June 22 , 2001
173
30
9
ETM+
June 30th, 2001
181
40
9
TM
July 16th, 2001
197
0
9
TM
August 25th, 2001
237
41
9
ETM+
nd
September 2 , 2001
245
20
9
TM
August 4th, 2002
216
0
9
TM
July 6th, 2003
187
9
9
TM
rd
August 23 , 2003
235
34
9
TM
August 9th, 2004
222
1
9
TM
August 12th, 2005
224
0
9
TM
th
July 30 , 2006
211
0
9
TM
August 18th, 2007
230
0
9
TM
June 9th, 2008
161
1
9
ETM+
June 17th, 2008
169
13
9
TM
th
June 25 , 2008
177
44
9
ETM+
July 3rd, 2008
185
6
9
TM
July 11th, 2008
193
22
9
ETM+
th
July 19 , 2008
201
29
9
TM
July 27th, 2008
209
29
9
ETM+
August 4th, 2008
217
4
9
TM
th
August 12 , 2008
225
1
9
ETM+
August 20th, 2008
233
21
9
TM
September 5th, 2008
249
28
9
TM
September 13th, 2008
257
11
9
ETM+
th
July 6 , 2009
187
7
9
TM
July 14th, 2009
195
0
9
ETM+
August 15th, 2009
227
29
9
ETM+
rd
August 23 , 2009
235
23
9
TM
June 7th, 2010
158
24
9
TM
July 1st, 2010
182
8
9
ETM+
th
July 9 , 2010
190
28
9
TM
July 25th, 2010
206
5
9
TM
August 10th, 2010
222
4
9
TM
August 26th, 2010
238
19
9
TM
th
September 14 , 2011
257
0
9
TM
Notes: * Image acquired over the broader timeframe; ** Image that had a slightly lower quality; and †No image was used for the year 1998
because the only good one available was acquired in late September which was considered too late in the season to be used to run VCT.
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Figure 4.2: Layers used to obtain age from Vegetation Change Tracker algorithm: (1) disturbance year (a, b and c), (2) disturbance magnitude (d and e) and (3)
Compositing Index file (f).
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Figure 4.3: Ages of loblolly pine stands obtained based on: (a) field data and (b) Vegetation Change Tracker algorithm outputs.
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Table 4.2: Linear regression models for loblolly pine stand ages using GeoSAR and LiDAR-derived variables. In the table, R2 is coefficient of determination and
n is sample size.
Intercept and Independent Variable(s)
R2
R2 adj.
n
=0.178
85.2%
84.1%
46**
- 0.027 x Sum Xmag
+ 0.412 x P25 of X/P mag
- 0.005 x P90 of (X-gr) hgt
LiDAR
Log(age) in 2008
= 0.484 + 0.048* P99.5 of HAG
90.4%
90.2%
45†
Note 1: **Sample plots used to obtain GeoSAR results: 1, 2, 11, 13, 14, 19, 20, 25, 30, 35, 40, 52, 59, 61, 70, 75, 81, 84, 85, 95, 102, 112, 123, 128, 144, 146,
149, 172, 185, 189, 192, 210, 214, 219, 225, 228, 231, 300, 301, 302, 303, 304, 305, 306, 307, 308. The coordinates for the sample plots are presented in
Appendix B of this study.
Source
GeoSAR

Dependent Variable
Age-1 in 2008

Note 2: †Sample plots used to obtain LiDAR results: 1, 11, 13, 14, 19, 20, 25, 30, 35, 40, 52, 59, 61, 70, 75, 81, 84, 85, 95, 102, 112, 123, 128, 144, 146, 149,
172, 185, 189, 192, 210, 214, 219, 225, 228, 231, 300, 301, 302, 303, 304, 305, 306, 307, 308. The coordinates for the sample plots are presented in Appendix B
of this study.
2

Note 3: Xmag is the “magnitude of X-band” in watts / m ; X/P mag is the “quotient of the magnitude of the X-band and P-band” and is unitless; and (X – gr)
hgt is the “difference between the height of the X-band and ground” in meters.
Note 4: HAG is “height above ground” in meters.
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Table 4.3: Distribution of errors for Vegetation Change Tracker-derived age. Error was calculated as the difference between Reference Age and VCT Age per
sample plot.
Error (years)
-7
-6
-5
-4
-3
-2
-1
0
1
2
Total
1
0
2
1
1
4
18
7
0
1
35
Count
2.9
0.0
5.7
2.9
2.9
11.4
51.4
20.0
0.0
2.9
100.0
Percentage
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Table 4.4: Coefficients of determination (R2) and root mean square errors (RMSEs) for all datasets and
models. Establishment year was between 1986 and 2003, for the 35 sample plot subset, and between 1937
and 2003, for the full sample of 45 or 46 sample plots.
Data Source
Dependent Variable
n
R2 (%)
RMSE (years) ††
Landsat
Age in 2008
46*
N/A
12.5
45†
N/A
12.6
35**
N/A
2.2
GeoSAR
Age-1 in 2008
46*
63.8
8.4
45†
63.2
8.5
35**
40.9
2.6
LiDAR
Log(age) in 2008
46*
89.7
4.4
45†
89.7
4.4
35**
65.6
2.6
Note 1: *Sample plots used to obtain results with 46 sample plots: 1, 2, 11, 13, 14, 19, 20, 25, 30, 35, 40, 52, 59, 61,
70, 75, 81, 84, 85, 95, 102, 112, 123, 128, 144, 146, 149, 172, 185, 189, 192, 210, 214, 219, 225, 228, 231, 300, 301,
302, 303, 304, 305, 306, 307, 308. The coordinates for the sample plots are presented in Appendix B of this study.
Note 2: †Sample plots used to obtain results with 45 sample plots: 1, 11, 13, 14, 19, 20, 25, 30, 35, 40, 52, 59, 61,
70, 75, 81, 84, 85, 95, 102, 112, 123, 128, 144, 146, 149, 172, 185, 189, 192, 210, 214, 219, 225, 228, 231, 300, 301,
302, 303, 304, 305, 306, 307, 308. The coordinates for the sample plots are presented in Appendix B of this study.
Note 3: **Sample plots used to obtain results with 35 sample plots: 1, 2, 11, 13, 14, 19, 20, 25, 30, 35, 40, 52, 59,
61, 70, 75, 81, 84, 85, 95, 102, 112, 123, 128, 149, 210, 300, 301, 302, 303, 304, 305, 306, 307, 308. The
coordinates for the sample plots are presented in Appendix B of this study.
Note 4: ††Formulas used to calculate RMSE:



n

a) RMSEVCT 

i 1

( Age Field , i  AgeVCT ,i ) 2
n



n

b) RMSE GeoSAR _ or _ LiDAR 

i 1

, where n is the “number of sample plots”; and

( Age Field , i  Age Model,i ) 2
nP

, where Model is “age estimates obtained using

GeoSAR or LiDAR regression models” in age scale, n is the “number of sample plots” and P is the “number of
parameters estimated” (“4” for the GeoSAR model and “2” for the LiDAR model).
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8.4
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1986-2003 (n=35)
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1937-2003 (n=46)
4.4
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2.2

2.6
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Landsat-VCT algorithm
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Figure 4.4: Root mean square errors (RMSEs) obtained for Landsat-Vegetation Change Tracker algorithm, GeoSAR and LiDAR.
Establishment years were between 1986 and 2003, for the 35 sample plot subset, and between 1937 and 2003, for the full sample of 46
sample.
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5. CONCLUSIONS
Having records of when stands are planted is still the most practical way of
knowing how old they are. However, sometimes this information simply does not exist or
is outdated and therefore cannot be retrieved. As such, this dissertation explored the use
of two active remote sensors and one passive remote sensor (Landsat using the
Vegetation Change Tracker, VCT algorithm) to determine which produced the most
accurate age estimates for even-aged loblolly pine stands located in AppomattoxBuckingham State Forest, Virginia, U.S.A. Specifically, multiple linear regression
models were developed to estimate stand age using either metrics derived from smallfootprint discrete return LiDAR (Light Detection and Ranging) or DBInSAR (dual-band
interferometric synthetic aperture radar) acquired using GeoSAR. Next, estimates of
loblolly pine stand age were obtained using the VCT algorithm run with Landsat images.
Their values and those obtained using the two regression models were compared to
reference data.
The main conclusions of this dissertation are as follows:
1. If site index is known, LiDAR and GeoSAR can both be used to estimate loblolly
pine stand ages for areas similar to the study area. The regression models that
were produced were able to explain over four-fifths of the total variability of
log(age) and age-1 of loblolly pine stands (coefficient of variation, R2 and adjusted
coefficient of variation R2adj of 90.4% and 90.2%, for LiDAR, and 85.2% and
84.1%, for GeoSAR).
2. When using LiDAR, canopy height alone was sufficient to estimate age. While
the GeoSAR model also used a height variable, two GeoSAR-derived magnitude
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bands were also required. The significance of these measurements for estimating
forest stand age is intriguing. From this, two things are observed. The first is that
canopy height—which is a variable that has been previously linked to age—is an
important variable with which to estimate loblolly pine stand ages regardless of
which one of these sensors is used. In addition, LiDAR is better at estimating
canopy height than GeoSAR. This observation is in agreement with the literature.
When comparing four methods of estimating canopy height, including smallfootprint LiDAR and GeoSAR (Sexton et al. 2009, p. 1136), researchers found
smaller biases between field and LiDAR measurements than between field and
GeoSAR measurements within 30-m radius plots (Sexton et al. 2009, p. 1143).
3. Over 71% of the time the age estimated using VCT was either equal to or one
year older than the age obtained from the stand maps. It is likely that these errors
have been caused by the fact that stands are commonly not replanted right after
they are cleared (as it was assumed in this study), but during the spring of the year
following their clearance.
4. Age estimation of young stands was much more accurate than estimation using
both young and old stands. For loblolly pine stands varying in age from 5 to 22
years old, the best model using LiDAR or GeoSAR data was able to estimate
stand ages with an RMSE of 2.6 years; the Landsat-VCT algorithm had an RMSE
of 2.2 years. For loblolly pine stands varying in age from 5 to 71 years old, the
smallest errors (root mean square error, RMSE= 4.4 years) were obtained using
the LiDAR-derived regression model. Thus, even though the Landsat-VCT
algorithm was more accurate than models using data from the other two remote
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sensors, the limited span of the Thematic Mapper, TM/Enhanced Thematic
Mapper Plus, ETM+ archive means that it cannot be considered a current option
for the estimation of older loblolly pine stands. LiDAR, however, can be applied
as long as this type of data is available or can be collected.
Thus, in summary, based on these conclusions it can be said that all three remote
sensors tested in this study can be used to estimate loblolly pine stand age. In comparison
to field work, the three remote sensing options presented here have the advantage of
saving time, having lower cost, requiring less field work, and providing more consistent
measurement over both space and time.
Finally, with respect to possible future studies, a few logical next steps would be
as follows: (1) learn more regarding what the magnitude band of the GeoSAR sensor is
measuring from a biophysical standpoint, (2) use LiDAR and GeoSAR multiple linear
regression models and the Landsat-VCT algorithm to estimate stand ages of other
species, (3) test other sensors for their potential utility in estimating loblolly pine stand
ages, and (4) use other study areas to investigate how different stand characteristics affect
the accuracy of loblolly pine stand age estimates.

5.1. Literature cited
Sexton, J.O., T. Bax, P. Siqueira, J.J. Swenson, and S. Hensley. 2009. “A comparison of
LiDAR, radar, and field measurements of canopy height in pine and hardwood
forests of southeastern North America.” Forest Ecology and Management 257
(February): 1136–1147.
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APPENDIX A: NAFD Procedure 2: Running the Vegetation Change Tracker (VCT)
The Vegetation Change Tracker (VCT) is an automated forest change analysis algorithm.
The VCT runs on temporally dense (annual or biennial) Landsat Time Series Stack
(LTSS) of images and produces forest disturbance map products. Huang et al. (in
preparation) describe the VCT algorithm in detail. This document is a guide for running
the VCT and understanding the various data layers output by the algorithm. The VCT is
written in C code and is run from a DOS command line.
1. Directory structure
The VCT requires that data be stored in a certain directory structure as follows:
1.1. \ancData (required ancillary data layers, as described below)
1.2. \vctTools (this directory stores the VCT and related executable files)
1.3. \SR (ENVI surface reflectance products, currently not used to run VCT)
1.3.1. path/row
1.4. \TOA (ENVI top of atmosphere products, currently used in VCT analysis)
1.4.1. path/row
1.4.2. notes
2. Prepare ancillary data layers
The VCT algorithm requires a digital elevation layer and an existing land cover map that
at minimum characterizes forest and non-forest classes. The land cover layer is used as a
starting point for detecting “core forest” pixels. For the U.S. stacks, we are using NLCD
92 (NLCD 2002 is also acceptable) and SRTM data.
Ancillary data requirements:
 UTM projection, WGS 84, with correct zone number
 ENVI format
 Pixel size can be either 28.5, 30, or 90 meters
SRTM: can download SRTM directly from GLCF. The data is in TIFF format, so can be
exported by opening TIFF in ENVI and export to ENVI standard.
NLCD: At UMD, we have this data stored in ENVI format but with Albers projection.
These maps should be reprojected to UTM in ENVI, using the nearest neighbor/rigorous
transformation parameters.
Create folder \ancData (this is required for VCT run and should be placed under the root
directory). Copy the ancillary data layers to this directory, with the following naming
conventions:
NLCD data should be named: “lc_path/row” (i.e. lc_p24r35)
DEM data should be named: “dem_path/row” (i.e. dem_p24r35)
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3. Download processed data from LEDAPS
LEDAPS has several different processing modules, so the analyst must make sure to
request the proper modules from the team at LEDAPS. For the NAFD project, we are
requesting that imagery be orthorectified, converted to both TOA and SR (surface
reflectance), including the thermal band in processing, and compressing data to hdf files.
This is the request to LEDAPS: Ortho+SR+thermal+ HREPACK
There will be 2 versions of each image from LEDAPS processing. One is called REF,
which corresponds to the TOA image. The other version will be SR (surface reflectance).
These files need to be kept separate. Put the TOA (REF) files in one folder and the SR
files in a separate folder. At this point, more than one stack can be in each folder if you
are working with several stacks.
4. Running the VCT
The following programs are needed to prepare the data for running VCT and are stored in
the \vctTools directory:
renFiles.exe -- rename the files from LEDAPS
createJob.exe -- create job scripts and necessary I/O control files
hdf2enviMask.exe -- read HDF images, create a common data area and
clip all images using the mask, including the land
cover and DEM files
VCT executables include the following:
ledaps2udist.exe -- calculate the forest indices
ledapsUdistAnalysis.exe -- create change products
All necessary executables should be kept in a directory named “\vctTools”
All executables batch jobs need to be run from a DOS window.
4.1. Rename files
Renaming the hdf files is necessary in order to be able to sort images by path/row and
date. This is necessary for VCT run.
4.1.1. Within each folder, type "dir *.hdf > hdfFiles.txt" to get a
list of the hdf files;
4.1.2. Type the following to create a batch script for renaming the files:
\vctTools\renFiles.exe hdfFiles.txt renFiles.bat
4.1.3. Run the batch file "renFiles.bat" to rename the files
4.1.4. Create a folder for each path/row. Move the renamed files into the
appropriate path/row folders. Don’t mix TOA images with SR images (at
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this point, the output name is exactly the same, so we can only distinguish
between these by the folder name).
4.1.5. Create a “notes” folder under the TOA (or SR) folder.
4.2. Create the batch processing files
4.2.1. Go to the target path/row folder
4.2.2. Type "dir *.hdf > hdfFiles.txt" to create a list of hdf files
4.2.3. Type the following to create a batch script for processing (where s is the
drive you are working in):
\vctTools\createJob.exe s:\toa p25r34 hdfFiles.txt s:\ancData
The “createJob.exe” program will create the following files:
 Batch job file: "s:\toa\processCubep25r34.bat"
 I/O control file for hdf2enviMask.exe: "s:\toa\p25r34\ledapsFiles.txt"
 I/O control file for ledapsUdistAnalysis.exe:
"s:\toa\p25r34\udistFiles.txt"
4.3. Run the VCT batch files
4.3.1. Go up one directory from your path/row folder
4.3.2. Type “processCubepath/row.bat” in your DOS window to run the VCT
The “processCubepath/row.bat” file performs the following steps:
 Create a common data area mask and clips each image in the stack
 Select three blocks (three image blocks are used in the movie loop
quality control procedure)
 Subset the images using the blocks
 Create masks and indices
 Create disturbance products
Notice the command lines in the *bat file can be run separately. For example,
if step a is successful but for some reason step b fails, step b can be rerun
without rerunning step a. To do this, simply copy the command line for step b and
paste it into the DOS window. If there is no need for making movie loops using
the blocks, steps b and c can be removed or commented before running the
batch job.
In addition, you can drop a bad image date from the VCT and rerun by removing the bad
date from the *udistFile*.txt file and rerun the *udistAnalysis* (the last line in the batch
job). Of course, you should make a copy of the original results if you want to compare
the outputs before you rerun the data.
4.4. Regional analysis: refining VCT parameters
The VCT has been designed to work effectively in most forest types throughout the U.S.
However, the standard VCT parameters have been less reliable in low-density forested
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regions in the Southwest. In order to improve the results for low-density forested regions,
we have determined an improved set of VCT parameters for these regions. The VCT has
four main parameters (in addition to the udistFileList). These parameters along with their
default values are:
 maximum udistance value for sparse forest (3.5)
 maximum number of disturbances allowed (2)
 minimum number of consecutive low udistance values for forest (2)
 minimum number of consecutive high udistance values for disturbance (2)
If using the default values listed above (for example in the Eastern U.S.) no changes need
to be made to the current VCT algorithm. However, if you are working in a low-density
forest region in the southeast, we recommend changing the parameters to as follows:
 maximum udistance value for sparse forest (6.5)
 maximum number of disturbances allowed (2)
 minimum number of consecutive low udistance values for forest (3)
 minimum number of consecutive high udistance values for disturbance (3)
These are the parameters used in the Southwestern stacks for the NAFD project.
To change these parameters, run the first steps up until 4.3 in the VCT process as detailed
above. When you have produced the “processCubepath/row.bat” file, you can right click
on this file in the windows environment and select “edit”. Scroll down to the last line of
the text file (step # 5). The last 2 values are the default parameters (3.5 2). Change these
values to the desired parameters, save the file, and then run in the DOS prompt.
5. Understanding the output data sets and change products derived from the VCT
The Vegetation Change Tracker (VCT) algorithm produces numerous intermediate and
output files, in addition to the primary disturbance map product. There are three main
types of output products: block layers designed for creating “movie loops” for visual
quality assessment; intermediate VCT processing layers which operate on individual year
data and include the year in the file name; and “overall” files which analysis the entire
time series. All files are in ENVI format. The following briefly describes the output
products, starting with the disturbance map product.
5.1. Year of disturbance (w2*disturbYear_flt): Map showing the year when a disturbance
occurred. The values are defined as follows (labels can also be found in the ENVI header
file):
Classification system:
0 – background area
1 – Persistent Nonforest
2 – Persistent Forest
4 – Persistent Water
> 10 –(1970 + DN value) Year of forest disturbance: the DN value plus 1970
equals the year of disturbance: thus disturbance class 33 was disturbed in 2003.

101

The first year in each time series (usually class 14 or 15) can best be described as
“pre-series disturbance”, as these are pixels that are not forested in the beginning
of the time series, but are forested by the end of the series. The date of disturbance
is not known, because these are events that occurred prior to the start of the time
series. This class should be dealt with in any analysis differently than the
subsequent disturbance years.
The year of disturbance file has 3 separate layers (bands). The classification
system for the first 2 layers corresponds to that detailed above. The file has two 8bit unsigned integer layers, with the first and second showing the year of
disturbance of the first and last disturbances that occurred during the observing
period. If only one disturbance occurred during the observing period, the two
layers will have the same value. The persistent land cover classes will have the
same values in each of these layers.
Layer 1: year of first disturbance
Layer 2: year of last disturbance
Layer 3: identifies which pixels have had multiple disturbances over the time
series.
5.2. Individual year products
Data sets for individual observations are produced for each individual year in the LTSS.
This intermediate step is then used to determine statistics for each pixel in order define
the change/disturbance class. File names and formats: (all consist of “w2p_ayyyydoy” in
the file name, with xx being the path/row number, yyyy being year and doy being day of
year).
5.2.1

Individual year disturbance map (with “distbMap” in file name): Map
showing the changes occurred in a particular year. Each file contains one 8-bit
unsigned integer layer. The values are defined as follows:

0 – background area
1 – persisting nonforest
2 – persisting forest
4 – persisting water
5 – previously disturbed but looked like forest by this year
6 – disturbed in this year
7 – post-disturbance nonforest
Note for certain areas it is possible to have more than 2 disturbances during
the observing period. The disturbances occurred between the first and last
disturbances will not be reported in the year of disturbance maps but will be
reported in the disturbance maps for individual acquisitions.
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5.2.2

Individual year disturbance magnitude (with “distbMagn” in file name):
Change magnitude of the changes reported in the disturbance map. It has four
8-bit unsigned integer layers for the magnitude calculated using udist (1st
layer), NDVI (2nd), NBR (3rd), and udist_B4 (udist calculated using band 4
only, 4th layer).
The values are scaled as follows from the original values before being
truncated to integer:
Udist: DN = udist x 10
NDVI: DN = DNVI x 100 + 100
NBR: DN = NBR x 100 + 100
Udist_B4: DN = udist x 10 + 100

5.2.3

Data masks
The VCT outputs three individual year mask files, named
“w2*_mask_NoConfClass”, “w2*_mask_projShadow”, and “w2*_mask”.
The first two files are intermediate steps to determine cloud and shadow areas.
The primary w2*_mask file is an 8-bit unsigned integer file which is created
for each image acquisition used to produce the change products. The values in
this mask are defined as follows:
0 – background
1 – water
2 - shadow
3 - shadow edge
4 - cloud edge
5 – cloud
7 – snow
8 - clear land
9 - core forest
10 - core non-forest.
20 – confident clear (many pixels initially classified as 8 – 10 were relabeled
with this value later according to their brightness, temperature, and NDVI
values)

5.3 Overall time series products
The intermediate steps described above are used in creating the overall stack files. The
“w2*_distYear_flt” file is the primary VCT output was described earlier in this section.
The other stack level files are as follows:
5.3.1

R square, cumulative index, and slope of regrowth trajectory
(“regrowthYear_R2”, “regrowthYearCumIdx”, and “regrowthYear_Slp”): For
each disturbed pixel, a linear fit is calculated for the first and last disturbances
shown in the year of disturbance map using the observations following each
disturbance until the pixel looks like a forest pixel again, or until the end of
103

the observation period if the pixel does not return back to forest, where Y is
the udist and X is year. Each file has two 16-bit signed integer layers,
containing the values for the first and last disturbances, respectively. The R
square and slope values are multiplied by 100 and -100 respectively, before
being truncated to integer. The cumulative index shows the cumulative values
for each of the indices (udist, NDVI, etc) for each disturbed pixel over the
time since disturbance.
Recent years of disturbance don’t have enough years to generate slope: slope
values should be recoded to zero for recent change years.
5.3.2

Indices: “udist_stacks”
For each image acquisition, the algorithm produces 8 indices (individual year
products). For each index, stacking all acquisition dates used to produce the
change products creates a single ENVI image file. The image format for these
indices files is band interleaved by line (BIL). Notice for a pixel flagged as
cloud or shadow in the mask file of a particular image acquisition, its index
values are linearly interpolated using the closest before and after, non-cloudy,
non-shadow acquisitions.
Band x forest index (with “udistStack_Bx” in file name, where “x” is band
number ranging from 3 to 7, and 6 is band 7 and 7 is the thermal band): For x
= 3 to 6, this is the forest index calculated using individual band only
(essentially a band x z score). For x = 7 (refers to the thermal band here), this
is the difference between the thermal band brightness temperature for the
concerned pixel and the average temperature of surrounding forest pixels.
There is one 16-bit signed integer file for each band. In each file, the number
of layers equals to the number of acquisitions used to produce the change
products for a particular LTSS, and the layers are assembled in ascending
order according to the acquisition year.
The values are scaled as follows from the original values before being
truncated to integer:
B3-B6: DN = udist x 10
B7: DN = temperature difference x 100
Overall forest index (with “udistStack” in file name): Root mean sum square
of the bands 3, 5, and 7 forest indices. Band 4 is not included because many
forest changes don’t necessarily result in a significant change in this band. 16bit signed integer. The number of layers equals to the number of acquisitions
used to produce the change products for a particular LTSS, and the layers are
assembled in ascending order according to the acquisition year.
The values are scaled as follows from the original values before being
truncated to integer:
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DN = udist x 10
NDVI and NBR (with “udistStack_ndvi” and “udistStack_dnbr” in file
names): NDVI stack and a stack of the normalized burn ratio index (NBR,
which is the same as NDVI except band 3 is replaced by band 7). In each file,
the number of layers equals to the number of acquisitions used to produce the
change products for a particular LTSS, and the layers are assembled in
ascending order according to the acquisition year.
The values are scaled as follows from the original values before being
truncated to integer:
DN = index x 100 + 100
5.3.3

Change magnitude (with “disturbMagnitude” in the file name): Magnitude of
the first and last disturbances shown in the year of disturbance maps. It has six
8-bit unsigned integer layers. The change magnitude value is the difference
between the average forest index value for the individual pixel minus the
index value of the year of disturbance. Change magnitude is calculated using
the forest index (udist, 1st and 2nd layers for first and last disturbances), NDVI
(3rd and 4th layers), and NBR (normalized burn ratio, 5th and 6th layers). NBR
is the same as NDVI with band 3 replaced by band 7. The values are scaled as
follows from the original values:
Udist: DN = udist x 10
NDVI: DN = DNVI x 100 + 100
NBR: DN = NBR x 100 + 100
For NDVI and NBR indices, a value of 100 would equal no change, and lower
values correspond to greater change. For the Udist index value, the opposite is
true: no change values correspond to zero, and larger values correspond to
larger change magnitude.

5.4 Movie loop products
Several files are created for the movie loop visual stack quality assessment performed
at the University of Maryland. These are the “block” files, which are clipped out of the
full ENVI images.
5.4.1.1 w2*_br (resampled “browse” image)
5.4.1.2 w2*_evBlk0
5.4.1.3 w2*_evBlk1
5.4.1.4 w2*ev_Blk2
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APPENDIX B: Sample IDs, X- and Y-coordinates of the sample plots used in this study
and year of establishment of the loblolly pine stands according to the reference data.

1
2
11

X-coordinate in
WGS84 UTM17
707011.0
704511.0
706278.6

Y-coordinate in
WGS84 UTM17
4143772.8
4143072.8
4145124.7

Year of
Establishment
1999
2000
1997

4
5
6
7
8
9

13
14
19
20
25
30

706328.6
705128.6
705378.6
705128.6
706928.6
707228.6

4144524.7
4144274.7
4143024.7
4142974.7
4142574.7
4142374.7

1997
1997
1997
1997
1997
1997

10
11
12
13
14
15

35
40
52
59
61
70

705941.5
707041.5
705641.5
705791.5
706591.5
706041.5

4145587.1
4144187.1
4143487.1
4142937.1
4142937.1
4142437.1

1994
1993
1995
1996
1993
1994

16
17
18
19
20
21

75
81
84
85
95
102

704327.9
704977.9
704077.9
704227.9
706077.9
704977.9

4145610.1
4145510.1
4145410.1
4145260.1
4144760.1
4142610.1

1991
1992
1991
1991
1992
1992

22
23
24
25
26
27

112
123
128
144
146
149

703974.4
706724.4
704224.4
704877.2
707327.2
705677.2

4144950.4
4144850.4
4144750.4
4145631.4
4145381.4
4144981.4

1988
1990
1990
1983
1983
1987

28
29
30
31
32
33

172
185
189
192
210
214

707127.2
706980.1
707130.1
707430.1
704187.9
705287.9

4142831.4
4145456.0
4144806.0
4143756.0
4143622.3
4143622.3

1983
1974
1982
1979
2003
1963

34
35
36
37
38
39

219
225
228
231
300
301

706587.9
706687.9
705914.5
705714.5
706864.5
706672.3

4143572.3
4143422.3
4143050.3
4142950.3
4143654.9
4142764.6

1966
1966
1937
1947
1999
1997

Sample

Sample ID

1
2
3
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302
303
304

X-coordinate in
WGS84 UTM17
707400.9
706068.3
705244.5

Y-coordinate in
WGS84 UTM17
4144697.3
4143100.0
4144723.1

Year of
Establishment
1995
1986
1990

305
306
307
308

705568.3
704414.5
707350.9
704364.5

4142850.0
4143104.9
4143097.3
4142304.9

1986
2000
1995
2001

Sample

Sample ID

40
41
42
43
44
45
46
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APPENDIX C: Data used in the LiDAR paper (chapter 2)
Sample

Sample ID

Log 10 of Age in years

1
2
3

1
11
13

0.954
1.041
1.041

99.5th percentile of height above ground
(m)
9.042
10.125
10.557

4
5
6
7
8
9

14
19
20
25
30
35

1.041
1.041
1.041
1.041
1.041
1.146

11.955
13.462
12.335
10.566
10.058
13.203

10
11
12
13
14
15

40
52
59
61
70
75

1.176
1.114
1.079
1.176
1.146
1.230

12.971
15.208
14.488
13.717
15.521
17.029

16
17
18
19
20
21

81
84
85
95
102
112

1.204
1.230
1.230
1.204
1.204
1.301

15.542
16.707
15.404
15.167
17.664
17.269

22
23
24
25
26
27

123
128
144
146
149
172

1.255
1.255
1.398
1.398
1.322
1.398

16.593
17.049
20.949
19.102
17.956
20.034

28
29
30
31
32
33

185
189
192
210
214
219

1.531
1.415
1.462
0.699
1.653
1.623

20.610
19.526
22.705
5.703
22.463
22.320

34
35
36
37
38
39

225
228
231
300
301
302

1.623
1.851
1.785
0.954
1.041
1.114

20.795
26.469
27.148
9.124
10.731
13.654
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Sample

Sample ID

Log 10 of Age in years

40
41
42

303
304
305

1.342
1.255
1.342

99.5th percentile of height above ground
(m)
16.340
18.057
14.464

43
44
45

306
307
308

0.903
1.114
0.845

12.393
14.565
6.357
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APPENDIX D: Data used in the GeoSAR paper (chapter 3)
Sample

Sample ID

Age

Sum
of Xmagnitude

-1

(

watts / m 2 )

25th percentile of
X/P magnitude
(unitless)

90th percentile
of Xheight – ground
(m)

1
2
3
4
5
6

1
2
11
13
14
19

0.111
0.125
0.091
0.091
0.091
0.091

3.829
3.015
3.385
3.901
3.473
3.710

0.150
0.102
0.119
0.150
0.122
0.123

6.220
7.781
7.520
7.660
8.871
8.091

7
8
9
10
11
12

20
25
30
35
40
52

0.091
0.091
0.091
0.071
0.067
0.077

3.166
4.895
5.672
3.400
3.886
4.067

0.108
0.245
0.217
0.112
0.123
0.079

7.445
6.880
6.191
9.292
9.519
10.228

13
14
15
16
17
18

59
61
70
75
81
84

0.083
0.067
0.071
0.059
0.063
0.059

4.128
7.364
3.608
4.401
4.000
3.603

0.109
0.324
0.108
0.133
0.081
0.094

8.282
11.933
9.915
9.754
9.733
9.974

19
20
21
22
23
24

85
95
102
112
123
128

0.059
0.063
0.063
0.050
0.056
0.056

4.197
3.188
2.932
3.754
3.614
3.391

0.122
0.116
0.099
0.077
0.069
0.070

8.785
12.443
10.682
7.841
12.366
8.985

25
26
27
28
29
30

144
146
149
172
185
189

0.040
0.040
0.048
0.040
0.029
0.038

6.327
5.163
3.061
5.068
5.246
5.327

0.139
0.185
0.066
0.101
0.140
0.112

5.369
10.103
12.591
8.004
13.275
8.630

31
32
33
34
35
36

192
210
214
219
225
228

0.034
0.200
0.022
0.024
0.024
0.014

4.613
5.044
5.484
5.967
7.778
5.905

0.101
0.348
0.200
0.192
0.261
0.133

13.917
0.356
14.369
13.279
10.025
7.995

37
38
39

231
300
301

0.016
0.111
0.091

6.500
4.565
4.432

0.153
0.227
0.131

8.451
6.925
7.339
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Sample

Sample ID

Age

Sum
of Xmagnitude

-1

(

watts / m 2 )

25th percentile of
X/P magnitude
(unitless)

90th percentile
of Xheight – ground
(m)

40
41
42
43
44
45

302
303
304
305
306
307

0.077
0.045
0.056
0.045
0.125
0.077

3.930
4.961
4.045
3.037
3.674
3.725

0.137
0.124
0.103
0.042
0.131
0.074

11.103
6.260
12.209
9.005
6.933
10.290

46

308

0.143

5.328

0.303

1.073
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APPENDIX E: Data used in the Vegetation Change Tracker (VCT) paper (chapter 4)

1
2*
11

Reference age
(years)
9
8
11

VCT age
(years)
9
15
11

LiDAR age
(years)
8.213
12.336
9.250

GeoSAR age
(years)
9.621
10.245
10.397

4
5
6
7
8
9

13
14
19
20
25
30

11
11
11
11
11
11

11
12
16
12
12
12

9.699
11.307
13.339
11.788
9.709
9.182

10.621
11.430
11.630
10.220
9.006
12.081

10
11
12
13
14
15

35
40
52
59
61
70

14
15
13
12
15
14

12
16
13
15
16
15

12.966
12.641
16.156
14.930
13.719
16.721

12.034
13.603
21.333
14.714
19.674
13.801

16
17
18
19
20
21

75
81
84
85
95
102

17
16
17
17
16
16

18
17
18
18
21
16

19.730
16.760
19.045
16.508
16.084
21.155

15.986
19.209
15.009
14.535
13.612
12.053

22
23
24
25
26
27

112
123
128
144**
146**
149

20
18
18
25
25
21

22
20
19
23
24
22

20.256
18.809
19.773
30.333
24.770
21.844

14.901
23.194
14.784
26.696
16.134
17.981

28
29
30
31
32
33

172**
185**
189**
192**
210
214**

25
34
26
29
5
45

24
9
0
24
6
24

27.436
29.227
25.947
36.777
5.694
35.816

24.342
41.562
28.258
46.983
5.403
27.273

34
35
36
37
38
39

219**
225**
228**
231**
300
301

42
42
71
61
9
11

24
24
14
24
9
12

35.259
29.826
55.586
59.884
8.288
9.886

38.209
41.624
31.145
45.746
8.913
13.475

Sample

Sample ID

1
2
3
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Sample

Sample ID

40
41
42

302
303
304

Reference age
(years)
13
22
18

VCT age
(years)
15
24
19

LiDAR age
(years)
13.624
18.295
22.085

43
305
22
23
44
306
8
12
45
307
13
14
46
308
7
7
Note 1: *Plot 2 was not included in the sample with 45 samples but
samples.
Note 2: **These plots were not included in the 35 samples.
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GeoSAR age
(years)
14.377
15.927
21.523

14.891
11.863
15.056
6.118
was included in the

15.238
10.373
18.658
6.461
one with 35

