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ABSTRACT

This dissertation is composed of three studies that evaluated the use of Landsat time series
data for the detection of forest disturbance and estimation of the growing stock volume of
the forest stands in the state of Georgia, United States. We explored the use of Landsat
time series dataset to estimate the disturbance year of the forest and estimated the growing
stock volume of forest stands using both Landsat time series and the disturbance year data
created using the Landsat time series.

The first study is the preliminary research that is dedicated to creating a model that
detects the year of forest disturbance. Landsat time series data and an algorithm were used
to estimate the forest disturbance. We selected 7 counties along coastal Georgia as our study
area. The main objective of this work was to address the current age-class forest structure
in the study area where the pine plantation forest is intensively managed. As an outcome of
the study, a disturbance detection map was created. We performed an accuracy assessment
for the disturbance map and acquired 52% of overall accuracy, which is acceptable precision.

The second study enlarged preliminary research performed in the first study. The two

primary goals of this study are (i) to establish and examine a reliable framework for Georgia’s



state-wide monitoring of forest disturbances; (ii) to consider and discuss the use and effect
of information on forest disturbance maps. From the first study, we changed our area of
interest to the entire state and used all available Landsat time series datasets. The overall
accuracy of the data for the year of disturbance was more than 8%. This result is 35 percent
higher than the overall accuracy of the first study.

In the third study, We have established a model of random forest regression that estimates
the increasing volume of forest growing stock volume. The goal of this work was to to test
whether (i) using all available Landsat imagery and (ii) application of the bias correction
approach would improve the accuracy of the estimation of the forest stand growing stock
volume. We used the Forest Inventory and Analysis dataset that is maintained by the US
Forest Service as a field plot data. We used Random Forest as an estimation method. We
obtained 65% of relative RMSE in the best model.

These studies demonstrate the importance in the application of Landsat time series
dataset to spatially explicit forest inventory. The outcome created in these studies is ex-
pected to provide fundamental information of the forest resources in Georgia to allow better

decisions for regional scale forest management and conservation.
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Chapter 1

Introduction

Both the density and volume of forests are key quantitative metrics used to guide forest man-
agement practices. Timber volume is directly linked to economic value, and, in many cases,
related to environmental assessments. In addition, timber volume is a primary environmen-
tal monitoring metric for biogeochemical processes and biodiversity loss across the globe
(Nguyen et al., 2020). Data collection through ground measurement is the most accurate
approach in the process of estimating biomass within forests. Nevertheless, because of their
lack of spatial and temporal coverage, especially for broad regions or remote areas, ground
measurements are unsuitable for measuring biomass over large areas and across short time
frames (Soenen et al., 2010; Wulder et al., 2004). Airborne LiDAR Scanning (ALS) have also
been employed to map forest growing stock volumes. However, due to the relatively high
cost and intensive effort of operating ALS, the scope of application is often restricted in both
temporal and spatial metrics. Accordingly, satellite imagery has remained the most popular
data source for large-area surveys of forest volume. A national forest inventory (NFI) can be
created by combining satellite imagery and field plot data. The first NFI created from the
integration of satellite imagery and field plot data was done for Finland (Tomppo, 1990).
Since then, methods for creating an NFI have been expanded upon for nearly three decades.

Two trends have emerged in the recent literature concerning the estimation of the volume



for large areas: Firstly, increasingly more satellite imagery is used, stimulated by the free
availability of major satellite-based earth observation datasets, such as the Landsat and Sen-
tinel missions; Secondly, various land-cover and land cover change datasets developed in the
last ten years have become used as a part of the input data of the volume estimation model.
It is noteworthy that the latter trend is also stimulated by the former, as the free availability
of satellite imagery has opened the possibility for creating new land cover databases. The
series of the research described in greater detail below attempts to create a forest inventory
that incorporates the two aforementioned trends for the state of Georgia, United States.
This chapter, therefore, reviews the literature concerning the two recent trends of the vol-
ume estimation method. The literature review also addresses methods for estimating forest

growing stock volume across large areas. Finally, the format of this dissertation is described.

1.1 Literature review of Landsat missions

The series of Landsat 1-8 satellites has been one of the pinnacles of satellite remote sensing
programs, primarily because the missions have a long history of operation with high and
reliable radiometric, spatial, temporal and spectral resolutions relative to other programs.
The Landsat program has collected earth observation data for more than 40 years since the
launch of Landsat-1 in 1972, and over that time it has become increasingly complex and
elaborate (Roy et al., 2014; Schott et al., 2016; Wulder et al., 2019; Wulder et al., 2016;
Zhu, 2019). For each Landsat mission, the National Aeronautics and Space Administration
(NASA), the National Oceanic and Atmospheric Administration (NOAA), and the United
States Geological Survey (USGS) worked collaboratively (Goward et al., 2017). The sensors
mounted on Landsat missions increased gradually over time, while maintaining continuity
in the wavelength ranges. Landsat-1 Multispectral Scanner System captured four spectral
band reflectances that are located in the visible and near-infrared ranges of energy. In the

Landsat 4- and Landsat-5 Thematic Mapper, the number of bands increased to seven and



an 8-bit quantization method was adapted. The Landsat-8 Operational Land Imager further
added enhanced blue and cirrus channels to make databases more useful for aquatic sciences.

In the field of digital image processing of satellite image data, preprocessing refers to the
operations which are conducted prior to the principal analysis. Preprocessing is mainly com-
prised of (i) geometric preprocessing to align the location of a dataset with other datasets,
and (ii) radiometric preprocessing to remove the effect of unwanted atmospheric features,
such as found in a "hazy” atmosphere. Preprocessing of the remote sensing data necessi-
tates the expenditure of time and effort on the part of remote sensing analysts, as it requires
tailored work heavily dependent on the type of the project and the dataset (Campbell et al.,
2011). The work performed by the USGS has greatly reduced the exigencies of the prepro-
cessing tasks (U.S. Geological Survey, 2018). Geometric alignment is crucial in the process
of combining one imagery with other spatial datasets. Historically, geometric alignment has
been facilitated using the Global Land Survey ground control point chip sets (Gutman et al.,
2013). Currently, the Landsat chip set is configured to be aligned to the Sentinel-2 Global
Reference Image (Dechoz et al., 2015). The USGS completed the reprocessing of the satel-
lite image collection to ensure the compatibility between sensors in May 2017 (Dwyer et al.,
2018). Collection 1 data was stratified into Tier 1 and Tier 2 datasets based on the size of the
geometric error. Tier 1 data is the data with a geometric error of fewer than twelve meters
Root Mean Square Error (RMSE). Tier 2 data, conversely, has a geometric error greater
than twelve meters RMSE (U.S. Geological Survey, 2020). As a result of the concerted
effort for a standardized geometric alignment, current users of Landsat datasets are not re-
quired to manually perform geometric alignment as long as they accept the estimated size
of the errors. Radiometric preprocessing affects the brightness values of a remotely sensed
image to correct errors caused by the sensor malfunction, or in order to tune the values in
an effort to compensate for atmospheric degradation (Campbell et al., 2011). The accuracy
of radiometric calibration of Landsat missions has been continuously improved from around

10% in Landsat-1 to approximately 3% in Landsat-8 (Markham et al.; 2014; Morfitt et al.,



2015). The majority of analyses that use time series analysis, multi-temporal composites, or
time series analyses of aquatic ecosystem (Gordon, 1997; Hermosilla et al.; 2015; Pahlevan
et al., 2018; Zhu et al., 2014) employ a surface reflectance product that goes through the
atmospheric correction at the ground level. Surface reflectance products from the Landsat
program are provided using two atmospheric correction algorithms: namely the LaSRC for
Landsat-8 (Vermote et al., 2016) and LEDAPS for Landsat-4,5 and 7 (Masck et al., 20006).

Taking advantage of the long temporal data span of Landsat sensors, tracking changes
in the Earth’s surface over time has become a leading application. Since all of the Landsat
datasets became freely available in 2008 (Woodcock et al.. 2008), drastic changes in time
series analyses with Landsat datasets have been made. Historically, a limited number of
Landsat images, usually one per year, were acquired for analysis, as it cost $600 per scene
in 2008 (Wulder et al., 2012). After the initiation of the open access policy of Landsat
datasets, the number of images utilized for analysis of land cover changes drastically increased
(Zhu, 2017). This evolution is supported by the aforementioned advances in automated
atmospheric correction algorithms and cloud detection algorithms. In addition, a cloud-based
geo computation platform (i.e. Google Earth Engine, Gorelick et al. (2017)) now makes it
possible to handle the large Landsat datasets without concern for the computational ability

of an analyst’s computer.

1.2 Literature review of land cover change

Land cover refers to the density of visible features covering the surface of the land, usually
from an elevated perspective. The information about the scope of land coverage generated
with remotely sensed data is essential for scientific and administrative purposes (Campbell
et al., 2011). Historically, land cover data has composed the basic dataset for climatic
and hydrologic modeling (Carlson et al., 2000). From an administrative perspective, land

cover data informs local and national level environmental, economic, and social decision-



making processes. In the U.S., periodical National Land Cover Datasets have provided the
land cover data of contiguous states since 1992 (Yang et al., 2018). A land cover change
analysis is part of a process that examines the temporal trajectory of land coverage in an
area of interest. Land cover analysis and land cover change analysis have taken different
research paths in the past (Townshend, 1992). However, Wulder et al. (2018) argue that
land cover change analysis has become an indispensable part of land cover analyses, which
they define as Land Cover 2.0. Land Cover 2.0 requires seven elements to complete an
analysis: (1) clearly defined information needs, (2) a proper and feasible definition of the
land cover legend, (3) the procurement of independent calibration and validation data, (4) an
appropriate image processing process, (5) the application of a legitimate image classification
algorithm, (6) the post-classification of the classified data to reduce the size of errors, and
(7) a product delivery system (Wulder et al., 2018). Land cover change analyses require
the same process, but a change detection algorithm is applied in the fifth step instead of
a classification algorithm. Zhu (2017) classifies the existing change detection algorithms
as being in type either thresholding, differencing, segmentation, trajectory classification,
statistical boundary, or regression. Among them, thresholding, segmentation, and statistical
boundary algorithms are three major types of change detection algorithms. The thresholding
method utilizes a predefined threshold of a computed metric to determine the land cover.
Changes are detected when the value of the metric of interest deviates from the threshold.
Most research uses one of the vegetation indices that are sensitive to the change of the land
cover type. For example, the normalized z-score based Tasseled Cap Transformation (TCT)
(Hilker et al., 2009; Kayastha et al., 2012), or Integrated Forest Z-score (C. Huang et al.,
2010; C. Huang et al., 2009¢; Thomas et al., 2011) have all been used as the target vegetation
indices. The segmentation method cuts the time series Landsat imagery into straight line
segments. This method employs the Normalized Burn Ratio (NBR) (Hermosilla et al., 2015;
Kennedy et al., 2015) or Tasseled Cap Wetness (I'razier et al., 2015; Grogan et al., 2015).

The statistical boundary method assumes that the time series is confined to the statistical



boundary and regards values outside the boundary as changes from the previous land cover.
The statistical quality control charts (Brooks et al.; 2014); econometrics structural change
monitoring (DeVries et al., 2015; Hamunyela et al., 2016), and model prediction (Vogelmann

et al., 2016; Zhu et al., 2016; Zhu et al., 2014) are applied using this method.

1.3 Literature review of forest growing stock volume esti-
mation

To create a wall-to-wall nationwide forest inventory dataset, multi-source methods (Tomppo
et al.; 2008) have been developed. A multi-source method refers to the coupling of spatially
referenced forest inventory plot data with remote sensing imagery and auxiliary variables
to aid in the mapping of forest attributes (Finley et al., 2008). As an imputation method,
both parametric models (L., 2005; Lu et al., 2012) and non-parametric models, such as the
k nearest neighbors algorithm (Eskelson et al., 2009; Franco-Lopez et al., 2001; Lowe et al.,
2014; McRoberts et al., 2002; Tomppo et al., 2004), as well as the random forest algorithm
(Wilson et al., 2012), have been developed. National forest inventory (NFI) data including
the information on wood volume, age, and height, has been used for the various study areas
comprises the field plot data of multi-source methods (Chirici et al., 2016; Reese et al., 2005).
Particularly in the U.S., the Forest Inventory and Analysis program (FIA, Bechtold et al.
(2015)) which is managed by U.S. Forest Service, has provided field plot data. As remotely
sensed data, Landsat imagery has been the most popular dataset utilized. Recently, Sentinel
data and airborne LiDAR data have been employed to acquire superior results. In terms of
the imputation method, non-parametric methods have been shown to outperform parametric
methods (Nguyen et al., 2020). The first operative results were developed in 1990 for Finland.
The driving force behind the implementation of the multi-source methods was the need to
obtain information on forest resources, at a low cost, for broad landscapes. In addition, new

satellite images of natural resources provided opportunities to increase inventory productivity



with relatively small additional costs (Nguyen et al., 2020).

1.4 Dissertation format

This dissertation is written in the manuscript format and it presents the results of three
research studies. Chapter 1 (this chapter) provides an introduction to this dissertation and
a short outline of previous research on land cover change, Landsat time series, and forest
growing stock volume estimation. In Chapter 2, ”Preliminary Analysis of Forest Stand
Disturbances in Coastal Georgia (USA) Using Landsat Time Series Stacked Imagery”, we
describe an algorithm that attempts to assign an age to forested areas for seven counties
along coastal Georgia, United States. The result was evaluated using established procedures
of accuracy assessment of land cover data. As a remaining task, additional modifications to
the method were needed to adapt to the specific study area conditions. Chapter 3, ”Mapping
forest disturbances between 1987-2016 using all available time series Landsat TM/ETM
imagery: Developing a reliable methodology for Georgia, United States”, expands upon the
preliminary research conducted in Chapter 2. The two main objectives of this research are (i)
to develop and test a robust methodology for the state-wide monitoring of forest disturbances
in Georgia; and (ii) to consider and explore the use and impact of forest disturbance map
information. Two main methods of disturbance detection, a threshold algorithm, and a
statistical boundary algorithm, were integrated to establish a reliable estimation of the recent
history of forest disturbances. The developed model was employed by using all available
Landsat TM/ETM data to create a forest disturbance record for the years 1984-2016. We
also studied the regional differences in the history of disturbances. This analysis suggests
that disturbed urban forests were more likely to be converted to other land-uses. In Chapter
4, "Estimation of forest growing stock stand volumes based on Harmonic regression with
ensemble method and 1984-2016 Landsat 5 and 7 imagery”, we developed an RF regression

model that estimates the growing stock volume in the state of Georgia, United States. This



algorithm used all obtainable Landsat TM/ETM imagery from 1984 to 2016, and then a
bias correction method was applied to the primary estimate. In Chapter 5 a conclusion to
the dissertation is presented in order to highlight the contributions to science thus far, and
to discuss the possible future paths of research. Finally in Chapter 6, all the literature cited

in this dissertation is listed.
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Abstract

A determination of forest characteristics across broad areas is of great concern to
the forest industry in the southern United States, as timber supply decisions can be
based on opportunities, or lack of thereof, across all wood procurement areas. This
is important in areas such as the southern United States, where the land ownership
distribution is highly fragmented and where no common comprehensive source of forest
data exists other than the low intensity USDA Forest Service FIA surveys. In an effort
to describe forest characteristics along the lower Coastal Plain of the State of Georgia
(USA), we utilized a time series of Landsat data and an algorithm that assesses an
integrated forest Z score. The methodology was used to create disturbance maps for
over 30 years that represent the year of disturbance for specific locations. The overall
accuracy was 52% when all years were considered, and approximately 70% from 1991
forward. Preliminary findings showed moderate levels of accuracy when determining
ages for current forests, most of which are even-aged nature stands. Further modifica-
tions to the process were necessary to adapt to the unique conditions of study region.
The modeling process also prompted several areas for future refinement, including im-
provement of the temporal resolution of the analysis by using all the available Landsat
imagery and detection of the regenerations that normally occurs several years after
disturbances.

Keywords: forest planning, forest resource management, land cover change analysis,

mathematical modeling, remote sensing

Introduction

Acquisition of information regarding the state of natural resource availability and their char-
acteristics can be one of the most expensive components of forest management (Bettinger
et al., 2017). Satellite technology can provide a cost-effective source of spatial information
and can facilitate processes that allow one to estimate various natural resource characteris-

tics needed for the planning and management of forests, sustainability analysis (Cieszewski
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et al., 2004; S. Liu et al., 2009) and biomass supply assessment (Cieszewski, 2011). Of the
many satellites currently in operation, those belonging to the Landsat series are frequently
used for terrestrial resource assessments/monitoring due to the long life of the program
(first launched in 1972) and the characteristics of the platform, orbit and sensors, including
temporal resolution, consistent footprint and temporal resolution, and its moderate spatial
resolution (Roy et al., 2014). Along with the growing power and availability of computing
and software technology, the evolving body of scientific research is continuously revealing
growing potential to estimate more detailed forest information using satellite imagery. This
progression in applied science has evolved beyond static analyses of single satellite images
to spatiotemporal analyses of series (stacks) of images captured at different points in time.
Time series analysis of remotely-sensed data can help identify forest disturbance, which is
one critically important process in an assessment of the current state of forest resources
across broad landscapes. Dating disturbance events by using remote sensing can facilitate
the determination of forest age and of current stage of forest development. In this paper,
the term ”disturbance” is used to refer to abrupt loss of forest cover in an area. This in-
cludes any types of the causes that lead the change. Disturbance is caused by two types of
events. The first one is natural disturbance such as forest fire and windthrow. The other
is anthropogenic disturbance including major harvesting that clears all the forest stand and
minor harvesting that leaves majority of the forest cover.

With temporal trajectory-based image analysis (change detection), changes in land use
can be detected with a help of an algorithm that assesses a time series of satellite images to
locate changes in the spectral signatures of arbitrary locations within a landscape (Brooks
et al., 2014). The Vegetation Change Tracker (VCT), for example, uses an integrated forest
score (IFZ) as a metric to distinguish forested areas from others areas at the resolution of
an image single pixel (C. Huang et al., 2009a). Application of these types of algorithms
enables the creation of a map, which specifies the years of stand disturbances. LandTrendr

is another example algorithm for automatic detection of changes in land use (Kennedy et al.,
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2010). Other models (Vogelmann et al., 2012; Jin et al., 2013) share common characteristics:
stacking annual images captured during a specific season of the year, using one or more
indices for detection of changes, and comparing results with adjacent years to verify the
changes. The novelty of this kind of research is of great relevance to forest management.
For example, Brooks et al. (2014) used statistical process control tools to detect not only
major disturbances (final harvests) but also minor disturbances, such as thinnings. And
Zhu et al. (2015b) developed an algorithm to remove seasonal effects from the analysis of
satellite imagery. Further, the North American Carbon Program created North American
Forest Dynamics (NAFD) products which are a spatially explicit disturbance detection maps
for conterminous United States between 1986 and 2010. NAFD product is comprised of
25 annual and two-time integrated forest disturbance map that shows the specific year of
disturbance with 30 meter spatial resolution (Goward et al., 2016). Concerning the state
of Georgia, Turner, 1987 revealed the land use between 1935 and 1982 was quantified for
Georgia. Although it does not cover the specific disturbance year, it estimated the net
primary production. Georgia GAP Analysis (Natural Resources Spatial Analysis Lab, 2003)
has done the adoptation or development of a land cover classification system for the entire
state as of 2003, which is similar to National Land Cover Dataset (Yang et al., 2018).

The objective of this research was to describe the current age class distribution of forests
in the lower Coastal Plain of the State of Georgia, an area where forests are managed mainly
through even-aged methods, and where forests are intermixed with other land uses. In this
paper we present the comprehensive explanation of the work that was briefly summarized
in Obata (2018). A long (33 year) time series of Landsat imagery was used to determine
the date of the most recent major forest disturbance (final harvest). The forested and
agricultural settings in this region include a complex interspersion of croplands (e.g., onions),
pasture, conifer plantations, deciduous bottomlands, cypress ( Tazodium) forests, and mixed
species stands of trees that are managed by public agencies, private landowners, and the

U.S. military. This landscape heterogeneity, along with the variety of land management
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objectives that follow, present both challenge and opportunity to those who seek to describe
the current state of forests. While previous research has illustrated sophisticated algorithms
for estimating disturbance years, most does not utilize Landsat 8 OLI imagery, which started
acquiring images in 2013. Landsat 8 OLI shares common characteristics with Landsat 5 TM
in most aspects, yet there is a difference in band centers, where wavelengths located at the
center of the each band in Landsat 8 are different than those of Landsat 5. This difference
may result in inconsistencies of the disturbance/regeneration map derived from the imagery.
Therefore, it is a challenge to the current research to develop an up-to-date disturbance map
for our Coastal Plain study site by combining multiple years of Landsat 5 TM and Landsat

8 OLI satellite imagery.

2.2 Methods

2.2.1 Study Area

Our study area consists of seven counties along the Atlantic Ocean coastline in the lower
Coastal Plain of the State of Georgia, USA (Figure 2.1), representing approximately 900,000
hectares. In this area, loblolly pine (Pinus taeda) and slash pine (Pinus elliottii) are the
dominant coniferous trees species that are planted, and many areas are managed by the
forest product industry. We selected these counties for three reasons. The first reason is
that this area has been directly influenced by an intensive forest management program that
was initiated in the 1980s on lands that were managed by corporations, companies, and
investment management organizations. With the financial support of the U.S. Department
of Agriculture (USDA) Conservation Reserve Program (CRP), private landowners have also
been able to obtain funds for a portion of the forest management costs (Georgia Forestry
Commision, 2018), which gave them an incentive to increase the intensity of forest manage-
ment on their lands, and even shift some of their land uses from agriculture to forestry. In

these ways, intensive forest management has been used to reduce the rotation ages of even-
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Figure 2.1: Study area.

aged forests in this region. Second, the study area includes mostly rural areas. The largest
cities (Savannah, Georgia and Jacksonville, Florida) are on the north and south ends of the
study area, respectively. And third, the topography in this area is very consistent, with
relatively gentle slopes, compared to the Piedmont or mountainous areas of the southern

United States (and further inland in Georgia).

2.2.2 Training Data

We used the Landsat 5 TM and Landsat 8 OLI imagery to create the training data set for the
classification process as described below. The creation was subject to two conditions: (i) the
imagery needed to be captured during the heart of the growing season, which we assumed
to be from the beginning of June to the end of August; and (ii) the imagery needed to be
captured between 1984 and 2016. Imagery from 2012 was lacking because neither Landsat

5 nor Landsat 8 was in operation during this year. Landsat 7 data could have been used
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for 2012, however, due to the failure of the scan line corrector, Landsat 7 data suffer from
significant data gaps (J. Chen et al., 2011).

The images were downloaded via EarthExplorer for each year a single image with the
least cloud cover was selected to represent it. We used the C function of the mask (CFMask)
band to remove the effect of clouds (presence and shadows). For pixels representing water,
we applied criteria to mask a pixel when its normalized difference vegetation index (NDVI)
was less than 0.5 and when the surface reflectance value from the near infrared band was
less than 0.15. After performing these processes, we visually inspected the quality of the
resulting imagery, and decided to exclude the 1993 scene, as the processes failed to correctly

eliminate thin, cirrus clouds.

2.2.3 Reference Data

In an effort to verify the accuracy of the created forest age map, we used as reference images
from Google Earth, Landsat 5 TM and Landsat 8 OLI imagery. Google Earth was the
primary source of reference data for the accuracy assessment for more recent years, as the
frequency and quality of high-resolution imagery is greater in the last 15 years than before
that. We used Landsat imagery for verification of disturbances for earlier years in our time
frame (2000 and before). Annual mosaics of Landsat imagery were created using Google
Earth Engine in an effort to acquire cloud-free representations of the landscape. To create
annual mosaics, imagery selected to conduct classification were not used so that training data
and reference data are not mixed each other. These mosaics were used to verify whether

disturbances had occurred during the accuracy assessment process (described below).

2.2.4 Forest Disturbance Detection Method

The algorithm we applied computed the Integrated Forest Z-score (IFZ value) to detect major

forest disturbances. The IFZ value is a common index (C. Huang et al.. 2010) for this purpose

and can be interpreted as the normalized distance between a pixel value of multi-spectral

23



satellite imagery and the value of a previously identified, reference forest pixel. When a
small IFZ value is produced for a given year, this suggests an area of relatively stable mature
forest. Large IFZ values, on the other hand, indicate areas where major disturbances have
recently occurred. The IFZ value is computed using the mean and standard deviation of
identified forest regions within the satellite imagery. An identified forest region is a group
of pixels that were manually selected to represent forest areas. Calculation of the IFZ value
for each pixel within an image begins with the calculations of stand Z-score (F'Zj;;,) for each

pixel j in each band ¢ for each year k.

biji — bix

FZji, = (W>

Vi, j, k (2.1)
Where:

biji =surface reflectance value of pixel j in band ¢ during year k

b;x =the mean surface reflectance of forest regions of training areas in band ¢ during year k
SD;, = the standard deviation of surface reflectance for forest regions of training areas in
band ¢ during year k

Each F'Zj;, is then integrated into a single scalar value for each pixel j during each year k,

IFZ;, using the following formula:

Vi, j, k (2.2)

Where:

N B = the number of bands used

Three bands (red, shortwave infrared-1, and shortwave infrared-2) were used to determine
the IFZ value. The actual band numbers used in this computation were bands 3, 5 and
7 (Landsat 5) and bands 4, 6 and 7 (Landsat 8). In calculating the mean and standard

deviation values for forest regions, 15 training areas were selected to represent coniferous
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forests and another 15 training areas were selected to represent broadleaf forests. The area

of each individual training region was about 100 ha.

2.2.5 Image Classification

The classification algorithm was created to detect the most recent disturbance year of forests
in our study area. The algorithm computed the IFZ value for each pixel and each year of the
time series. The resulting series of IFZ images was then used to compute the difference in
IFZ values between two consecutive images along the series. This allowed a determination of
whether a pixel should be categorized as either disturbed or undisturbed. A large difference
in IFZ values between consecutive scenes in the series indicated the occurrence of a major
disturbance. Non-disturbance related features are represented by minor variations in IFZ
values. The chronological order of the application of the algorithm was from the most distant
year (1984) to the most current year (2016). For each pixel in year k, when all the following

conditions were met, the pixel was updated in year k£ 4 1 as having been disturbed.

(a) In year k, the IFZ value is lower than x.
(b) The difference in IFZ values between year k and k + 1 is greater than x.

(c) Through year k + 1 to k + y, the IFZ value is larger than z.

Here, z is set to 3 for two reasons. First, C. Huang et al. (2009b) used = = 3 in their analysis.
Second, we confirm through the comparison between IFZ value and satellite imagery that
pixels of IFZ < 3 are forest. Also, y is set to 3 years in the algorithm since IFZ value of
the most of the pixels disturbed was greater than 3 for two more years since the year of
disturbance. If any of the conditions noted above are not met, the pixel was considered not
disturbed in year k + 1. If these three conditions are met in more than one year in the time
horizon (1984 to 2016), the pixel was noted as being last disturbed in the most recent year
to 2016. This allowed a determination of the current age of the forest represented by the

pixel. As the algorithm requires IFZ value for the year before disturbance, the algorithm
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began detecting disturbances in 1985. For years 2015 and 2016, x was assumed to be 2 and 1
years, respectively. Due to the unavailability of the imagery in 1993 and 2012, the algorithm
used a slightly different process for years k — 3 to k — 1 when k& = 1993 or 2012. Fork — 3, x

was assumed to be to 2 years. For k — 2, condition (c¢) was modified:
(¢’) Inyear k+ 1 and k + 3, the IFZ value is larger than 3.
For k — 1, conditions (b) and (c¢) were modified:

(b’) The difference in IFZ values between year k and k + 2 is greater than 3.

(c”) In year k + 2 and k + 3, the IFZ value is larger than 3.

For year k (1993 or 2012), the algorithm does not evaluate each pixel. The algorithm was

implemented in the R programming language.

2.2.6 Accuracy Assessment

An accuracy assessment of the classification process was conducted in an attempt to validate
the quality of the age class prediction through the forest disturbance maps. One hundred
sampling points per year (1984-2016) were randomly selected across the landscape applying
a stratified sampling method to generate the points. The total number of sampling points
for this purpose was 3,100. For each sampling point, the specific year of the last disturbance
was recorded, as evidenced using the reference data noted above. The land use for each point
in each year was also visually inspected by using reference data. Two types of classification
accuracy were determined, the first using user’s and producer’s accuracy values reflecting
exact (to the year) coincidence of the classified maps and the reference data. The second
allows a +1-year deviation from the reference data, as a +1-year deviation from the reference
data was frequently observed due to cloud coverage and other temporal misalignments of im-
plemented practices and the satellite imagery. Although we examined + /- 2 years deviation
from the reference data, we did not compute it as +/- 2 years deviation was not frequently

observed in our result.
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Figure 2.2: Subset of disturbance map. Dates represent the most recent disturbance for
the period. The class value of -99 (black color on the map) represents the pixels which are
identified by our algorithm as either persistent forest, persistent non-forest between 1984 -

2016.

2.3 Result

The process employed in this study produced a disturbance map (Figure 2.2) that illustrates
the years of the most recent major disturbances. Our assumption is that these years correlate
directly with the initiations of new stands assuming that forestry will continue to be the
designated land use after the occurrence of the major disturbance, such as final harvest and
that the landowner or land manager will begin preparation of the new forest soon after the
disturbance.

A typical final harvest produces a significant change in the IFZ value, and over time,

the IFZ value will return to a range of normal values for these forests. Figure 2.3 illustrates
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Figure 2.3: (a) Time series true color composite of Landsat 5 TM imagery, and (b) time

series IFZ value map.

through true color composite (images on the left) and through IFZ value images (to the right)
how the landscape would be perceived when a major disturbance occurred in 2001. As time
progresses and assuming forestry remains the dominant use of the land area, the imprint
of the final harvest gradually diminishes in both true color and IFZ value representations.
The change, or difference, that is noted between years 2000 and 2001, if significant enough,
would prompt the algorithm to conclude that a major disturbance had occurred. When IFZ
values for the land area are plotted over time (Figure 2.4), the change in IFZ value is more
dramatic between 2000 and 2001. The minor variation in IFZ value amongst the earlier
years is likely a function of local weather conditions and date of acquisition; therefore, the
threshold change in IFZ amongst adjacent years (noted earlier) would have prevented the
algorithm from concluding a disturbance had occurred in other years when differences among
subsequent years were observed.

The result of the accuracy assessment for the 3,100 reference points suggests that the
overall accuracy of the classification process was 52% (Table 2.1). If a £1 year of error is
allowed, the relaxed overall accuracy rises to 71%. Concerning this accuracy assessment, it

is worth noting that imagery from Google Earth generally has a higher spatial resolution
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Figure 2.4: Annual IFZ values of a selected pixel on which disturbance occurred in 2001.

29



Accuracy assessment for disturbance year classification
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Figure 2.5: Box-and-whisker plot for major disturbances. For each year, the thick horizontal
bars represent median, the rectangles are 25 to 75 percentile range and dashed vertical lines

cover maximum and minimum values

than Landsat imagery. The historical image tool in Google Earth automatically provides the
imagery which has the highest spatial resolution of all the imagery that Google can serve.
Imagery captured after 2005 has a higher spatial resolution than that of Landsat 5 TM
imagery, which is 27.5 meters. Thus, Google Earth allows one to detect the subtle changes
in forest character that may not be detectable with Landsat 5 and 8 imagery.

We created a box-and-whisker plot for major disturbances (Figure 2.5) that illustrates
the magnitude of the difference between our predicted year of disturbance and the reference
data. This analysis illustrates large differences between subclasses (individual years); the

annual user’s accuracy ranges between 40% and 90%. User’s accuracy in the early 1980s is
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Figure 2.6: Estimated area of major forest disturbance.

low because pixels disturbed after 2005 may have been misclassified to subclasses of 1980s
for reasons such as cloud cover (missing the disturbance) or other anomalies. User’s accuracy
is better than overall accuracy in the 1990s and 2000s. In 2014, the user’s accuracy is lower
perhaps due to the combined effect of cloud cover and the lack of imagery in 2012. Nonethe-
less, from 1991 forward the accuracy of the classification process has been approximately
70%. The process to place a forest initiation date on even-aged forests that are 25 years old
(a typical even-aged rotation age) or lower in the lower Coastal Plain of the southeastern
United States seems plausible.

We also estimated the area of major forest disturbance in each year between 1984 and
2016 (Figure 2.6). The disturbed area for each year ranged from 1118 ha to 27,989 ha. The
mean annual disturbance over the period is 10,238 ha. In four of these years, many pixels
were detected as having been disturbed. The size of the disturbed area in these years is more
than mean over time plus one standard deviation over time. Fluctuations in regional and
global markets (and economies) may explain some of this variation. Furthermore, since the
study area was a sub-set of the markets for several major wood demand centers, it seems

plausible that harvest activity could have shifted into and out of the area from one year to
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the next. Interestingly, the area of disturbance has an increasing trend over time, and about
32% of the land area within our area of interest is disturbed at least once in the last 32
years. Previous reports regarding the forest cover status of the southern United States have
suggested that commercial, reserved, deferred, and unproductive forest areas accounted for
about 45.7% of the landscape in 2012 (Oswalt et al.. 2014). Given the long history of forest
management in the southern United States (U.S. Forest Service, 1988); activity on 32% of

the forests over 32 years does not seem unreasonable.

32



1eak 1-/+ ooe

STl %0L %EL  %6S  %TY  UIL  %TS  %T8 %I %V6 %08 %T8 %88 UV6 ALY WLL WLL %68 %T8 %E6 %06 %IV  U6L %L %88 %08 %IR8 %68 %6L %I8 %L %P1 §.1000pO1]

%L %TS %89 %9 %S¥  WVS %l %09 %8G %T9 %TL %99 %8V %6Y %8¢ WHLE W9 %IV %89 UOL  %T8  %OL  U8L %IE UIV %8 %TG %Il A%VT %Ho:ﬁo_m

6606 60T ¥.L ¥L ¥9T 6L  9TT 00T €T 99 9. T 08 96 € 7L GIT 10T 08 ¥L 2T 16 00T ¥9 98 L v 18 o9 g¢ 10¢ [#30], Utnon

00T v 9 1 4 i 1 € 1 9 91

66 4 vy 01 € 3 4 T S i T 4 3 3 81 St

00t 1 €€ al 1 4 4 € 1 1 4 4 1 1 1 4 1 1 8¢ s

00T 1 88 0T 1 €1

00T 4 (i C 1 1 4 1 T T 8T 11

00T T 0L 81T T T T 4 T T 4 01

00T € 8¢ 7T 1 1 4 1 T T 1 1 9 60

00T 1 1 1 9 9L ¢ 1 1 1 4 g 80

00T 9 @ ¥ € I I 3 3 3 L2 L0

00t 1 1 i 1 1 4 @ or 1 1 4 1 02 90

001 1 i 1 1 4 Ly 1€ 1 4 <0

00T 4 T T T T 8¢ 8 1 T cT 70

00T T 4 T T T T 1 Ly T ¢ 1 T 81 €0

00T 1 1 1 4 4 4 8y  ¥¢ € 91T 0

00T 1 4 [T 1 1 8T 10

00T 4 1 4 ¥ 1 1 1 1 1 & €C 1 1 4 1 a1 00

001 1 1 M Lt 1 1 1 9 66

00T 1 T 1 1 1 1 T 1 g L& 81 T 1 4 1 4 £C 86

00T 9 T 4 T 1 4 4 0s 0 T €1 L6

00T T T € T 1 1 T T L ¢ € T €1 96

00T i 1 1 1 eL ¢ 1 1 9 G6

00T € 1 1 1 € 1 1 0L 1 1 91 V6

001 4 1 4 € 1 1 1 1 1 ¥ L2 vi 6

00T g 1 i 1 1 1 1 1 1 1 1 1 € oo G 4 16

00T € 4 g ¥ € 1 1 1 1 1 T 1 € g 6 ¢ ¥ 4 T 8¢ 06

00T T € € 4 T T T 1 4 4 T 4 T 9¢ 1€ [t 68

00T 4 1 1 9 € T T T 4 1 1 € o €1 T 4 88

00T 4 i 9 4 € € 1 4 1 1 1 ¥ 04 a1 8 L8

00T 4 1 1 ¥ 4 € 4 4 € T 4 4 6 e ol 8T 98

001 4 1 1 8 1 4 1 4 1 1 4 1 ¥ 6 66 ¢ a8

00t 4 1 1 4 4 1 1 4 1 € € 1 1 4 1 1 1 4 1 T ¢ 89 66~
xeod T/+ 1ol 91 <1 ! €1 11 0t 60 8 L0 9 G ¥O € €0 10 00 66 8 L6 9 96 V6 6 16 06 68 88 L8 98 4@  66- uonOIPaLg
00R S I9S()  SI0S[) MOy g - g A

QOUAIRJOY

"P10291 9ouRqINISIP AUR INOYIM S[XId o1} 0} POUSISSe SI G- "JUIUWISSISSe AJRINDOR JO XIIYeW I0I1H ' 9[qe],

33



2.4 Discussion

As this is a preliminary assessment of a process for determining an age classification of lower
Coastal Plain forests in the southeastern United States, some processing challenges were
encountered. Many testing areas of land that were actually disturbed around 2010 were not
classified to an age class of this vintage. Instead, they are misclassified to the earlier age class
(mainly before 1980). Individual visual observation of these age classes using Google Earth
and Landsat imagery reveal that our algorithm failed to reliably detect the disturbances
around 2010. This might be because we did not use imagery from 2012 and the forest
vegetation (as described by the IFZ value) recovered rather quickly. Additionally, given the
lack of imagery in 2012, and depending on the relationship between the time of activity and
the time of data capture via the satellite, some disturbances from 2012 were likely attributed
to 2013. Since the magnitude of the difference in pre- and post-disturbance IFZ values is
greatest when the time interval is only one year, we conclude that more frequent (i.e., semi-
annual) temporal assessments may be necessary to best ascribe an establishment age to an
even-aged forest in the landscape we are studying.

The presence of cloud cover and its differences between adjacent years of imagery can
also cause problems in comparing annual IFZ values (and thus determining whether a major
disturbance has occurred). Although we selected the imagery with the least cloud coverage
for each year, some imagery still contained more than 20% cloud cover. Some of these
clouded areas that were masked from the analysis contained forests, and thus it is possible
that high cloud cover ratio affects the ratio of forest in our area of interest. Along these
lines, another possible factor affecting the accuracy of the classification involves thin, cirrus
clouds. Some thin clouds were not recognized and masked by the CFMask process and the
resulting IFZ values were likely affected in these areas.

The lower Coastal Plain of the southeastern United States provides the climate and
substrate for vegetation to establish and grow very quickly. The dormant season (generally

December to March) is short and herbaceous and small woody vegetation can grow quickly
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in spring. Therefore, beyond the environmental and technical challenges noted above, more
consideration likely needs to be directed to the impact of the form of forest management on
the IFZ value that is computed. As an example, assume that the Landsat imagery for an
area was captured in June 2009. Later, in July 2009 a final harvest may have been applied
to this area. The next Landsat imagery may have been captured in June 2010. During the
intervening 11 months, the forest landowner may have the site prepared the area (chopped,
burned, piled, or raked the debris and perhaps bedded the ground) or applied a chemical
treatment to control the vegetation that would compete for resources with planted trees.
Depending on the timing of these activities, the land area may have been given an IFZ value
that would prompt the system to conclude a disturbance had occurred. However, had the
land area recovered quickly with pioneering vegetation, or had the landowner delayed (or
avoided) site preparation and chemical vegetation control treatments, it is plausible that the
difference in IFZ value between two subsequent satellite images may not have been dramatic
enough for the process to conclude that a major disturbance had occurred. This would
also lead us to conclude that more frequent (i.e., semi-annual) temporal assessments may be
necessary to best ascribe an establishment age to an even-aged forest in the landscape we

are studying.

2.5 Conclusion

The algorithm presented here, which is similar to the Vegetation Change Tracker and other
methods for automatic detection of changes in land use, was implemented to help under-
stand the age class distribution of current forests in the lower Coastal Plain of the State of
Georgia (USA). The algorithm relied on three bands (visible and infrared regions) within
Landsat data and a long time series of growing season images to determine when major
forest disturbance events occurred. It was moderately successful in determining the years

of disturbances and current age classes of forests in this region, given that many of them

35



are managed as even-aged stands. The implementation and its testing met some techno-
logical challenges. The lack of suitable imagery for two years required modifications to the
mathematical assessment of the integrated forest Z score (IFZ value), and the presence of
cloud cover, ubiquitous to the area during the growing season, may have led to some clas-
sification errors. More specifically, cloud cover, when masked from the analysis, could have
required examining non-adjacent years for evidence of disturbance, which may have added

to classification error.
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Abstract

Forest resources have a high economic value in the State of Georgia (USA) and
the landscape is frequently disturbed as a part of forest management activities, such
as plantation forest management activities. Thus, tracking the stand-clearing distur-
bance history in a spatially referenced manner might be pivotal in discussions of forest
resource sustainability within the state. The two major objectives of this research
are (i) to implement and test a reliable methodology for state-wide tracking of for-
est disturbances in Georgia, (ii) to consider and discuss the use and implications of
the information derived from the forest disturbance map. Two primary disturbance
detection methods, a threshold algorithm and a statistical boundary method, were
combined to implement a robust estimation of recent forest disturbance history. The
implemented model was used to create a forest disturbance record for the years 1984-
2016, through the use of dense Landsat TM/ETM data. The final product was a raster
database, where each pixel was assigned a value corresponding to the last disturbance
year. The overall accuracy of the forest disturbance map was 87%, and it indicated
that 4,503,253 ha, equivalent to 29.2% of the total land area in Georgia, experienced
disturbances between 1984 and 2016. The estimated disturbed area in each year was
highly variable and ranged between 84,651 ha (4 36,354 ha) to 211,780 ha (4 49,504
ha). By combining the use of the disturbance map along with the 2016 database from
the National Land Cover Database (NLCD), we also analyzed the regional variation in
the disturbance history; This analysis indicated that disturbed forests in urban areas
were more likely to be converted to other land-uses. The forest disturbance record
created in this research provides the necessary spatial data to address forest resource
sustainability in Georgia. Additionally, the methodology used has application in the
analysis of other resources, such as the estimation of the above-ground forest biomass.
Keywords: Forest sustainability, forest disturbance, Landsat imagery, Google Earth

Engine
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3.1 Introduction

Forest disturbances are a primary factor in the dynamics of a forest ecosystem, as the history
of disturbances helps keep track of the condition and development of a forest (Pflugmacher et
al., 2012). Forest disturbances may affect the forest species composition and stand structure
depending on the disturbance agent, magnitude, and other complex factors such as soil type,
water and nutrient availability, and ecosystem biodiversity (D. P. Edwards et al., 2014). The
spatio-temporal patterns of land disturbances are changing due to both anthropogenic and
natural agents of disturbance (Zhu et al.., 2020). Hurricanes are a major contributor to
deforestation in states bordering the Atlantic and Gulf of Mexico regions of the southern
United States (Goldenberg et al., 2001; Zampieri et al.; 2019), while in the Western United
States, forest fires, which are the second largest cause of disturbances, have increased since
the mid-1980s (Westerling et al., ; Williams et al., 2016). In Europe, disturbances
caused by wind, bark beetles, and wildfires have also increased over the last century (Seidl
et al., 2014). Mechanical disturbances caused by human activity are another cause of forest
disturbance. In Southeast Asia, for instance, demand for monoculture plantations, such
as natural rubber, is the main driver of the disturbance of tropical forests (Grogan et al.,
2015). As spatially referenced forest disturbance tracking provides fundamental information
in describing the current state of a forest, accurate knowledge of it consequently facilitates
the accurate prediction of future conditions and outcomes.

In the Southeastern U.S., harvesting is estimated to be the dominant contributor to
disturbances in the region (Cohen et al., 2016); This region encompasses 36% of the timber-
land, or forested area capable of timber harvest, in the US, (Oswalt et al., 2018). Among
the states in the southeastern United States, Georgia has the largest area of timberland.
The plantations in Georgia consist predominantly of loblolly pine (Pinus taeda L.), which
is the dominant commercial tree species in the southeastern United States. Silvicultural
prescriptions for intensively managed plantations include site preparation, herbicide control,

fertilization, thinning, and the use of genetically improved seedlings (Nilsson et al., 2003).
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The continuous efforts to increase plantation volume yields (D’Amato et al., 2017; Fox et al.,
2007) have led to the shortening the pine plantation rotations to 20-25 years. Unlike other
states having forest practice laws (e.g., Oregon and California) (Hairston-Strang et al., 2008),
Georgia employs voluntary best management practices (BMPs) to guide forest management
activities (Prud’homme et al., 2002). While the BMP guidelines include adherence to the
federal Clean Water Act, forest owners in Georgia do not have to adhere to a specific scheme
of forest practices. Thus they have considerable flexibility for optimizing their forest man-
agement objectives and economic returns from their plantations, perhaps through intensive
forest management and silviculture efforts. Because of the warm and humid climate, the
characteristics of the forestland, and common forest management practices, the forest land-
scape in Georgia evolves rapidly, showing significant changes over relatively short periods of
time. The pertinent question regarding the welfare of Georgia forests is whether they are
managed on a sustainable basis (Cieszewski et al., 2004; S. Liu et al., 2009). To assess the
sustainability of Georgia forests, it is essential to detect stand-level disturbances, such as
final harvests, because knowledge of the date of forest regeneration helps predict the growth
and yield of plantations. To this end, spatiotemporal data providing information leading to
the identification of the disturbances in a spatially referenced way can inform these analy-
ses. It is noteworthy that the Global Forest Change (GFC) dataset provides forest gain and
loss with 30-meter resolution globally (Hansen et al., 2013). However, as the GFC dataset
provides the disturbance history starting only after the year 2000, it was necessary to imple-
ment a model to detect the disturbances occurring from the 1980s onward. Although some
research has been dedicated to partially tracking the forest disturbance history in Georgia(C'.
Huang et al., 2010; Obata et al., 2019; Zhu et al., 2012b), land use concerning net primary
product (Turner, 1987), or development of a land cover classification system for the entire
state as of 2003 (Natural Resources Spatial Analysis Lab, 2003), with the exception of the
GFC, no research has covered the disturbance history of the entire state of Georgia.

The Landsat program is the most common source of data for broad-scale forest distur-
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bance analyses because (i) it has a long history starting from 1972, and (ii) its products
provide moderate spatial resolution for forest disturbance analyses (IKennedy et al., 2014).
Since October 2008, Landsat data managed by the United States Geological Survey (USGS)
has been freely available due to a change in the data policy of the Landsat program (Loveland
et al., 2012; Woodcock et al., 2008; Wulder et al., 2016). By 2016, more than 3.2 million
Landsat images were freely available through the USGS Earth Resources Observation and
Science Center archive (Wulder et al., 2016). This policy change has stimulated new research
efforts, such as those aimed at the development of algorithms to detect the land-use change
over time. One of the achievements of this research field was the assessment of the forest dis-
turbance trends of the conterminous United States between 1985-2005 (Masck et al.. 2013).
Another example of development within this field is that of the emergence of the LandTrendr
algorithm, a univariate approach that segments an imagery time series into a series of trends,
including changes in forest conditions (Grogan et al.; 2015; Kennedy et al., 2010).

The Vegetation Change Tracker (VCT) algorithm is another process that was developed
to reconstruct past forest disturbance history from a series of Landsat imagery. With this
algorithm, the change in spectral-temporal properties of vegetation over time is tracked to
detect forest disturbances (C. Huang et al., 2010; M. Li et al.; 2009a). The index used to
detect the change is the Integrated Forest z-score (IFZ), which is computed for each pixel
in a Landsat scene. As VCT can be implemented in a reasonable amount of computational
time, and since it does not require extensive parameter tuning, application toward various
topics has been made. Zhu (2017) categorizes the VCT algorithm as a thresholding method
that detects the change of the land-use, where large enough deviations from the assumed
threshold are observed. The advantage of a thresholding method is that its implementation
process is more straightforward than other change detection methods, and thus it is pos-
sible to implement this method using only one satellite image per year. The disadvantage
of a thresholding method is that the performance of the model is profoundly affected by

the assumed threshold values. Statistical boundary methods are another group of change
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detection models that assume time series spectral values fit within a statistical boundary
(Brooks et al., 2014; DeVries et al., 2015; Zhu et al., 2016). These models detect a change
in forest character when any departure from the assumed statistical boundary is observed.
This method has been used to detect changes from dense satellite imagery (Loveland et al.,
2012), and seems less affected by the seasonality of the data, as the raw time series satellite
data values are subjected to applied statistical procedures, in which the seasonal variation
and the noise of the raw data are removed from the transformed values. The difficulty of
performing geospatial analysis using dense time series satellite imagery involves basic infor-
mation technology management and access to high-performance computing. Google Earth
Engine (GEE) (Gorelick et al., 2017) has recently made it possible to overcome these two
obstacles. GEE is a cloud-based platform that provides the high-performance computing
resources necessary to process large-scale satellite imagery without storing and managing
the data locally. Recent research has involved using dense time series Landsat imagery with
the GEE platform to assess land-uses, agricultural trends, and forest vegetation (H. Huang
et al., 2017; Johansen et al., 2015; Shelestov et al., 2017).

We hypothesize that the known adversarial effect of thresholding methods can be reduced
when it is combined with statistical boundary methods through the GEE platform. In addi-
tion, it is expected that the disturbance detection map created from the forest disturbance
detection model helps us to understand the temporal trajectory of each forest stand. Con-
sidering these two aspects of our research background, we set forth two major objectives of
this research: in the first place, to implement and test a reliable methodology for state-wide
tracking of forest disturbances in Georgia; secondly, to consider and discuss the use and

implications of the information derived from the forest disturbance map.
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Figure 3.1: Study area. The combination of letter and number in the figure represents the

path and row number of WRS-2.

3.2 Study area

The study area encompasses the entire state of Georgia (Iigure 3.1). This land area is
about 154,000 km?, and the state contains approximately 100,000 km? of forests, covering
almost 65% of the total land area (Lambert et al., 2018). Timberland potentially available
for commercial use is owned in 89% of cases by private landowners or corporate entities
and constitutes 97% of the forested area, which is more than any other state (Oswalt et
al., 2018). The state is divided into seven ecoregions using the level III classification of
the U.S. Geological Survey (Omernik et al., 2014). The Southern Coastal Plain ecoregion
is the southernmost region of the state. It consists of flat plains and low elevations. The
primary forest types in this region are loblolly pine and slash pine (Pinus elliottii Engelm.),
and oak-gum-cypress forests typical of some upland areas and most lowland (wet) areas.
The Southeastern Plains ecoregion consists of a mosaic of cropland, pasture, woodland,

and forest. Elevations and slopes are greater than those found in the Southern Coastal
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Plain. Oak-hickory-pine and southern mixed forests are two of the dominant species in this
region, although there are many pine plantations as well. The Piedmont ecoregion is a
transitional area between the Appalachian Mountains and the flat Southeastern Plains. The
Piedmont includes the Atlanta metropolitan area, where about 57% of the population of
Georgia resides (US Census Bureau, 2019); thus, urban areas comprise the most significant
portion of the land-use in this ecoregion. The other ecoregions, Blue Ridge, Ridge and
Valley, Southwestern Appalachians, and Interior Plateau, contain parts of the Appalachian
Mountains (L. Edwards et al., 2013). Among the ecoregions, intensively managed plantation
forests are the most densely located in Southern Coastal Plain. The ecoregions correspond
closely to four major geologic zones of the state: (a) Coastal Plain, (b) Piedmont, (c¢) Blue
Ridge, and (d) Appalachian Plateau. The boundary between the Coastal Plain and the
Piedmont (the fall line), running east-west through the middle of Georgia, represents a
distinct change in geologic condition from flatter areas containing relatively sandy soils (the
Coastal Plain) to rolling hills with soils derived from the process of metamorphism (the

Piedmont, Blue Ridge, and Appalachian Plateau).

3.3 Materials and methods

For the 13 combinations of paths and rows of the Worldwide Reference System-2 shown in
Figure 3.1, all Landsat 5 TM and 7 ETM images between April 1984 and December 2016 were
queried from the Level-1 Precision and Terrain (L1TP) corrected data set in the Google Earth
Engine platform. The L1TP satisfies both radiometric and geometric criteria set by USGS
(Roy et al., 2014). We did not use the Landsat 8 OLI data because the initial inspection of
using Landsat 5, 7, and 8 altogether produced inconsistencies in the surface reflectance value.
We refer our Landsat dataset as dense Landsat imagery since our Landsat time series dataset
includes most of the all available Landsat imagery while a portion of the imagery is excluded.

For each image in each scene, clouds, the shadows of clouds, water, and snow are masked
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out using the C Function of the Mask (CFMask) algorithm (Foga et al., 2017; Zhu et al.,
2015a; Zhu et al., 2012a). We filtered out imagery containing a high cloud cover percentage,
which is likely to contain cirrus clouds frequently left unmasked by CFMask. After visually
inspecting the imagery we determined not to use imagery obfuscated by more than 50%
cloud cover. Landsat 7 acquired after May 31, 2003, is provided as SLC-off. We masked
out the blank spaces in the imagery provided by GEE. As a result of the preprocessing, 373
to 453 images per scene were available for further analysis, as is summarized in Table 3.1.
In total, 5614 images were deployed in the analysis. On average, the mean cloud cover was
14.5%, and the length of the time between images averaged 28.0 days. This indicates that,
on average, new imagery was available nearly every month.

To detect forest disturbances, we computed IFZ for each pixel of each scene based on the
methodology applied in the VCT algorithm (C. Huang et al., 2010; M. Li et al., 2009b). The
IFZ is a vegetation index, which represents the normalized distance between a pixel value of
multi-spectral satellite imagery and the value of a previously identified reference forest pixel.

A small IFZ value for a given period and pixel implies that the pixel describes a relatively

Table 3.1: Dense Landsat time series data summary by scenes. Four-digit numbers at the
header represent the WRS-2 row/path combination of the scene. Top 2 digits represent path
number and bottom 2 digits represent row number (e.g. ”1638” refers to path 16 and row
38). The number (#) of images represents the total number of available images for each
scene captured between April 1984 and December 2016. The Days/Image represents the
average length of time from the acquisition of an image to the acquisition of the next image

in GEE.

Values/Scene 1638 1737 1738 1739 1836 1837 1838 1839 1936 1937 1938 1939 2036 Mean
Mean Cloud% 15.0 12.6 140 172 14.3 132 142 149 154 13.6 14.7 144 147 145
# of image 446 419 440 453 440 429 442 436 412 429 449 446 373 4319
Days/Image 270 288 274 266 274 281 273 276 293 281 268 270 323 280
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stable mature forest, while a large IFZ value indicates a non-forested area. An identified
forest region is a group of pixels that represent forested areas and are used as reference pixels
for the IFZ calculation. Thirty identified forest regions were selected from the entire state.
Fifteen of these regions were selected from deciduous forests, while the rest of the regions
were selected from coniferous forests. The size of each region encompassed approximately 50
ha. The mean and standard deviation of the area was computed from the single image met
the following conditions; (i) was taken between April 1, 2018, and August 31, 2018; and (ii)
cloud cover percentage is less than 1%. C. Huang et al. (2010) argue that each Landsat band
has a different sensitivity to forest disturbance. The near-infrared band has low sensitivity
as most of the NIR electromagnetic energy is reflected by land surface type. The red band,
SWIR1 band, and SWIR 2 band of the imagery were left for IFZ calculation after removing
the bands insensitive to forest disturbance. For all of the pixels in all the images queried,
the IF'Z was computed.

To detect a disturbance, we set three conditions related to the time series change in
the TFZ. Only if the time series IFZ meets all three conditions is the disturbance detected.
The first condition concerns the backward moving average. In the notation below (lq.3.1),
t; denotes the date in which the ith scene was taken. The ¢; is then converted from the
standard date format to decimal value. The integer part corresponds to the year, while the

fractional part represents the Julian date in the year.

{t: € Rt ta, .40} (3.1)

For the ith imagery, xt; is the ith imagery captured on t;. The set of the imagery selected

for ¢; is denoted as Xj.

Xi : {l’(tz - 3>,$<ti+1 - 3),1’@2‘4_2 - 3), ,J](tz)} VZ (32)

Let C(X;) be the number of elements of X;. Then the backward moving average of IFZ for
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jth pixel in the interval of [t;_3,t;], denoted as BM Atij), is formulated as follows.

EkeX F kj
BMA, = ——" "~ 3.3
tzg O(Xi) ( )
The first condition is formulated as follows:
BMAtl.j <3 (3.4)

This condition is equivalent to (a) in Figure 3.2, where the backward moving average has to
be higher than 3 for a forest disturbance to be detected. The figure shows that the mean
of the last three years of the IFZ values is smaller than 3, although some values are higher
than 3.

The second condition is related to the size of the change in IFZ value between pre-
disturbance and post-disturbance. As is argued in (Kennedy et al., 2014; H. Huang et al.,
2017), the raw band value and vegetation index after a forest disturbance can deviate from
the model’s predicted range. Therefore, we set the condition that detects the presence of the
IFZ’s deviation from the past trend, which is quantified by the backward moving average.
We assumed that the IFZ values do not continuously deviate from a certain range unless a
disturbance occurred. The range was set to the backward moving average plus three times
the standard deviation in the last three years of the observations. The standard deviation

of TFZ for the jth pixel is computed as,

D kex, (Zkj — BMAtiy))?)

D . . p—
S b oXy)

(3.5)

As the sample of the IFZ values after t(i), the median of the five successive values after t(i)
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Figure 3.2: Change in time series IFZ values (Lat: 32.0979% Lon: —84.8444®).

was selected. The second condition is formulated as follows:

BM Ay, + 35Dy, < median(Y;)

Where

Yi : {x(ti+1), x(ti+2), $(ti+3)> -T(ti+4)’ x(ti+5))}

(3.6)

(3.7)

This condition is shown as (b) in Figure 3.2, where the backward moving average plus three

times the standard deviation has to be greater than the median for a forest disturbance to be
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detected. The third condition is related to the moving average of the post-disturbance phase.
This includes the same computations as those seen in the computation of the backward

moving average. The collection of the imagery taken in [t;11,%;13] is denoted as Z;.

Zi : {a(tin), 2(tips), x(ti +3))} (3.8)

The forward-moving average is computed as follows:

Zkez- Fl;
FMAt;;) = —="— 3.9
The third condition requires that
FMA,; >5 (3.10)

The third condition is presented as (c) in Figure 3.2, where the forward-moving average has
to be greater than 5 for a forest disturbance to be detected. As the fourth and final condition
of the disturbance, the magnitude of the disturbance was computed. The magnitude is the
average distance of the post-disturbance IFZ values from the threshold IFZ value. We used
IFZ = 3 as the threshold value; it is equivalent to the root mean square difference of
post-disturbance IFZ values from the threshold.

All of the conditions were computed for each pixel in each image. The disturbance
detection model iteratively applied the four conditions from the oldest image to the most
recent image. If the model detects a disturbance for a given pixel in an image, the Julian
date was assigned to the disturbance map raster. Otherwise, nothing is assigned to the pixel.
Although a specific date when a disturbance was detected was recorded to the disturbance
map raster, only the year was retained, since our interest lies only in the annual disturbances.
After running the algorithm forward in time toward the most recent image, a single layer
raster, of which pixels represent the last disturbance year, was created. The pixels without

any disturbance record were assigned non-disturbance value.
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3.3.1 Post-processing

We conducted a post-processing effort after creating the raw disturbance map. The first
task in the post-processing effort was the reduction of ”salt and pepper” in the disturbance
map. The ”salt and pepper” phenomenon refers to scattered pixels that deviate considerably
from their neighbors based on the last disturbance year. We removed small clusters of these
that were less than 9 pixels in size (equivalent to 0.81 ha), considering them to be errors.
We adopted from the USDA Forest Inventory and Analysis (FTA) program a definition of
the minimum size of disturbance to be 0.404 ha (1 acre). Another task completed in the
post-processing effort was to cut the pixels at the edge of each image. The edge of the
raw disturbance map had a band of areas that recorded disturbances more frequently than
the rest of the area of the map. As a result of visual inspection, it was inferred that the
individual images within the Landsat time series stack did not have precisely the same
geographic extent. Therefore, the edge pixels were frequently located out of the extent of
the imagery and subsequently assigned NA value. Next, we calculated the ratio of Clear
Pixels (rCP) for each pixel to determine the pixels that were available in smaller quantities
(due to clouds, etc.), within the available imagery across the time horizon. For every pixel in
a scene, rCP was calculated as the number of the non-NA pixel values throughout the time
series divided by the total number of images available within a scene. It was also determined
that some of the pixels that were in specific land-uses, such as rivers, ponds, or buildings, had
smaller rCP values than the rest of the pixels. Based on visual inspection, we set rCP=0.6
as the threshold value for this post-processing effort. If a pixel had an rCP smaller than the

threshold, they were masked out from the forest disturbance map.

3.3.2 Accuracy assessment

To validate the forest disturbance map, we created 30 points for each of the 30 disturbance
year class and 2000 points for the undisturbed classes using a stratified sampling method.

The ratio of points between each disturbance year class and the undisturbed class was equiv-
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alent to the initial result of the disturbance detection map, which classified about 70% of the
pixels to the undisturbed class. The last disturbance year was visually inspected for each
point. Google Earth Pro Historical Imagery (GEPHI), custom GEE API, and the time series
Landsat Surface reflectance value chart were used as the data sources. GEPHI selected the
imagery used based on the user’s zoom level on display. When a user increases the scale
(zooms in), it provides high-resolution imagery, such as QuickBird and NAIP. When the
scale is decreased (when the user zooms out), it provides intermediate resolution imagery,
such as Landsat. In our inspection, we determined that the combination of Landsat im-
agery and middle-to-low scale imagery level was not sufficient to verify the occurrence of a
disturbance on a sample point. Therefore, when GEPHI provided only Landsat or Sentinel
imagery for a given year, we switched to using a custom GEE API. The custom GEE API
showed an annual Landsat mosaic imagery during the growing season for each year from
1984-2018. Although the spatial resolution of the API is 30-meters for all of the mosaics,
by increasing the scale (zooming in to the points) it turned out that visual verification of
disturbance was possible. For the detection of disturbances before 2005, the custom GEE
API was used as the primary data source, as GEPHI did not provide annual high-resolution
imagery; A time series chart of surface reflectance values was generated using the custom
GEE API. Although the occurrence of disturbances was not determined solely from the time
series chart, the chart was used to ascertain the time range within which disturbances were
likely to occur. Out of the 2900 points created through the stratified sampling method,
we first filtered out 187 points that were located on the boundary of two different stands.
It is because visually determine the disturbance year for these points is difficult. The last
disturbance year was detected for the rest of the points by using the aforementioned tools.
We created a confusion matrix based on the sample counts, and a normal confusion matrix
in terms of estimated area proportions (Card, 1982; Olofsson et al.; 2013). The area-based
confusion matrix was then used to develop an unbiased estimator of the total area for each

disturbance class, with 95% confidence intervals. In addition, overall and producer’s accu-
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Table 3.2: Disturbance history classification class.

Class name NLCD class Disturbance Area (ha) Description

Disturbed forest Forest Between 1987-2016 2,347,978 Disturbed at least once, cur-
rently forested

Persistent forest Forest No disturbance 7,330,405 Persistent forest

Recent disturbance  Non-Forest 2011-2016 370,208 Disturbed after 2011, currently
non-forest

Persistent non-forest Non-Forest No disturbance 4,944,445  Persistent non-forest

Deforestation Non-Forest 1987-2010 398,663 Disturbed before 2011, cur-

rently non-forest

racies were calculated using the estimated area proportions for each class in the area-based
confusion matrix.

Pixels without a disturbance record in our model were assigned to the undisturbed class.
To further classify the undisturbed classes into either persistent forest, persistent non-forest,
or into a non-forest-to-forest class, the National Landcover Database 2016 (NLCD 2016,
Multi-Resolution Land Characteristics Consortium (2019)) was consulted. The goal of the
projects involving the NLCD 2016 is to classify all the pixels within an area of interest to
forest or non-forest classes from the beginning to the end of the time horizon. To classify
the land-use at the end of the time horizon, the NLCD 2016 was used. The NLCD 2016 was
developed to create a consistent multitemporal land cover and land cover change map for the
conterminous U.S., at the 30-meter spatial resolution, from 2001 to 2016. In the NLCD 2016,
deciduous forests, evergreen forests, mixed forests, and woody wetland classes were assigned
as the vegetative land-uses. Yang et al. (2018) studied the accuracy of a map created from
the model for the Appalachian Mountains in the northern part of Georgia (WRS-2 path
18, row 35), and determined that the overall agreement between map and reference labels
was 88%. However, the user’s accuracy of evergreen forest, mixed forest, and woody wet-
land were relatively low (between 32%-62%). The NLCD 2016 raster data was downloaded
from the Multi-Resolution Land Characteristics Consortium website (Multi-Resolution Land
Characteristics Consortium, 2019). For the sake of our goal, reclassification of the original

data was performed. The four aforementioned vegetation classes were aggregated into one
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forest class, while the rest of the classes were reclassified into a non-forest class. The tem-
poral trajectory of all the land in the state in terms of the forest class was then examined
(Table 3.2). The pixels assigned to the persistent forest class were those with undetected
forest disturbances over our time horizon forest disturbance, and were considered as forest
in the reclassified NLCD 2016. The persistent non-forest class was assigned to pixels with
undetected forest disturbances, and were considered as non-forest in the reclassified NLCD
2016. The disturbed forest class was assigned to pixels with detected forest disturbance
within our time horizon, and which were also considered as forest in the reclassified NLCD
2016. Pixels with undetected forest disturbances were assigned to the persistent non-forest
class and were considered as non-forest in the reclassified NLCD 2016. The disturbed forest
class was assigned to pixels with detected forest disturbance within our time horizon, and
which were also considered as forest in the reclassified NLCD 2016. It was observed that
many pixels with a recent disturbance record were classified as the disturbed non-forest class.
Classifying a newly disturbed pixel as non-forest, as of 2016, was appropriate if the forest
represented by the pixel had not yet recovered. However, these pixels are more likely to be
regenerated as forest than pixels within the non-forest areas that were disturbed more than
five years ago. Therefore, we created the deforested class and recent disturbance class as
subclasses of the disturbed non-forest class to examine how much area was left as non-forest
for a substantial length of time. In the typical plantation forest management scheme in the
southeastern U.S., forest regeneration is initiated soon after a major disturbance, such as a
final harvest or fire. Thus, we classified pixels within the disturbed non-forest class detected
as being disturbed after 2011 into the recent disturbance subclass, while the rest of the pix-
els belonging to a disturbed non-forest class were classified as the deforested subclass. As a
result, five classes were developed to describe the temporal trajectory of all the land in the

state.
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Figure 3.3: Estimated area distribution of the last disturbance year.

3.4 Results

A 30-meter spatial resolution raster database, in which each pixel was assigned a value that
represents the last disturbance year of the forest (Figure 3.3), was created as a result of
applying the GEE to a time series of Landsat data. As is explained in Section 3.3.2; a count-
based confusion matrix was developed to assess gauge the accuracy assessment (Table 3.3).
An area-adjusted confusion matrix was also developed to inform the accuracy assessment
(Table 3.4). Using the area-adjusted method, the overall accuracy was 87%. As was shown
in Table 3.3, when using the area-adjusted method, the commission rate was lower than the
omission rate for most of the disturbed classes. Conversely, the commission rate was higher
than the omission rate for the undisturbed classes. The high omission rate indicates that

the disturbance detection algorithm tends to underestimate the area of disturbance.
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Figure 3.4: The last disturbance year map.
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The estimated amount of disturbed area by disturbance year is plotted in Figure 3.4.
The estimate indicated that 4,503,253 ha of the forest land in Georgia, which occupies
approximately 29.2% of the total forest land, was disturbed at least once between 1984
and 2016. The annual amount of disturbance area ranged between 84,651 ha (436,354
ha) and 211,780 ha (449,504 ha) for the entire state. It is worth mentioning that the
annual last disturbance area tends to be lower in the early period of the time horizon of this
research. Conversely, the annual last disturbance area tends to be larger for more recent
years. This is because the recent disturbances overwrite the older disturbance record. To
examine the regional variations of in forest disturbances, we aggregated the pixel values of
the temporal trajectory raster data to the county-scale. The mean last disturbance year was
then computed for each county, using pixels that have a disturbance record (Figure 3.5).
Subsequently, county-scale data was further aggregated at the ecoregion-scale (Table 3.6)
to illustrate the mean last disturbance year for the 159 counties in the state. The mean
last disturbance year was approximately 2003.69 for Southern Coastal Plain, while that of
Blue Ridge ecoregion was 2000.11. This result indicates that the forest was disturbed more
frequently in the areas where intensive management of plantations occupies more land.

To further examine the types of disturbances, the ratio of the recent disturbance subclass
to the disturbed non-forest class (Figure 3.6) was mapped. Figure 3.6 indicates that the
majority of non-forest pixels with a disturbance record in the Southern Coastal Plain were
disturbed after 2011. In these 19 counties located in the Southern Coastal Plain, more than
70% of the non-forest land was disturbed since 2011. On the other hand, about 67% of the
non-forest land in Piedmont was disturbed during this time period. This result coincides
with previous research, which revealed that the growth of the Atlanta metropolitan area
over the last four decades has led to changes in land-use and the fragmentation of forests for

urbanization purposes (Miller; 2012).
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Mean last disturbance year for the disturbed pixels by county
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Figure 3.5: Mean last disturbance year for the disturbed pixels.

3.5 Discussion

In this research, we examined the recent forest disturbance history of the state of Georgia.
In comparison to the change detection research that employed the VCT algorithm in North
Carolina (C. Huang et al., 2015), our results have almost the same overall accuracy (88.6%
vs. 87%), although the accuracy assessment methods between two research models are not
identical. The most significant difference between the model in C. Huang et al. (2015) and
our model is the number of the Landsat time series scenes used to conduct the analysis. As
a result, our model less frequently misclassifies the disturbance year, plus or minus one year.
This may be because we used dense imagery with less than 50% cloud cover. Due to the
improved data availability, it was possible to detect forest disturbances approximately every
30 days, unlike the previous research that used a single set of imagery or mosaic imagery
captured only during the growing season.

We attempted to compare our result with the two existing disturbance detection datasets:
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the North American Forest Dynamics data set (Masek et al., 2013), and the Global Forest
Change dataset (Hansen et al., 2013; Hansen et al., 2010). The North American Forest
Dynamics dataset does not match the spatio-temporal range of our study, as it covered only
2 out of 14 WRS-2 scenes used in our research. Additionally, the North American Forest
Dynamic dataset was limited to detecting change from 1986-2010. On the other hand, the
Global Forest Change dataset includes the entire state of Georgia, although its temporal
coverage initiates only after the year 2001. Thus, we selected the Global Forest Change
dataset as the basis of the comparison. Version 1.4 of the Global Forest Change dataset was
selected among the several available versions, as it covers the years extending between 2000
and 2016. If an accuracy assessment point was assigned a value smaller than that found
in 2001, we reclassified it to the undisturbed class. Following this, the pixel values of the

band that represents the year of gross forest cover loss event in the Global Forest Change

Ratio of the disturbance after 2011 by county
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Figure 3.6: Ratio of the disturbance after 2011 to all of the disturbances detected between

1987-2016.
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Table 3.6: Land-use pattern classification in Georgia. DistFor: Disturbed forest (%); PerFor:
Persistent forest (%); RecDist: Recent disturbance (%); PerNon: Persistent non-forest (%);

DeFor: Deforestation (%); AvgYear: Mean last disturbance year.

Ecoregion DistFor PerFor RecDist PerNon Defor AvgYear
Blue Ridge 3.51  76.47 0.36 18.36  1.31  2000.11
Piedmont 11.83  50.23 1.52 33.18  3.23  2000.93
Ridge and Valley 9.07  52.70 1.02 35.30  1.92  2001.12
Southeastern Plains 15.48  42.73 2.80 3721 1.79  2003.68

Southern Coastal Plain 23.27 45.18 4.55 23.96 3.06  2003.69

dataset was extracted to the accuracy assessment points. Finally, a confusion matrix was
constructed (Table 3.5). The overall accuracy of Global Forest Change was 85.9%, which is
lower than our result. In most of the user’s and producer’s, accuracies for disturbance class
in Table 3.5 were lower than our result, except for the undisturbed class.

The four conditions described in our new algorithm served different roles in detecting
forest disturbances. Among these conditions, two of them, namely the backward and forward-
moving average of IFZ, are based on the threshold method, while a third is based on the
statistical boundary method. The backward moving average is a condition that quantifies
the likelihood of a pixel being forest three years before the target date. The forward-moving
average, on the other hand, quantifies the likelihood of a pixel being forest three years after
the target date. These two moving averages describe the state of the landscape within a time
frame. As is shown in the various research conducted concerning change detection models,
it is possible to detect the occurrence of the land-use change by using only the backward
and forward moving averages (Kayastha et al., 2012; J. Li et al., 2015; Pickell et al., 2014).
However, if only these two conditions are employed, our algorithm suggests that disturbances
are detected before they actually occur. This is because the forward-moving average exceeds
the threshold when most of the observations come from the post-disturbance period. The

final condition, which sets the statistical boundary for the five post-disturbance observations,
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helps to detect disturbances at the correct time. Therefore, combining the threshold method
and the statistical boundary method alleviates the limitations of each method individually.
Although the results of the accuracy assessment suggest that this new method is better than
our previous analysis, which attempted to detect the disturbance history of seven counties
in Coastal Georgia (Obata et al., 2019), our new method still contained several areas of
concern. For instance, on the commission error side of the analysis, we found that some
forest thinnings could have been misclassified as a final harvest disturbance. One possible
reason for the confusion is that the change in IFZ, when mediated through a high intensity
thinning and through a final disturbance, could be similar due to the amount of forest canopy
removed, the amount of forest floor exposed, and the size of Landsat pixels. Often, a forest
thinning in plantation forests in Georgia removes up to 50% of the basal area, and the
residual live tree canopy may require three years or more to close the gaps that are created.
Conversely, on the omission error side, omission error rates for the disturbance classes were
between 23% to 67% in the area-adjusted confusion matrix. These errors are often physically
located at the edges of the disturbed stands. The omission error rate could be reduced by
changing the threshold values set for our disturbance detection algorithm. However, a more
relaxed set of the threshold values for the disturbance detection process might result in a
higher commission error rate, by confusing thinnings with final harvest disturbances. Thus,
a delicate balance must be struck if the parameters are to be adjusted in an effort to reduce
omission or commission errors. One plausible way of acquiring better overall accuracy may
be to develop a system that would optimize the threshold values in the conditions we set in
our algorithm.

Future research related to the methods described here might focus on detecting more
recent disturbances. To achieve this goal, it is necessary to remove the third and fourth
conditions in our model, which observe the IFZ values after the disturbance. A second focus
may be to combine the regeneration history data with disturbance year, as the timing of

regeneration processes (site preparation, planting, etc.) can range from nearly instantaneous
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after harvest, to 2-3 years after harvest. In our regional-scale disturbance analysis we did
not directly examine the timing of the forest regeneration. By applying a method for detect-
ing the forest regeneration, it is expected that one may more closely comprehend dynamic
changes in forests across broad areas of a landscape.

Finally, the disturbance year map created in this research can be used to conduct an
analysis related to the forest inventory in Georgia. Once the disturbance year is combined
with a broad-scale forest inventory, the data can be used to estimate the above-ground
biomass and perhaps other forest product-related metrics of interest to both society and
industry. Previous research has demonstrated the use of these types of methods in estimating
biomass in various regions by incorporating environmental data to improve the accuracy of
the estimation (Maselli et al., 2005; McRoberts, 2012; Tanaka et al., 2014; Tomppo et al.,
2008). Although these research efforts have succeeded in creating databases that estimate
above-ground biomass, there is a known issue in which spectral reflectance values of Landsat
imagery are insensitive to changes in biomass among dense and multilayered canopy forests,
regardless of their age. Consequently, the biomass estimation results in low accuracy for
high biomass stands (Lu et al., 2016; Zhao et al., 2016). By incorporating the disturbance
year data created in this research, it is expected that the old forest and young forest can be

discriminated more easily among dense and multilayered canopy forests.

3.6 Conclusion

In this research we created a raster database, in which each pixel value represented the last
disturbance year of forests within the State of Georgia (USA). Then, Google Earth Engine
was used to process dense images from the time series of Landsat TM/ETM imagery. Finally,
we combined the VCT algorithm, a threshold method, and the statistical boundary method
to create our algorithm, which to detects the forest disturbances. The overall accuracy of

the disturbance year data was 87%. The data suggest that 29.2% of the land area in Georgia
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was disturbed between 1984 and 2016. The estimated annual last disturbance area ranged
between 84,651 + 36,354 ha and 211,780 + 49,504 ha. As the process records only the
final disturbance for each pixel, the annual area of disturbance tends to increase towards
the more recent years. The use of dense time series Landsat imagery contributed to the
achievement of less frequent misclassification of the disturbance year, plus or minus one year.
Combining the threshold method and the statistical boundary method made it possible to
detect disturbances with a relatively accurate temporal specification. Furthermore, by using
the NLCD 2016 dataset and the disturbance map we created, we were able to further examine
regional variations in the disturbance history. The subsequent analysis confirmed common
insight on land-use patterns: namely, that disturbed forests near urban areas were more likely
to be converted to other land-uses than disturbed forests in rural areas. Meanwhile, in the
Southern Coastal Plain, where intensive plantation forest management is widely practiced,
forests experienced the greatest intensity of disturbance and regenerated at a higher rate
relative to other regions. The remaining task is to increase the size of the dataset used
for the disturbance detection by combining sensors or missions that were not used in this
analysis. For instance, incorporation of Landsat 8 OLI may improve the accuracy of the
estimation since it enables the denser temporal coverage within the time range. In addition,
Sentinel 2 could be incorporated to our model if the data fusion between Landsat mission

and Sentinel mission is successfully achieved.
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Chapter 4

Estimation of forest growing stock stand
volumes based on Harmonic regression

with ensemble method and 1984-2016

Landsat 5 and 7 imagery !
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Abstract

Forest density and volume are some of the most critical inventory estimates used
in forest management activity. Since their inception in the 1990s, the development of
satellite imagery-based imputation methods has allowed for the estimations of forest
inventories on the national-scale. The first inventory created using such a method
was developed in Finland in 1990, and since then, the method has been applied in
various other regions. In the most recent decade, the random forest (RF) algorithm
has gained considerable attention. The RF algorithm can reduce the variance of re-
gression predictors; even though, it does not reduce resulting biases, which can cause
systematic underestimation or overestimation of predicted values. We have built an
RF regression model that estimates the growing stock volume of the forests in the state
of Georgia, United States, using dense Landsat TM/ETM imagery from 1984-2016 and
subsequently applied a bias correction method to the primary estimation. The goal of
this research was to examine the effectiveness of using dense Landsat TM/ETM im-
agery and the application of the bias correction method on the accuracy of the growing
stock volume estimation. We used dense Landsat satellite imagery from 1984-2016
and computed three Tasseled-cap components were computed. Both short-time (2014-
2016) and long-time range (1984-2016) time series were prepared using the Landsat
data, and harmonic regressions were subsequently performed on each data entity. Af-
terward, the coefficients and the fitted values of the harmonic regression were recorded
as pixel values in a multi-layer raster. The data from the Forest Inventory and Analysis
surveyed in 2016 was used for the field inventory data, while the National Land Cover
Database and disturbance history data were used as ancillary databases. The totality
of the available data was organized into seven distinct random forest models differing
in their variables. The models were subsequently compared in order to ascertain the
most satisfactory model. A bias correction method was then applied to all the RF
models to examine the effect of the method. Among seven models, the worst model
was the model using the coefficients and fitted values of the short-time range Landsat

imagery only and the best model was the model using coefficients and fitted values
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of both short-term and long-term range Landsat imagery. The best model was 35%
better than the worst model, rRMSE, Out-Of-Bag (OOB) score and bias of the top
10% volume class of the best model was better than the worst model by 10%, 35%, and
12%, respectively. The bias correction method reduced the percent bias from 3.79%
to -1.47%. The bias correction method also reduced the bottom 10% bias by 18% and
the top 10% bias by 7%. The types of the feature variables were varied depending on
the species used for individual RF model.

Keyword; Forest sustainability, forest disturbance, Landsat imagery, Google Earth En-

gine

4.1 Introduction

4.1.1 Importance of the growing stock volume

Forest density and volume are the primary measures of inventory needed in forest man-
agement planning. Timber volume is directly related to the economic benefits of the forest
product industry (Bettinger et al., 2017). Forest density is also important for various ecosys-
tem functions and wildlife habitats. For instance, the maximum basal area suitable for the
habitat of the red-cockaded woodpecker (Picoides borealis) is suggested to be 18.4 m?/ha
(U.S. Department of the Interior, Fish and Wildlife Service, 2003). Moreover, timber volume
and density are directly related to the carbon stock, which is a critical issue in sustainability
considerations (Miksys et al.; 2007).

In the Southeastern USA, both private and public organizations managed the forest in-
ventories and their assessments. The U.S. Forest Service’s Forest Inventory and Analysis
(FTA) Unit provides data for large-scale forest inventory as a publicly available forest survey
based on annual measurements. The main objective of the FIA is to determine the extent,
condition, volume, and growth of forest land (Brandeis et al., 2012). The inventory splits

the conterminous United States into 28,000 constituent hexagons, each with their centers
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approximately 17 miles apart. The center of each constituent hexagon subsequently serves
as the field survey point. Each established FIA plot represents about 6000 acres of land
area. In addition to the central point, three other sample features are located around the
central point of the hexagonal grid, each consisting of a subplot and macroplot (Figure 4.1).
All the trees within a plot of whose DBH is greater than 5 inches are the subjects of the
field measurement (Bechtold et al., 2015). Although this data provides a good estimation
of volume on the state-level, they are not suitable for sub-county level estimations of the
stand volumes. Some public and private landowners conduct their separate inventory assess-
ments using ground measurements and forest information systems and associated field data.
Although these inventories may provide high-resolution volume estimations, the systems
are often spatially restricted to the property boundaries of the landowners and as privately

owned information they are generally not available to the public.

4.1.2 Satellite-based volume estimation

Satellite-based forest volume estimation was first developed since the 1990s for the national-

scale forest inventories. This approach was using multi-source methods to combine field
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Figure 4.1: Sampling plot design of FIA Bechtold et al., 2015.
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inventory data with satellite or airborne sensor measurements contained in the imagery.
Statistical models were applied to estimate the volume for each pixel in the raster database
represented by each image. Landsat imagery is the most commonly used satellite imagery
for this approach, which uses kNN methods for propagating estimation of pixels having spa-
tially corresponding to them ground measurements to other pixels without such additional
ground information. With the combination of FIA and Landsat TM imagery, it is possible
to develop a distribution of forest resources at a pixel level spatial resolution. The Finish
inventory uses 25 m pixels, while in the USA the most common is the use of 30 m pixels).
The first operative results based on this kind of approach were developed in the year 1990 for
Finland (Tomppo, 1990). The product created through this work was a 30-meter resolution
raster database that contained the volume of growing stock. Following the Finnish example,
similar inventory data were derived for Sweden (Reese et al., 2002; Reese et al., 2003). After
these successful applications of the kNN methods to forest inventories, similar approaches
were further applied to many regions and national forest inventories, such as those seen in
the USA, Norway, Ireland, and Japan (Franco-Lopez et al.; 2001; McRoberts et al., 2002;
Maselli et al., 2005; Tanaka et al., 2014; Barrett et al., 2016).

Along with the development of multi-source methods in general, the satellite imagery em-
ployed has also evolved. The use of satellite imagery in the applications of the kNN methods
has also evolved over time. In the earlier research involving multi-source methods, initially
satellite imagery was selected from a single date, leading to potential problems. For instance,
To overcome the problems caused by cloud coverage, some of the research analysts created
a composite image spanning over a year (Moody et al., 2001; Hird et al.; 2009). Over time,
the number of satellite images used in research has increased since Landsat imagery became
available for free in October 2008 (roy’landsat-8:"2014; Woodcock et al., 2008). To take
advantage of the unlimited and gratis availability of the Landsat archives, some research
began to have employed the use of dense Landsat imagery for the estimations of the land use

changes, and to detect disturbances (IKennedy et al., 2012; Zhu et al.; 2014; Brooks et al.,
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2014). In this type of research, multiple images taken within the established spatial and
temporal boundaries were employed collectively to construct a time series datasets allowing
tracking stand changes over time with the pixel spatial resolution. The time series datasets
are usually reduced to trends, seasonal changes, and noise components, prior to the analysis
of the land use changes itself. Thus, the raw pixel values of satellite imagery are regarded
to be a quasi-systematic sample of the land surface (Brooks et al., 2014). The derivatives
of the raw pixel values are then used as inputs of the land use change analysis. Although
the considerable computational power necessary to analyze dense satellite imagery has made
it more difficult to perform these types of analyses, the rise of cloud-based platforms pro-
vides sufficient computation ability for large-scale geospatial analysis. Google Earth Engine
(GEE) serves as one of the most common platforms for the implementation of large-scale
geospatial analyses (Gorelick et al.; 2017).

For instance, using the GEE platform, Wilson et al., 2018 performed a harmonic regres-
sion on dense Landsat imagery. The coefficients of the regression were used as the feature
variables of the non-parametric modeling approaches. Using all of the available time series
Landsat imagery, it was found that the estimations of the continuous variables related to
forest stands (i.e., basal area, number of trees and foliage biomass) showed a two- to three-
fold increase in the explained variance, relative to the estimations found using per monthly
image composites. Although Wilson et al., 2018 thoroughly examined the advantage of us-
ing relatively short time range Landsat imagery (2013-2016), the advantage of taking the
long-term Landsat imagery was not inspected. Additionally, Wilson et al., 2018 used the
coefficients of harmonic regression; the fitted values of the harmonic regression were not
examined. Furthermore, the effect of the bias correction method when it is applied to the

forest inventory data is not examined.
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4.1.3 Volume estimation with random forest methods

Random Forest (RF) is an algorithm that handles large volumes of data within a relatively
short computation time (Breiman, 2001). The RF regression initially begins by building
many simple classification trees during a training period. Afterwards, the final predictor
generated by the model is considered the average of the predictions made by the individual
classification trees (Liaw et al., 2002). The bagging and CART-split criterion are the two
main components of the RF algorithm. The bagging creates bootstrap samples from the
original data set, before using these samples for the individual decision trees. The CART-
split criterion is employed in the process of the construction of each tree to determine the best
cut of the data set into the branches. For the regression model, the CART-split criterion is
based on the prediction squared error. The RF is generally recognized as a suitable method
for making predictions using small data sets with high-dimensional feature spaces. This
characteristic makes the RF algorithm the preferable method for estimations of the forest
stand growing stock volume, as the size of the field inventory data is relatively small and the
variety of variables, such as remote sensing data, geographical data, and environmental data,
can be high. This supervised learning procedure works based on the “divide and conquer ”
principle. RF regression is widely used for making data predictions, including forest attribute
estimation (Wilson et al., 2018; Gigovi¢ et al., 2019; Tompalski et al., 2019). One of the
primary advantages of using an RF model is that it can determine the importance of a
variable, which indicates the contribution of each feature variable to the model prediction.
The mean reduction in prediction accuracy evaluates the importance.

One of the known issues of RF involves bias. It is argued that bagging could diminish
the extent of the variance of regression predictors, yet it does not reduce the magnitude of
the bias (Breiman, 1996). On the other hand, because extreme observations are estimated
using the average of the estimation of each tree, large observations close to the maximum
value within the data set are underestimated, and small values of the regression function are

overestimated (Zhang et al., 2012). When a data set is imbalanced, estimations using the
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Figure 4.2: Flow chart of the research.

RF algorithm are more susceptible to the risk of bias (C. Chen et al., 2004). Zhang et al.,

2012 propose a method to correct the bias in RF.

4.2 Methods

In this research, we built a model that estimates the growing stock volume of the forest in
the state of Georgia, United States, using an RF regression. The goal of this research was
to determine contributing factors in a model that either improve the model’s performance,
or reduce the magnitude of the overestimation of the large volume class and magnitude of
the underestimation of the small volume class. We specifically focused on the Out-of-bag
(OOB) score, the relative RMSE (rRMSE), and the relative bias (rB) to evaluate the model

performance. To achieve this goal, we examine the following questions throughout this paper:
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1. Does applying different time ranges to the available Landsat imagery data set con-

tribute to a better estimation? If so, which time range options are the most useful?
2. Which feature variables are important? Why are they important?

3. Does using the last disturbance year data as one of the feature variables of the RF

regression improve the estimation accuracy?

4. Does the bias correction method for RF regression decrease the size of the bias of the

estimation? How is the rRMSE affected by this correction?

To address question 1 and question 2, two types of time series Landsat datasets were pre-
pared, with the Landsat imagery in each dataset originating from a distinct time range.
Subsequently, the time series data was transformed into the Fourier series via harmonic re-
gression. From each series, we retrieved the key values that were used as the feature variables
of the RF regression and created a multi-layer raster in which the pixel values represent the
key values. Publicly available field inventory data was combined with the multi-layer raster
data to create the tabular data. Using the tabular data, we performed an RF regression
using various combinations of the feature variables to determine the best combination of
variables, and to examine the importance of individual features. To address our third ques-
tion, we added two ancillary data to the combination of the feature variables derived from
using the time series Landsat data. The first data is the raster data in which the pixel values
represent the last disturbance year of the forest stands since 1987. The other mentioned
ancillary data is land cover data. Then, we examined the magnitude of the contribution
of these two ancillary databases to the estimation. Next, we applied the bias correction
method for RF regression to analyze how much bias is reduced. We also examined the effect
of the bias correction model as it was applied to the best RF model among the models we
built, in order to answer our fourth question. Finally, we discussed the result of the work
and considered the potential reasons for why each of the situations contributed, or did not

contribute to the improvement of the estimation.
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Figure 4.3: Study area and its ecoregion.

4.2.1 Study area

Our study area is the state of Georgia, United States; Georgia is located in the southeastern
region of the United States and contains approximately 15,390,000 ha of land area (Fig-
ure 4.3). In the Southern Coastal Plain plantation forests are often intensively managed.
The main plantation species is loblolly pine (Pinus taeda), which has a normal rotation age
of 20-25 years (Fox et al., 2007; D’Amato et al.; 2017). In the Appalachian mountain area,
most of the forests are hardwood or mixed forest and are less frequently disturbed (Obata

et al., 2019).

4.2.2 Satellite data

All of the satellite data in this study were queried and processed using the GEE platform.
All of the Landsat data was selected from the Level-1 Precision Terrain corrected product
(L1TP), for 13 path/row combinations as shown in Figure 4.3. The L1TP satisfies both
radiometric and geometric criteria set by the United States Geological Survey (USGS) (U.S.

Geological Survey, 2020). From the L1TP collection, we selected Landsat 5 TM and Land-
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Figure 4.5: Harmonic regression on TCW of the time series Landsat imagery for an evergreen

forest (Lon.-81.790, Lat.31.063).

sat 7 ETM+ Surface Reflectance data, which was generated using the Landsat Ecosystem
Disturbance Adaptive Processing System (LEDAPS) algorithm (Masek et al.; 2006). Two
different time ranges were arranged in order to create distinctive time series Landsat data.
The short time period was limited to 3 years and ranged from the beginning of 2014 to the

end of 2016. The long-time range was set to 33 years, spanning from 1984 to 2016. All
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of the available images were queried for each time range. For each set of images in both
time ranges, clouds, cloud shadows, water, and snow interference were masked out using
the C Function of Mask (CFMask) algorithm (Zhu et al., 2012a; Zhu et al., 2015a; Foga
et al., 2017). For convenience, we refer to the time series Landsat data that encompasses the
long time range as the ”Long Time Series Landsat” (LTSL) data set. Similarly, we call the
time series Landsat data that encompasses the short time range as the ”Short Time Series
Landsat” (STSL) data set. Additionally, we computed the Tasseled Cap Brightness (TCB),
Tasseled Cap Greenness (TCG) and Tasseled Cap Wetness (TCW) using surface reflectance
data. The coefficients calculated in Crist, 1985 were applied to compute the TCB, TCG,
and TCW. Subsequently, these values were inputted into a multiband time series raster.
Additionally, an ordinary least squares, harmonic regression was performed to fit the Fourier
series to each Tasseled Cap band for both the short and long data sets. The form of the

Fourier curve is derived from (Shumway et al., 2017) and is as follows:
Y, = Bo + But + Ba cos(2mwt) + B sin(2mwt) (4.1)

where, Y;: Fitted value for the imagery taken at ¢, By: Intercept, B1: Slope, (: Cosine term
coefficient, f3: Sine term coefficient.

We fixed w = 1 so that the Fourier curve has a single-cycle in a year, although there is
previous research that fits the Fourier curve to the time series satellite imagery employing
the multiple cycles in a year (Zhu et al., 2016). All four coefficients of the equation (1) are

taken as the raster values. The amplitude is computed as follows:

Amplitude = /53 + 32 (4.2)

The impact of the amplitude is on the height of the wave. Fitted values were computed
for all the dates for which the time series Landsat imagery was acquired and for each pixel.

Next, we calculated the maximum, minimum, mean and RMSE from both the fitted values
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Figure 4.6: Harmonic regression on TCW of the time series Landsat imagery of an evergreen

forest (Longitude: -81.789827,31.062906).

and the observed values (Figure 4.6). Consequently, 9-band imagery was created for each
band by stacking all of the metrics. Then, each of the bands generated from the STSL and

the LTSL were compiled to create the single raster layer used for the subsequent analysis.

4.2.3 Ancillary databases

In addition to the remote sensing data, we selected two ancillary databases, which were
expected to help improve the RF prediction. The first of these is the 2016 National Land
Cover Database (NLCD) Land Cover products for the conterminous U.S. (Yang et al., 2018).
The 2016 NLCD was created by the Multi-Resolution Land Characteristics consortium to
provide a consistent multitemporal land cover and land cover change map for the contermi-
nous U.S. at 30-meter spatial resolution. The 2016 NLCD classifies the land into 16 classes.

Out of these 16 classes, the land where shrubs or trees cover more than 20% of the area is
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Table 4.1: NLCD 2016 Land Cover Class on the FIA field plots.

Mean volume # of plots

Land cover class Class' # of plots (m? /ha) disturbed?
Water 0 4 220.61 2
Developed 0 43 330.14 6
Barren land 0 2 146.99 1
Deciduous forest®* 2 191 433.5 21
Evergreen forest®* 1 274 431.61 80
Mixed forest®* 2 75 416.8 10
Shrubland 0 32 138.43 16
Herbaceous 0 28 148.46 19
Planted /Cultivated 0 51 132.47 2
Woody wetlands® 2 185 462.28 32

10:Non-forest. 1: Evergreen Forest. 2: Non-Evergreen. 2 Disturbance

record for each plot was retrieved from (obata'mapping2020).

3 Areas where forest or shrubland vegetation accounts for greater than

20% of vegetative cover.

4 Areas dominated by trees generally greater than 5 meters tall.
classified either as deciduous forest, evergreen forest, mixed forest, or woody wetlands. We
note that more than 20% of the FIA field inventory data are positioned on locations where
the land cover class is not forested (Table 4.1). We included all of the field inventory data
that is classified as non-forest in a later analysis, as the NLCD misclassifies some of the forest
pixels as a non-forest class. The second ancillary database adopted in this research was the
Last Disturbance Year map of Georgia. This map detects the last disturbance that occurred
between 1984-2016 for every land area in the entire state of Georgia at 30-meter spatial

resolution (obata'mapping2020). Regardless of the current land use, a pixel without any

disturbance record between 1984-2016 is classified as undisturbed.

4.2.4 Growing stock estimation

FIA data was selected as the field inventory. Satellite data and ancillary data were stacked
into a multilayer raster that contained 56 bands (54 bands from satellite data and 2 bands
from ancillary data). To integrate the raster and FIA field inventory data, we requested

the USDA Forest Service to extract the pixel values of the raster data onto the field plot
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Figure 4.7: Flow chart of the research.

points; They extracted our raster data onto the point data to provide us with tabular data
containing plot ID number and the pixel values of our raster data set. We note that all
information potentially allowing the data user to detect the exact coordinate of the plot
data was removed by USDA Forest Service in compliance with the Privacy Act in 1974
(Smith, 2002); Thus, we do not know the exact locations of the plots. The tabular data was
aggregated with the FIA’s original database, available from the FIA DataMart (https://
apps.fs.usda.gov/fia/datamart/datamart.html). For each plot ID, all of the individual
tree measurement data were available. Although individual tree measurements are available
from the four subplots shown in Figure 4.1, only the data from the central subplot of a plot
was used for the volume calculation, in order to avert the problem of spatial correlation
among subplot observations (McRoberts et al., 2002). Based on the code found in Burrill
et al., 2018, individual tree data were aggregated into the plot-level growing stock volume

per acre as follows:

Vi= () vy) k (4.3)

J=1
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Where,

V;: Per hectare growing stock volume of plot i.

vi;: Net m? volume of jth tree in plot i equivalent to the net volume of wood in the central
stem.

m;: The number of trees in plot i.

k: Expansion factor to convert the total growing stock volume of the plot to per hectare
growing stock volume.

For the RF regression, the data set was split into the dependent variable, which is growing
stock volume per hectare, and the independent variables, which are all derived from Landsat
imagery and ancillary data. We calculated the rRMSE, the relative bias (rB), and OOB
score. RMSE has been used as the primary determinant of the model performance (Chirici
ct al., 2016). As the absolute value of the RMSE is incomparable between research conducted
in the different areas of study, the rRMSE, calculated by the following formula, is used in

favor of the RMSE.
RMSE

~

Y

rRMSE =

%100 (4.4)

The bias is required to know the direction of the error. Subsequently, rB is calculated in the

same way as rRMSE, They are formulated as follows.

> (Wi —Us)

n;=1

Bigs = —/— 4.

a8 - ( 5)
Bias

rB=——x%x100 (4.6)
Yy

In addition to the evaluation of the entire data set, we focused on the smallest and largest
volume group as it is known that the error of the non-parametric estimation of the volume is
usually heteroskedastic that the size of the error is not equally distributed (McRoberts, 2009).

We grouped the field inventory data into deciles based on the observed growing stock volume.
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The bottom 10% ranged between 0.1 m?/ha to 12.9 m?/ha, while the top 10% group ranged
between 249.1 m?/ha to 682.1 m3/ha.We calculated the bias for the bottom 10%, middle
80%, and top 10%, separately. The RF regressor was trained using the training dataset.
Scikit-learn, a Python module that provides machine learning algorithms for medium-scale
supervised and unsupervised problems, was used to perform the RF regression (Pedregosa
et al., 2011). The number of decision trees created in the RF algorithm was set to 500.
The mean squared error was selected as the function to measure the quality of a split in the
individual decision trees. Individual decision trees were trained by the data bootstrapped
from the original training data set.

First, we built a base model that used the coefficients of the harmonic regression on the

STSL, LTSL and the last disturbance year record as the feature variables (Cysy, in Table 4.2).

Table 4.2: Summary of the feature variables.

Vegetation index Time # of Values RF Models
/Data source Range Variables Cs;, Fs; CFs CF, CFs; FEs; NEsp
1984-2016 4 Regression v v v v
Landsat coefficients
TCB 1984-2016 5 Fitted values v v v v
2014-2016 4 Regression = vV
coefficients
2014-2016 5 Fitted N N
values
Features 1984-2016 4 Regression v S ooV Y
coefficients
Landsat Fitted
TCG 1984-2016 5 v v v v
values
2014-2016 4 Regression = ooV Y
coefficients
2014-2016 5 Fitted VS v v v
values
1984-2016 4 Regression v VA,
coefficients
Landsat Fitted
TCW 1984-2016 5 - v v oV v
values
2014-2016 4 Regression VR v
coefficients
2014-2016 5 Fitted VR VR v
values
NLCD 2016 1 Land use class v v
Last disturbance 1984-2016 1 Disturbance year v v v v v v v
Response FIA data 2016 1 Growing stock volume v v v v v v v
57 variables 14 26 17 32 56 57 57
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Next, the fitted values of the STSL, the LTSL, and the last disturbance year data were
selected as the feature variables of the base model (Fg; in Table 4.2). In the third model,
both the fitted values and coefficients of the STSL and the last disturbance year data were
selected (C'Fg in Table 4.2). To make a comparison with the third model, the fourth model
takes both the fitted values and coefficients of the LTSL, as well as the last disturbance year
data were selected (C'Fp, in Table 4.2). CFgr, meanwhile, used all of the feature variables
from the previous models (C'Fsy, in Table 4.2). After determining the best combination
of the variables derived from remote sensing data, we split the data by the forest type, as
defined in the 2016 NLCD. The first group contained only the evergreen forest and was
denoted as the Evergreen data set. The second group contains the rest of the forest groups
listed in Table 4.1 and was denoted as the Non-Evergreen data set. Then, the RF model was
trained and evaluated separately (Es; and N Egy in Table 4.2). Following this, predictions
for each data were aggregated to compute the OOB score and rRMSE as the eighth model
(Esr, + NEgy, in Table 4.3).

One of the bias correction methods proposed in (Zhang et al., 2012) was applied to each
model to reduce the bias observed in the top and bottom 10% of the volume classes. In the
model, we conjectured that bias would be attributed to the response variables. To inspect
the effect of the bias correction, the data was split into training and test data, respectively.
The ratio of the training to test data was then set to a 2:1 ratio. For the training data, the

RF model was created, and the residual of the RF regression (e) was computed as follows:

e=Y — f(X)=B(Y)+e¢ (4.7)

Where,
Y: The growing stock volume of the observations in the training data.

f(X): Predicted values of the RF regression using feature variables of the training data.

B(Y'): Regression bias.

95



e: The error term. € ~ N(0,0?).

A

BY)=a+ B Y*+ Y (4.8)

The bias-corrected prediction ( fbc) was calculated by subtracting the estimated bias.

foe=f — B(Y) (4.9)

The effect of the correction was evaluated for the test data.

4.3 Results

Eight models described in the previous section are trained and evaluated (Table 4.3). Among
all the models using the field inventory data of all species, the best model was C'Fgy, in terms
of the OOB score. In comparison to C'Fg, in which the OOB score is the worst amongst
them, the OOB score was 35.2% better. The OOB score and rRMSE of Fg;, were better
than Csz by 2.2% and 3.0%, respectively. Between the models that used both coefficients
and fitted values, C'F, showed a better result than C'Fg. The rRMSE of C'F;, was improved
by 9.8% and the OOB score was improved by 34%. Figure 4.8 shows the feature importance
of the top 10 variables in C'Fs;. The maximum value of the TCW generated from the
STSL had the highest feature importance. FEg; and N FEg; were trained for the smaller

sample sizes, as the data set was split based on the forest type. The evergreen forest had a

Table 4.3: Summary of the RF models.

Cst Fsp CFs CFp CFgg Est NEs;, FEsp+ NEgg
Observation Mean 121.21 121.21 121.21 121.21 121.21 113.39 128.16 -
rRMSE 68.93 67.38 71.48 65.09 64.42 59.66 70.50 65.67
rBias 4.19 3.48 3.72 2.66 3.79 3.09 4.82 -
OOB_score 34.8 3587 2339 35.63 36.11 46.52 34 39.15
Species all all all all all Evergreen non-Evergreen all
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better OOB score than C'Fgy, by 9%, whereas N Esy, — which takes field inventory data from
non-evergreen samples, returned a lower OOB score than C'Fs;. The OOB predictions of
FEsr, and N Es;, were aggregated to compute the rRMSE and OOB score for the entire data
(Esy, + NEgy, in Table 4.3). The rRMSE for the aggregated prediction was similar to that
of C'Fyr,, while the OOB score for the aggregated prediction was worse than that of C'Flsy,.
Feature importance of Es; and N Eg; were presented in Figure 4.8. For evergreen forests,
the six most important features were either the TCW or the TCB of the LTSL. For the rest
of the species, the maximum fitted value of the harmonic regression derived from the TCW
of the STSL. The second important feature was the maximum fitted value of the harmonic
regression on the TCW of the LTSL. In comparison with Fg; and NFEgy, the maximum
fitted values are given greater importance in Fgy, than in N Egy.

The bias correction method was applied to all the models. The relationship between the
observed growing stock volume and the estimated bias for C'Fgy, is illustrated in Figure 4.9.
For each RF model, we subtracted the estimated bias from predicted volumes to acquire the
bias-corrected prediction. Bias-corrected prediction reduced rB, bottom 10% bias, and top

10% bias from the original prediction in all models (Table 4.5).

4.4 Discussion

The multiple models we examined in the previous section showed different results due to the
different data sets and the prospective variables applied to each model. In this section, we
discuss the possible impact of several factors on the predictions using RF.

The inclusion of the LTSL into the set of feature variables was effective. As is shown in the
comparison between C'Fg and CFp, the inclusion of the LTSL into the set of feature vari-
ables contributed to improving the OOB score. Table 4.4 shows how many times a variable
was selected as the 10 most important variables in terms of feature importance for C'Fsp,

Egsr, and NEg;. The number of features created from the LTSL is more than the STSL

97



0.25 0.25 0.25

0.20 0.20 0.20
(] [} Q
50.15 50.15 50.15
g £ £
g o s
20.10 20.10 £0.10
= i i
0.05 I I 0.05 I 0.05 I I
0.00 . I!OI!O. 0.00 I..!.l 000 B i !.!.!
\ c c % x . . .
P AR T 2% % R9%.9% LY PR VECI - I
LU % 6 g2 2 0 % 248 9% A% % e g
%555 5% %% 5 %555 5% %555 % 5%%%
Te® e g g Le e’ & e 2% e 2"
% N % &® Feature variables
Feature variables Feature variables

Figure 4.8: Feature importances of three RF models. Left: C'Fgr, Center: FEg;. Right:
N Egy. The abbreviated name for the feature variable represents <Type of variable>-<Type
of tasseled cap component used>-<Length of the Landsat data used> (i.e. max-w-short

represents the maximum value of the fitted value of the harmonic regression on the LTSL of

TCW).

in CFsr, FEgr, and NEgr. In Egp, features derive from the LTSL were more important
than in NEg;, model. On the other hand, the STSL maintains a degree of importance for
N FEg;, model. The different effects of the LTSL and STSL on the two models result from
the different ratios of the field inventory data with disturbance Table 4.1. While 29% of the
field inventory data of evergreen forest has disturbance record, 14% of the field inventory
data of the non-Evergreen forest has the disturbance record. Since LTSL convolutes the
time series trajectory of Landsat spectral values over long periods of time, features from the
LTSL gained importance in Fgy, of which field inventory data was taken from the relatively
dynamic and young forest. As the STSL captures recent trends more precisely than the
LTSL, the STSL gained a degree of importance for N FEgsy,, of which field plot data relate to

the relatively stable and mature forest.
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Features extracted from fitted values of the regression generally showed more importance

than the coefficients of the harmonic regression (Table 4.4) in C'Fs;, model. The importance
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Figure 4.10: Elapsed time from the last disturbance and the observed volume per hectare.

of the features was different between species as is shown in Figure 4.8. The mean of the
fitted values of the LTSL had a lower feature importance value for N Eg;, than for Eg;. The
mean value combines the fitted value of the leaf-off season and the leaf-on season. As the
fitted value of the leaf-off season does not have a clear difference between the large-volume
class and the small volume class, the mean of all the fitted values distinguishes between the
large and small volume ambiguity. On the other hand, the maximum value of the LTSL
of the TCW had lower feature importance value for Eg; than for NEg;. This is because
the maximum value can capture the highest value in a time range. Thus, we infer that the
maximum value captured the value in a leaf-on season.

The feature importance of the last disturbance year data was less than 0.02 in all the mod-
els we built. Additionally, the difference between the OOB score of the model without the

disturbance year record and the model with the disturbance year record was less than 0.01.
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The first plausible reason for the relative unimportance of the last disturbance year data
is that 80% of our field inventory data does not have any disturbance record. In line with
most disturbance detection models, our last disturbance year data is limited to tracking
disturbances that occurred after 1984, when the Landsat 5 was launched (Markham et al.,
2004). Thus, disturbances that occurred before the launch time are not tracked, and these
pixels are assigned to an "undisturbed” class as the value of the last disturbance year. Ac-
cordingly, about 70% of the pixels in our study area were assigned to the undisturbed class.
The second plausible reason for the relative unimportance of the last disturbance year data
is that the land use after a disturbance is not considered in our model. Figure 4.10 shows the
correlation between the observed growing stock volume per hectare and the last disturbance
year. We split the original data into three groups: (1) evergreen forest group (EF); (2) wet
woodland, deciduous forest and mixed forest group (Deciduous); and (3) rest of the land-use
group (Other). Three linear regression models were built for the three different groups. From
these, it was observed that the plots with a short lapse of time from the last disturbance
resulted in a minuscule degree of variability. On the other hand, the observed volume of the
plots with long elapsed time showed a large degree of variability.

This distinction demonstrates that the importance of the elapsed time from the last distur-
bance decreases as time passes and that consequently, other factors become more important
in the determination of the volume of the stand. Additionally, it was noticed that the slope
of the regression line for the Other group is nearly equal to zero. Therefore, we infer that
even though the FIA collects the relevant data, the other group remains unforested after
the disturbance. Conversely, the EF group was found to have the largest slope among the
three groups; This is likely because a large amount of the evergreen forests in this area are
plantations, and as such they are subject to various prescribed silvicultural management
protocols.

The rB ranged between 2.66 and 4.19 in the models using all the field inventory data. C'FT,

returned the smallest B and the bias of the top 10% field inventory data. A comparison
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Table 4.4: Number of top-10 feature variables for CFsy, Esr, and N FEgy,.

Length Model max mean min rmse sin slope intercept Total

CFSL 1 - - 2 - - - 3
STSL  ESL - 1 - - - 1 - 2
NESL 1 - 1 - 2 - - 4
CFSL 1 1 - 2 1 1 1 7
LTSL  E_SL 1 2 1 2 - 2 8
NESL 1 1 - 2 1 1 - 6

between C'Fg and CFp showed the difference in the bias of the top 10% data. The bias
of the top 10% data for C'Fs was 13.2% larger than that for C'Fy. This difference might
be caused by the characteristics of feature variables derived from LTSL that are less likely
to spectrally saturate. The saturation of the spectral reflectance value of satellite imagery
refers to the situation whereby spectral reflectance values mimic the values normally seen
in forest vegetation with dense canopy cover. This phenomenon is considered to be the de-
cisive factor in the low estimation accuracy of the forest above-ground biomass (AGB) and
volume estimation, especially when the volume or AGB is high (Foody et al., 2003; Lu et al.,
2016). Figure 4.11 contains plots of the observed growing stock volume on the x-axis and
the values of the selected feature variables on the y-axis. Some of the feature variables such

as the intercept of the LTSL and the mean of the LTSL can differentiate the small volume

group and large volume group. The bias correction method reduced the absolute value of

Table 4.5: Summary of the bias metrics for each volume group.

Csr Fsr, CFg CF, CFgsp Esr,  NEgp

rB 4.19 3.48 3.72 2.66 3.79 3.09 4.82
rB_corr 273  -198 -148 -0.69 -147 -1.26 -2.86
mid80Bias -16.63 -15.42 -16.19 -11.94 -14.1 -15.17 -15.857
mid80Bias_corr -14.41 -13.08 -13.6 -9.01 -1091 -12.61 -13.23
Bottom10Bias -69.16 -65.42 -71.37 -71.51 -69.89 -53.39 -71.03
Bottoml0Bias_corr -56.43 -52.74 -58.14 -60.13 -57.43 -42.03 -56.31
Top10Bias 151.93 146.08 159.81 138.88 140.93 141.87 142.24

Topl0Bias_corr 139.55 132.90 15297 12793 131.01 128.26 128.88
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the relative bias for all the models. rB changed from 3.79% to -1.47% in C'Fsr,, which is the
best model among all the models. The size of the overestimation in the bottom 10% data
was reduced by 18% in C'Fg;, model. In addition, the underestimation in the top 10% data

is reduced by 7%. These results coincide with the reported findings in (Zhang et al.; 2012).

4.5 Conclusion

The primary sources of the presented estimation error come from the algorithmic character-
istic of random forest and saturation of the spectral reflectance value of satellite imagery.
The developed growing stock volume estimation model for the forest in the state of Geor-
gia, United States, using RF regression, was applied to successfully find the factors that
contribute to: (1) reducing the size of the overestimation of the large volume class and the
underestimation of the small volume class; and (2) improving the rRMSE and OOB score.
As a consequence of the comparison of the different models, we found that using the long-
term Landsat imagery reduces the bias of the top 10% volume class by 12%. Additionally,
using the bias correction method mitigates the under/overestimation error, while the mid-
dle volume rRMSE increases. Furthermore, feature importance performed on each model
revealed that the critical features are affected by the various forest types. It should also be
noted that relative to the model, which uses the coefficients of the short time range Landsat
imagery only, the OOB score of the model, which uses the coefficients and fitted values of
both the short-term and long-term Landsat imagery, was improved by 35%. Finally, since
the raster data created by the presented model can estimate the growing stock volume of
the forest stand with 30-meter spatial resolution, it is expected that the data can be used
for sub-county areas volume estimations, which is an important functionality for the forest
product industry and land owners in the state of Georgia. Remained task of this research is

to incorporate Landsat 8 to increase the number of Landsat imagery.
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Chapter 5

Conclusion

Estimating the growing stock volume of forest stands is a crucial matter for forest manage-
ment and conservation. These estimates provide economically, ecologically, and environmen-
tally important information on forest management. In this dissertation, a series of research
studies that aimed at estimating the growing stock volume of the forest stands in Georgia
with a 30-meter spatial resolution was conducted.

The study described in Chapter 2, ”Preliminary analysis of forest stand disturbances in
coastal Georgia (USA) using Landsat time series stacked imagery”, revealed the result of
preliminary research on forest disturbance detection. The main goal of this research was to
explain the current age-class structure of forests in the Lower Coastal Plain of the State of
Georgia, an area where forests are primarily maintained using even-aged methods and where
forests are mixed with other land-uses. The algorithm, which is similar to the Vegetation
Change Tracker, was developed to help recognize the age-class distribution of existing forests
in the Lower Coastal Plain forests. The algorithm employed three Landsat bands and used
both visible and infrared spectrums. The satellite imagery was queried across a long time
horizon to determine major forest disturbances since the year 1987. The overall accuracy
was 52% when all years were considered, and approximately 70% from 1991 forward. The

result of this preliminary research was acceptable for this region. The first issue of this
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research was that no suitable imagery was available for 1993 and 2012, meaning that we
could not detect the disturbed areas for these years. In addition to this, since we used one
image per year, cloud coverage limited the model’s capability to detect the disturbance. My
contribution to science was, therefore, the development of a new method to determine the
age of forests across broad areas of landscapes.

In Chapter 3, ”Mapping forest disturbances between 1987-2016 using all available time se-
ries Landsat TM/ETM imagery: Developing a reliable methodology for Georgia, the United
States”, we expanded our area of investigation in two distinct ways from the first research
effort. Firstly, we changed our area of interest from Coastal Georgia to the entire state of
Georgia, as our ultimate interest was to analyze the forest disturbance history of the entire
state. Secondly, we utilized all the available Landsat imagery to improve the accuracy of
the disturbance detection. In this research, a raster database of which each pixel repre-
sents the last disturbance year of the forests within the State of Georgia was created. We
set two primary objectives of the research. The first objective was to develop and test a
robust methodology for state-wide detection of forest disturbances in Georgia. The second
objective was to examine and discuss the implication of the information obtained from the
forest disturbance map created in this research. We used two major disturbance detection
methods, namely the threshold algorithm and a statistical boundary method, to establish
a sound disturbance detection model. To process over 5000 Landsat images we utilized the
Google Earth Engine, a cloud-based platform that provides a high-performance computing
environment to process large-scale satellite imagery without concern for computational and
data storage issues. The overall accuracy of the disturbance year data in this research was
87%. This figure is better than the overall accuracy of the preliminary research by 35%. This
improvement was the result of the two modifications we made from our previous model. The
first modification was the use of all the available Landsat imagery. With this change the
cloud cover issue was by-passed, as the interval between one imagery and the next imagery

was reduced to 28.0 days on average. Thus, even if a large portion of an image was obscured
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by cloud coverage, a cloud-free image was likely available a relatively short period of time
later over the period of analysis. The second modification was the algorithm; the model
developed in this research combined two disturbance detection methods while the prelim-
inary. These modifications to the process of estimating forest ages across broad areas of
landscapes were the main contribution to the science of our research. In addition, our result
revealed that 29.2% of the land area in Georgia was disturbed at least once between 1984
and 2016. Although equivalent research having the same spatial and temporal coverage as
ours does not exist, our estimation of the disturbed land area seems reasonable. The esti-
mated annual last disturbance area ranged between 84,651+ /- 36,354 ha and 211,780 +/-
49,504 ha. We also conducted an analysis of land-use patterns. This analysis discovered that
disturbed forests close to urban zones were more likely to be converted to other land-uses
than disturbed forests in rural areas. In the Southern Coastal Plain, where plantation forests
that are managed intensively occupy a large amount of the land area, forests encountered
the greatest likelihood of disturbance and recovered at a higher rate compared to different
regions.

In Chapter 4, ”Estimation of forest growing stock stand volumes based on Harmonic
regression with ensemble method and 1984-2016 Landsat 5 and 7 imagery”, we estimated
the growing stock volume of forest stands in Georgia at a 30-meter resolution. The goal of
this analysis was to examine the efficacy of using all available Landsat TM / ETM imagery
and to apply a bias correction method on the precision of the estimation of the growing
stock volume. To attain this goal, a model that estimates the growing stock volume was
created. As remotely sensed data, time series Landsat imagery and the disturbance map
that was created in our previous two research were used. As a field plot data, we utilized
the Forest Inventory and Analysis dataset managed by US Forest Service. The estimation
method employed was Random Forest. For the best model developed, we obtained 65%
of relative RMSE. As a result of the comparison of the seven models developed by using

the aforementioned datasets, it was revealed that using long-term Landsat imagery provides
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better estimates than a more basic model. In addition, the bias correction method reduces
the under/overestimation error, yet the median volume rRMSE increased.

To conclude this dissertation, I discuss some of the remaining extensions of this research.
Firstly, publicly available land cover change data could be incorporated into our growing
stock volume estimation model as ancillary data. As is discussed in Chapter 4, the distur-
bance year map had low feature importance compared to the feature variables derive from
remotely sensed data. Pflugmacher et al. (2012) and Pflugmacher et al. (2014) argue that
incorporating the disturbance and regeneration metrics obtained from Landsat time series
dataset results in a better above ground biomass estimation accuracy compared to the esti-
mation using single-date images. Other research has shown that forest age data computed
from Landsat time series can improve the estimates of above-ground biomass (Helmer et al.,
2009; L. Liu et al., 2014). Also, Gémez et al. (2014) argue that identifiers of time series
patterns in spectral trajectories are useful to improve the accuracy of the historical above-
ground biomass estimations. This research utilizes the publicly available change detection
dataset or algorithm. Therefore, it is worth trying to incorporate the publicly available
change detection dataset/algorithm, in order to improve the accuracy of the growing stock
volume estimation. Another remaining work is to examine the efficacy of another remote
sensing dataset. Concerning the satellite imagery, Sentinel 2 (Dechoz et al., 2015) could
be used for the replacement of the Landsat imagery. As both the temporal resolution and
spatial resolution of Sentinel 2 imagery is better than Landsat missions, it is expected that
the accuracy of estimation might be improved by using Sentinel 2 imagery. As airborne
imagery, LIDAR data is also widely used in previous research (Deo et al., 2017b; Deo et al.,
2017a; Matasci et al., 2018). Additionally, as it is suggested from the previous research
that combining LiDAR data and Landsat data may improve the accuracy of the estimation
of above-ground biomass, it is highly expected that using LiDAR data would improve our
estimation. To successfully incorporate the LiDAR data with field plot data, point cloud

data covering the entire study area and field plot data systematically sampled, are required
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(Tinkham et al.,; 2018). However, As of early 2020, publicly available point cloud data covers
only a portion of Georgia (U.S. Geological Survey, 2020).

The final remaining task of this research is to create the growing stock volume estimation
map of Georgia based on the model we built. To make the map useful for the various
stakeholders in Georgia, it is required to mask out the non-forest pixels, as the model itself
makes an estimation to every single pixel regardless of its actual land-use. National Land
Cover Dataset can be used as the land-cover dataset. However, the NLCD is not perfect, as
it has been observed to assign non-forest classes, such as barren land or pasture, to recently
regenerated forests. Thus, applying the NLCD as the mask raster to determine the currently
forested region could result in the omission of the young forest from the volume map. Another
candidate for the land cover dataset is a custom land cover dataset. For example, Wilson
et al. (2018) performed a land-use classification using the same data set used to estimate the
growing stock volume. These tasks may be pursued in the future if time and resources are

available.
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