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Forests through the Eye of a Satellite: Exploring the Forests in Russia and the United

States using Landsat imagery.

Introduction

Forests are changing at an alarming pace worldwide (Hansen et al. 2013). Forests are
an important provider of ecosystem services that contribute to human wellbeing
(Global Land Project 2005), including the provision of timber and non-timber products
(Millenium Ecosystem Assessment 2005), habitat for biodiversity (DeFries et al. 2004;
Laurance 1999; Wood et al. 2012), recreation amenities (Tyrvainen and Miettinen 2000).
Most prominently, forests serve as a sink for atmospheric carbon dioxide (Asner et al.
2010; Kauppi et al. 2006; Luyssaert et al. 2008; Valentini et al. 2000) that ultimately helps
to mitigate changes in the global climate (Bonan 2008). It is thus important to
understand where, how and why forests change worldwide.

My dissertation provides answers to these questions. The overarching goal of my
dissertation is to improve our understanding of regional forest-cover dynamics by
analyzing Landsat satellite imagery. I answer where forests change following drastic
socio-economic shocks by using the breakdown of the Soviet Union as a natural
experiment. My dissertation provides innovative algorithms to answer why forests
change - because of human activities or because of natural events such as storms.
Finally, I will show how dynamic forests are within one year by providing ways to
characterize green-leaf phenology from satellite imagery. With my findings I directly

contribute to a better understanding of the processes on the Earth’s surface and I



highlight the importance of satellite imagery to learn about regional and local forest-
cover dynamics.

My dissertation answers these questions in three chapters. I first provide
background information for each chapter. After that I present the three chapters as
summaries to highlight their scientific contribution at a greater detail, including a
discussion of the overall significance of the dissertation research. Finally, I present the

three chapters in full.

Background chapter 1: Socio-economic shocks and forest-cover change

Observing where forest-cover changes occur is among the most important
components of the global environmental change research (Foley et al. 2005), because of
their potential to help mitigating changes in the global climate (Bonan 2008; Global
Land Project 2005). It is also important to understand the observed pattern, for example
of forest loss, because this ultimately might allow for a better understanding on the
decision making that causes forest-cover changes in particular, and land-use/land-
cover changes in general (Geist and Lambin 2002; Lambin and Geist 2006). The general
assumption is that land-use systems usually transition from one state into another
(Foley et al. 2005), and that transition is strongly correlated to the overall economic
development of a country.

The forest transition theory is one conceptual model for such a gradual model
(Mather 1992; Rudel et al. 2005). The theory suggests that while a gradual demographic

shifts and economic development initially leads to deforestation and net forest-cover



loss in a certain country, eventually the trend gets reverted and forest-cover increases.
The turning point from net forest-area loss to net forest-area gain is then called the
‘forest transition” (Rudel 1998). The mechanisms behind the transition are divided into
two pathways: the first path is the economic development path, which describes the
reforestation of previously cleared land for agricultural purposes. With general
economic development of a country farmer’s wages raise. This overall diminishes the
farming profitability, leading to abandoned fields that eventually get reforested. The
second path is the forest scarcity path. It describes raising prices for forest resources in
countries with growing population and little ability to import forest products, making it
profitable for land owners to plant trees instead of agricultural crops. Depending on the
region and the political institutions, a country can go through one or more forest
transitions (Meyfroidt and Lambin 2008; Meyfroidt and Lambin 2011). Overall, the
theory suggests a gradual transition of a country’s forest cover, independently of the
mechanism behind it.

However, land-use transitions, and thus forest transitions, can also be described as
rapid shifts from one period of relative stability into a new period of relative stability
(DeFries et al. 2004; Meyfroidt et al. 2010). Such shifts can be triggered by drastic socio-
economic transformations, for example revolutions (Miiller et al. 2009), economic
shocks (Sunderlin 1999; Sunderlin and Pokam 2002), technical breakthroughs (Schulz et
al. 2011; Zak et al. 2008) or armed conflicts (Machlis and Hanson 2008; Stevens et al.

2011).



The breakdown of the Soviet Union can be seen as such a socio-economic shift and
the question is thus whether the implications on forest-cover changes were equally
drastic? The time period after 1991 was characterized by decreasing agricultural land-
use (Alcantara et al. 2012; Baumann et al. 2011; Kuemmerle et al. 2008; Miiller et al.
2009; Prishchepov et al. 2012), mostly because of declining farming profitability
following the introduction of market economy principals (Lerman 1999 ; Mathijs and
Swinnen 1998) including price liberalization (loffe and Nefedova 2004), budget
constraints and the removal of guaranteed markets (Lerman et al. 2004; Turnock 1998).
However, the strong decline in agricultural intensity was not uniform across the entire
former Soviet Union. Instead, some countries experienced only little farmland
abandonment (e.g., Belarus). This underlines the importance of institutions and policies
for land-use change during times of socio-economic disturbance (Alcantara et al. 2012).

The question is whether changes in institutions also triggered regionally different
pattern of forest cover change? In Ukraine and Romania, as examples of two former
Soviet countries, the socio-economic and political turmoil after 1991 yielded strongly
increasing forest disturbance rates that in many cases could be linked directly to
changes in forest legislations (Griffiths et al. 2012; Knorn et al. 2012; Kuemmerle et al.
2009; Kuemmerle et al. 2007). Whether the pattern are similar and homogenous across
space in the much larger country Russia is unclear, but multiple changes in forest
management and forest policies indicate that the temperate forests indeed underwent
substantial changes as well (Wendland et al. 2011). For example, after the collapse of the

Soviet Union, forest management and administration were decentralized, the timber



industry privatized (Eikeland et al. 2004) and the forestry sector was opened for foreign
competitors. During the first years of the transition, Russia’s temperate forests were
characterized by highly inefficient wood utilization and poorly managed forest areas
and illegal logging (Krott et al. 2000, Torniainen and Saastamoinen 2007). In 2004, the
forests were recentralized due to a governmental incentive to re-gain control over
regions (Torniainen et al. 2006), followed in 2007 by another decentralization of
decision-making powers to regional authorities. Likewise, forest ownership rights
changed substantially. For example forest harvesting leases were extended up to 99
years (Torniainen and Saastamoinen 2007). The bottom-line is thus, that during the first
twenty years since the breakdown of the Soviet Union, Russia’s forest legislation
repeatedly changed, but what this overall meant for regional differences in how the

temperate forests were used, remains unclear.

Background chapter 2: Disturbance type mapping with remote sensing

Understanding why forests change is an important issue for many research
disciplines. For example, econometric analyses that study the drivers of timber harvest
often use remote sensing based forest disturbance maps (Chomitz and Gray 1996;
Wendland et al. 2011). Likewise, assessments of the effectiveness of protected areas
focus on harvesting activities inside and outside of protected areas (Knorn et al. 2012;
Sieber et al. 2013). The problem with these studies is, that they often only have limited
access to information by what kind of event the forest disturbance was caused. As a

result, harvested areas might be overestimated in many of the studies above, reducing



the significance of drivers of timber harvest, or leading to misinterpretation the
effectiveness of protected areas. From an ecological point of view, information on the
type of forest disturbance is important for biomass estimations and for the prediction of
post-disturbance successions (Scheller and Mladenoff 2004). For example, more living
biomass remains in a place following a windfall event, compared to a harvest, which
can hinder the establishment of early successional species (Peterson 2000; Webb and
Scanga 2001). The bottom-line is that understanding whether forest disturbance is
human-made or the result of a natural event, such as windfall, insect defoliation or fire,
is crucial for research disciplines that use remote-sensing derived disturbance maps.
The most common natural disturbances affecting forests are fire, insect
defoliation and windfall (FAO 2005, 2010). Fire and insect defoliation can already be
mapped well (French et al. 2008; Garcia-Haro et al. 2001; Roder et al. 2008; Schroeder et
al. 2011; Townsend et al. 2012), and are for the MODIS sensor already available as a
standard product that provides online-information about fires globally at almost real-
time (Giglio et al. 2003). Windfall mapping of continental storms such as the Boundary
Water Blowdown in the Greater Border Lakes Region (USA) in 1999, on the other hand,
is more challenging (Rich et al. 2010; Stueve et al. 2011), and to-date there is no
universal algorithm available to map post-storm damages in forest ecosystems.
With the continuation of the Landsat program and successful launch of the Landsat
Data Continuity Mission (LDCM, later Landsat 8) there will be an extension of the
already longest continuous data record. At the same time, processing steps have

become routinely enough that all new data and most archived data will be online



available as pre-processed data products. Such data products currently include monthly
global surface reflectance mosaics, but with complementing missions Landsat 9 and
Landsat 10 in the future (Loveland and Dwyer 2012), observation density will
potentially increase to a degree that will allow for the routinely generation of user-
friendly data products similar to what has been available from MODIS. This will
require algorithms that are simple, do not require user input and, probably most
importantly, are performing equally good across the world. As such, finding algorithms
that map any kind of disturbance type, should meet such requirements to potentially

serve future product developments.

Background chapter 3: Remote sensing of green-leaf phenology

Characterizing green leaf phenology is an important measure to describe the
development of vegetation over the year and thus offers ways to characterize the
interaction between climate and the biosphere (Wolfe et al. 2005; Zhang et al. 2006).
Information about seasonal events has been collected for centuries to characterize
changes in growing season length, for example as cherry blossom observations
(Chmielewski and Rotzer 2001; Menzel and Fabian 1999). Nowadays, digital camera
photography (PhenoCam network; primarily consisting of stations in the United States
but it extends to other study regions worldwide) allows for a much more detailed
observation of the dynamics of vegetation phenology (Richardson et al. 2009;

Richardson et al. 2007; Sonnentag et al. 2012).



Phenological information can improve our understanding of Earth-atmosphere
interactions for example by serving as input for the calculation of net primary
production (Goward et al. 1985), or annual evapotranspiration (Sun et al. 2004).
However, the research needs of characterizing green-leaf phenology across large areas,
limits the use of ground-based phenological information. Remote sensing can provide
phenological information across large spatial scales in an accurate manner (Zhang et al.
2006; Zhang et al. 2003), for example to characterize growing season dynamics
including shifts in the timing of bud burst, leaf development, senescence and changes in
growing season length (Cleland et al. 2007; Ganguly et al. 2010). Since the early 2000s,
data from MODIS provide the data basis for global scale studies on surface phenology
(Ahl et al. 2006) at a spatial resolution of 500m.

One basic requirement to describe surface phenology throughout a year is a
sufficiently high temporal resolution (also called a short repetition cycle). MODIS meets
this requirement (daily observations, 8 day repetition at 500m spatial resolution).
Ecological applications, such as the detection of migration bird habitat or the
characterization of mixed forests, would benefit from a higher spatial resolution, such
as provided by Landsat satellites (30m). Though, information about one year
phenological dynamics from Landsat satellites is not available. Probably the major
reason for that is the relatively coarse temporal resolution, i.e., the frequency with
which any point of the Earth gets captured. Landsat satellites have a theoretical
repetition cycle of 16 days, but this interval often is not met due to cloud contamination,

broken archives or other technical issues. As a consequence phenological research with



Landsat to-date has been limited to the characterization of mean phenologies over years
(Fisher et al. 2006) or changes in seasonal events (Melaas et al. 2013). A single-year
phenology from Landsat, however, is not available; and an approach to generate such a

product would primarily have to overcome the issue of low temporal resolution.

Executive summaries
Chapter 1: Using the Landsat record to detect forest-cover changes during and after the collapse
of the Soviet Union in the temperate zone of European Russia.

Understanding what drives deforestation and forest area changes is an issue of
global concern. Most theories assume a gradual forest-cover change over time, but
forest transitions might also occur over a short period of time triggered by drastic
institutional and socio-economic changes. That raises the question on the spatial rates
and patterns of forest-cover changes during such turbulent times. The political
breakdown of the Soviet Union provides a great opportunity to learn about how drastic
socio-economic changes shape the forest landscape across large areas. Multiple changes
in forest legislation and foreign competition over forest use rights suggest that the
temperate forests in European Russia underwent substantial changes since 1991. At the
same time though, turbulent times often do not allow for the evaluation of rich
statistical datasets about forest ownership and forest resource use. Remote sensing
offers a valuable alternative to gather information on how forests change during socio-

economic times when statistical information is not available.
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The goal of this chapter was to provide an understanding on how the temperate
forests of European Russia changed during the transition period after the collapse of the
Soviet Union. Landsat imagery formed the basis of the analysis, which I examined in
five year intervals from 1985 to 2010. I first quantified the changes in forested areas and
forest disturbance rates across the entire analyzed area, and then summarized the
results at the local administrative level. I also examined forest recovery areas, i.e., areas
that were not forested in 1985 but became forest during any analyzed time period
afterwards. I then compared my findings to those of other Eastern European countries.

I used a state-of-the art classification technique involving Support-Vector
Machines that allowed for an efficient extraction of forest-area changes and forest
disturbance rates over time. Despite the free and rich Landsat archives, the processing
capabilities and data availability did not allow for a wall-to-wall mapping approach.
Instead, I selected a sample of overall 12 Landsat footprints. This sample was further
stratified into five forest-cover categories, ranging from ‘low forest cover’ to ‘very high
forest cover’. The strata were based on the 2005 MODIS Vegetation Continuous Field
(VCF), and compromised general image availability, cloud contamination, location
within the growing season and homogeneity of acquisition-day-of-year. However, for
some regions no optimal images were available, but had to be acquired from earlier in
the year (e.g., early to mid May). Images from such dates often yield class confusions in
forest classifications, especially between forest areas and neighboring agricultural fields.
Such class confusions likely bias the results. To overcome this issue of sub-optimal data

availability, I additionally included winter imagery (i.e., images that show presence of
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snow), which greatly improved the classification results. I thus added a methodological
component to this chapter that highlights the value of winter images for forest
classifications.

My results suggested that during the early post-socialist years, forest area in the
temperate zone of European Russia decreased. This confirmed findings from other
former Soviet countries such as Ukraine, Slovakia or Poland. However, for the time
after 2000 I observed a strong increase in overall forest area. I attributed this to (a) the
recovery of formerly harvested areas, and (b) the re-growth of forests on abandoned
agricultural fields, which were widespread across the study region. At the same time,
the results substantially varied between different regions. Some regions (e.g., Yaroslav
region) showed no or only little changes in forest area throughout the analyzed time
period, whereas other regions (e.g., Smolensk region) showed strong differences. The
same was observed for forest disturbance rates. These regional differences suggest, that
(a) the decentralization of Russia’s forest administration after 1991, and (b) the
foundation of timber harvesting in Russia’s forest sector on the balance of relative costs
and benefits resulted in the regional differences I observed.

Overall, the findings suggest two things. First, rapid socio-economic
disturbances such as the collapse of the Soviet Union can have substantial impact of the
forest area overall, and the role of forest administration and legislation resulted in
strong regional differences of forest-cover change. Second, the overall increase in forest
cover due to forest regrowth on abandoned agricultural fields indicate that the region

potentially could turn into a large carbon sink in the future.
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Chapter 2: Landsat remote sensing of forest windfall disturbance.

Understanding whether forest disturbance is human-made or the result of a
natural event, such as windfall, insect defoliation, or fire, is crucial for carbon cycle
assessments, econometric analyses of timber harvesting, and other research questions.
The problem is, that forest-disturbance maps derived from satellites rarely discriminate
among the different types of forest disturbance. The most common natural disturbances
affecting forests are fire, insect defoliation and windfall. Fire and insect defoliation can
be mapped well with remote sensing and standardized products exist. However, for
identifying windfall disturbance a specialized and potentially universal method is
missing,.

The goal of this chapter was thus to develop an algorithm that separates windfall
disturbance areas from disturbance areas caused by clear-cut harvests in Landsat
classifications. In addition, the algorithm had to be efficient in terms of user input and
processing requirements, and had to behave robust across different study locations. To
make the algorithm as efficient as possible, I based the algorithm on simple z-
transformed image histograms that helped isolating the spectral characteristics of both
disturbance types. To possibly make it robust across study regions, I transformed the
Landsat bands into Tasseled-Cap indices, which in other classification schemes perform
equally well across different forest biomes. Once, the algorithm was developed, I tested
it in the temperate zone of European Russia, and the southern boreal forests of the

United States.
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In a first step, I extracted all areas of forest disturbance using the dark object
method and the Disturbance Index. The challenge was then to generate a representative
training data sample of either class of interest (i.e., “‘windfall” and ‘clear-cut’). To do this
I selected image bands and image band transformations that carry distinct spectral
characteristics of either type of disturbance, and applied a standard z-transformation to
these bands. These bands were (a) the Tasseled-Cap Brightness which is a measure of
the soil proportion in the spectral signal, (b) the Tasseled-Cap Wetness and (c) the band-
5-reflectance which both can be interpreted as measure of moisture content at a
disturbance site. Within the histograms of the z-transformed bands I targeted the areas
in which I expected pixel-clusters of either disturbance type. For example, after a recent-
clear cut harvest, soil is often exposed and shadows are rare leading to high brightness
values. Contrary, after a windfall event, remaining biomass at the site reduces soil
reflectance and maintains shadows. In other words, ‘on average’ a clear-cut site thus
could be expected to have higher brightness values than a windfall site. In a z-
transformed histogram, representative training samples of either class thus could be
expected to be located on the far left side (windfall) and on the far right side (clear-cut
harvest). Using this rule set I extracted the pixels in these histogram areas and used
them as training samples for the disturbance type classification.

The results suggested an overall accuracy of over 75% between windfall and clear-
cut harvest, and this accuracy was consistent between the two study sites. This was
lower compared to other recent studies that divided fire disturbance and clear-cut

harvest, and likely a remnant of the automation inherent in the algorithm. The results
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also suggested that the classification accuracy increased with the size of a disturbance
site, with a general tendency towards commission errors. Such errors were likely a
result of (a) mixed pixel problems along edges at small and narrow disturbance sites,
and (b) confusion with partial harvest, which underlines the need for a thorough
understanding of harvesting practices before attributing disturbance types.

Overall, the algorithm design met the a-priori requirements: (a) it is a fast
processing algorithm that does not need any ancillary information; (b) it is applicable to
any type of Landsat-based disturbance and can be seen as a stand-alone approach; and
(c) performs equally well across different forest biomes. The increased level of
categorical information produced as a result of this work is of great value especially for
research that requires information about changes in forest area. Further, the algorithm
also contributes to the ongoing research on the provision of remote-sensing map

products from Landsat satellites.
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Chapter 3: Modeling green-leaf phenology using Dynamic Time Warping and all available
Landsat data

Green leaf phenology is an important measure to describe the development of
vegetation over the year and thus offers ways to characterize the interaction between
climate and the biosphere. Remote sensing can characterize green leaf phenology well
and there are standardized products available at a spatial resolution of 500m. However,
other applications such as the detection of bird migration stopover habitat or a detailed
classification of mixed forests would benefit from a higher spatial resolution. Landsat
satellites provide images at a higher spatial resolution (30m), but there is no product
available that describes the phenological dynamics throughout a single year. One
reason for that might be imperfect temporal resolution of Landsat satellites. Technically,
every point of the earth gets revisited in a 16-day cycle. However, cloud contamination,
broken archives or other technical issues cause that for many regions of the world a true
16-day repeat cycle is not achieved. As a result, fitting a phenologically meaningful
function through observations of one single year is challenging if not impossible.

The goal of this chapter was thus to find a way to increase the temporal
resolution of Landsat observations that allows for the simulation of green leaf
phenology product using Landsat satellites. In addition, the product of the novel
method was compared to (a) green leaf phenology from MODIS and (b) ground-based
phenology observations from the PhenoCam network.

The main idea that helped solving the problem of insufficient number of imagery

was to generate a dense time series of Landsat imagery that consisted of all available
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images between 2002 and 2012. Yet, the challenge here was to find a way that allowed
for the adjustment of different phenologies across years. I made the adjustment by
applying Dynamic Time Warping (DTW) to MODIS Enhanced Vegetation Index (EVI)
time series of different years. For example given a reference phenology (e.g., for the
year 2005) and the phenology of a second, different year (e.g., 2007), the use of DTW
enabled me to find for each day in the 2007-phenology the corresponding day of year in
the reference phenology. Such corresponding years can be interpreted, for example, that
May 15th of the year 2007 corresponds phenologically to May 25th of the reference year
(2005). Using this information, I re-ordered the Landsat observations and created a new,
synthetic, very dense Landsat time series, of which I then modeled green leaf
phenology. This new phenology I then compared to the original MODIS phenology as
well as to the PhenoCam phenology by comparing the timing of green-up, start-of-
season, maturity, senescence, end-of-season and dormancy which are easy to extract
from the first and second derivative of the phenology function. I repeated all steps
across multiple different years (based on the availability of PhenoCam data) and across
different study sites to test the robustness of the approach.

On average our Landsat time series consisted of 274 images. The Landsat green-
up date was on average 0.6 days later than the green-up in the PhenoCam and 1.7 days
later than in the MODIS reference time series, the start-of-season 9.1 days later (1.6
days), the end-of-season 1.5 days later. The differences in the days were stronger driven
by the years of analysis compared to the study site, suggesting that the method is more

sensitive to the year of analysis but relatively robust across study regions. While the
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approach certainly seems being successful in describing phenological dynamics of one
year, there are some limitations to it, such as (a) the sensitivity to changes in land-cover
such as harvests and (b) the dependence on external data products during the re-
alignment process which makes this approach not a stand-alone method.

Overall, the presented phenology product can be seen as a considerable
alternative to existing remote sensing based products, though at a much higher spatial
resolution. Further, the study also can be seen as another application that makes use of

the entire rich Landsat archives, highlighting the large potential of these archives.

Overall Significance

Forests are of important value but they are changing at an alarming pace in
many regions worldwide. Understanding how, why and where forests change is thus
among the major priorities in environmental research. In my dissertation I answer these
three questions in three chapters.

In chapter one I analyzed where forests change during times of rapid and drastic
socio-economic changes, and I used the collapse of the Soviet Union as example. My
research uncovered vast regional differences of forest-cover change and for the region
as a whole a net forest-cover gain. Two main implications rose from the research: (1) in
a large country like Russia, regional forest legislation and forest management seem to
be stronger drivers forest-cover changes compared to overall national policy changes.

(2) A regime-shift seems to offer an opportunity for a region to turn into a net carbon
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sink, highlighting the importance of understanding regime-shifts in a comprehensive
way.

In chapter two I developed ways to find out why forests change. I presented an
algorithm that allows for the accurate classification of forest disturbance into ‘windfall’
and ‘clear-cut harvest’ sites. Currently, one major research direction in Landsat-based
remote sensing is headed towards the automation of image processing chains with the
goal to facilitate standardized global map products. The presented research here stands
in line with the trend. It provides a way to inform about the processes behind observed
forest-cover change, and as such contributes to our understanding of how the Earth’s
surface changes.

In chapter three, I presented how dynamic forests are. I did this in a detail that
has not been available before. However, the high detail will be beneficial to other
ecological applications. Forests are a dynamic system, both across years, but also within
years. So far, our understanding of the dynamics within years was limited by technical
restrictions. With the research presented here I provide a way towards a deeper
understanding of these dynamics at the local scale. In conjunction with other research
disciplines my research will thus directly contributes to a better understanding of

climate-biosphere interactions.
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Chapter 1: Using the Landsat record to detect forest-cover changes during and after

the collapse of the Soviet Union in the temperate zone of European Russia
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Abstract:

The political breakdown of the Soviet Union in 1991 provides a rare case of drastic
changes in social and economic conditions, and as such a great opportunity to
investigate the impacts of socioeconomic changes on the rates and patterns of forest
harvest and regrowth. Our goal was to characterize forest-cover changes in the
temperate zone of European Russia between 1985 and 2010 in 5-year increments using a
stratified random sample of 12 Landsat footprints. We used Support Vector Machines
and post-classification comparison to monitor forest area, disturbance and reforestation.
Where image availability was sub-optimal, we tested whether winter images help to
improve classification accuracy. Our approach yielded accurate mono-temporal maps
(on average > 95% overall accuracy), and change maps (on average 93.5%). The
additional use of winter imagery improved classification accuracy by about 2%. Our
results suggest that Russia’s temperate forests underwent substantial changes during

the observed period. Overall, forested areas increased by 4.5%, but the changes in
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forested area varied over time: a decline in forest area between 1990 and 1995 (-1%) was
followed by an increase in overall forest area in recent years (+1.4%, 2005-2010),
possibly caused in part by forest regrowth on abandoned farmlands. Disturbances
varied greatly among administrative regions, suggesting that differences in
socioeconomic conditions strongly influence disturbance rates. While portions of
Russia’s temperate forests experienced high disturbance rates, overall forest area is
expanding. Our use of a stratified random sample of Landsat footprints, and of summer
and winter images, allowed us to characterize forest dynamics across a large region
over a long time period, emphasizing the value of winter imagery in the free Landsat

archives, especially for study areas where data availability is limited.

Keywords: Forest-cover change, SVM, temperate forests, Central and Eastern Europe,
Post-Soviet land-use change, logging, winter imagery, Landsat, stratified random

sample
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Introduction

Land-cover and land-use-change (LCLUC) is one of the most important
components of global environmental change (Foley et al. 2005). Among the different
land cover classes, changes in forests are particularly important because of their ability
to sequester atmospheric carbon sequestration and their potential to help mitigating
climate change (Bonan 2008; FAO 2010). Remote sensing has played a key role in
monitoring forest change at multiple scales and in different regions of the world
(Hansen et al. 2008; Kennedy et al. 2011; Potapov et al. 2011).

LCLUC is often linked to socio-economic changes, leading to conceptual models
that describe LCLUC as a function of a country’s economic development (e.g., Lambin
et al. 2003, Foley et al. 2005). However, these conceptual models usually assume
relatively continuous development of political and economic conditions, and it is less
clear how drastic and rapid changes in political and economic decisions affect land use.
A prime example of a drastic change is the collapse of the Soviet Union in 1991. The
switch from a state-controlled economy towards an open market system, and the
institutional transformation in Russia resulted in major changes in forest legislation,
and the privatization of both the timber industry (Turnock 1998; Wendland et al. 2011)
and the agricultural sector, which had substantial influences on agricultural intensity
(Lerman 2009, Prishchepov et al. 2012).

Forest cover changed markedly in many parts of Eastern Europe after the
collapse of the Soviet Union, and remote sensing has played a key role in mapping

these changes. For example, analyses of Landsat Thematic Mapper (TM) and Enhanced
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Thematic Mapper Plus (ETM+) data in the Carpathians revealed that the transition
period after the breakdown of the Soviet Union was partially characterized by
widespread forest harvests (Main-Knorn et al. 2009; Griffiths et al. 2012; Knorn et al.
2012), including illegal logging (Kuemmerle et al. 2009). In European Russia’s boreal
forest, harvesting rates were about 1.5% between 2000 and 2005 according to a wall-to-
wall analysis of Landsat data (Potapov et al. 2011). In addition to Landsat based studies,
European Russia was also part of studies that investigated global forest-cover changes
using the Moderate Resolution Imaging Spectroradiometer (MODIS) (Hansen et al.
2010; Potapov et al. 2008). However, past studies either focused on a large area over a
short and recent time period, or they analyzed long-term change, but were
geographically limited to a smaller study area. What is lacking is a study of the
temperate forests of European Russia that analyzes a long time series in the entire
region.

One reason that such a study has not been undertaken previously is the quality
and volume of data that is needed, in both the spatial and temporal domain. While
MODIS imagery provides very frequent information for large areas, these observations
are made at moderate spatial resolution (250 to 500m), which limits their utility for
small scale landscape changes. Moreover, since MODIS only started recording the
Earth’s surface in 2000, the timeframe of available data is too short to analyze forest-
cover changes during the last years of socialism and the early post-socialist period. On
the other hand, Landsat sensors (especially TM and ETM+) provide high-resolution

data (30 m) that are available continuously from 1984 to the present, which makes them
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ideal for addressing questions of post-Socialist forest-cover change. However, Landsat
sensors’ relatively narrow swath width (approximately 185 km) makes Landsat data
more challenging to use wall-to-wall across large areas. The lower temporal repeat cycle
(16 days, 8 days when considering the overlap areas to neighboring footprints in higher
latitudes) as one consequence of the narrow swath width and frequent obstructions by
clouds lead in some regions of the world to a maximum of 1-2 suitable images per
growing season at best, making wall-to-wall-coverage across large areas impossible. An
alternative approach for describing forest dynamics across a larger region is to
statistically sample a subset of Landsat footprints, greatly reducing the amount of data
needed. Such an approach has been used for the United States as part of the North
American Forest Dynamics (NAFD) project (Goward et al. 2008) in which 23 footprints
were selected and analyzed using Landsat Time Series Stacks (LTSS; Huang et al.
2009a). Similarly, agricultural expansion on expense of intact forests has been
investigated in the tropics (Gibbs et al. 2010). Achard et al. (2002) studied the world’s
humid tropical forests in the TREES-2 project using a sample of overall 100 Landsat
scenes (quarters and full scenes). These scenes were selected using a deforestation risk
map, which had been created previously based on expert knowledge, and considered
higher sampling probabilities in deforestation hot spot areas. The FAO Forest Resources
Assessment 1990 used a stratified sample of 117 Landsat TM scenes in the tropics
containing at least 10,000 km?2 land surface (FAO 1996) to assess forest cover. For an
analysis of the European Union using a sample of Landsat TM scenes, Gallego (2005)

selected his sample based on Thiessen polygons and a stratification process. Stehman
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(2005) generally showed that focusing on a sample rather than on the entire population
yields better estimates, when the improvement of error during the analysis of the
sample outweighs the introduction of the sampling error. As such, in the present study,
we focused on a sample of Landsat footprints rather than on a wall-to-wall coverage.
Our study also focuses on capturing local and regional forest-cover changes which, we
assume, vary across the entire region. Caused by the low data availability that did not
allow us to cover the region wall-to-wall for our entire time period of interest, we used
a stratified random sample and selected 12 Landsat footprints across the temperate
zone of European Russia.

While the use of a statistical sample reduces the number of footprints necessary
to study, it does not completely eliminate the problem that cloud-free imagery during
the growing season is often limited. Leaf-off imagery in spring and fall can result in
classification errors between deciduous trees and non-forested vegetation classes (Reese
et al. 2002). We hypothesized that the additional use of a winter image can help
overcome this issue, especially for the accurate delineation of forest boundaries.
Landsat imagery from the winter season can be useful because of the strong radiance
contrast in these areas during the winter (Peterson et al. 2004, Liira et al. 2004).
Grasslands and open spaces are completely covered with snow during the winter,
leading to high visible reflectance while deciduous and needle leaf forests have a lower
reflectance due to branches and shadows. In other words, adding a second image from
the winter period of the same year may possibly increase the overall accuracy of the

classification by helping to distinguish grass areas from deciduous forests. The use of
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winter imagery has been successfully shown in the past: their addidional use led to an
accuracy of 89% for quantification of bamboo understory growth in a mixed forest area
(Wang et al. 2009). Winter imagery use was also reported providing an alternative to
hyperspectral data for mapping forest wildlife habitat in the central and southern
Appalachians (Tirpak and Giuliano 2010). In the most recent study, Stueve et al. (2011)
tested snow-covered Landsat imagery in North America and found that they reduce
commission errors of disturbance areas by nearly 28%. Based on these prior findings,
we decided to investigate if winter imagery can also improve forest/non-forest-
classifications in the temperate region of Russia.

Another shortcoming of most prior studies in European Russia is that they
examined only permanent forests and forest disturbances, while ignoring forest
recovery (defined here as forest regeneration on disturbance sites, as well as forest
expansion onto land that was not forested at the beginning of the Landsat record). Rates
of forest recovery are of paramount importance for studies of carbon sequestration both
above ground (Houghton 2005, Bottcher et al. 2008) and in the soil (Guo and Gifford
2002). Forest recovery is particularly important in the former Soviet Union and Eastern
Europe (Vuichard et al. 2008). For example, widespread farmland abandonment (as
documented by Baumann et al. 2011; Kuemmerle et al. 2008; Prishchepov et al. 2012)
suggests that large areas of former farmland are reverting to forests, which creates a
large carbon storage potential (Kuemmerle et al. 2011; Olofsson et al. 2011). However,
the extent and the intensity of forest recovery in the temperate zone of European Russia

is not well known.
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The overarching goal of our study was therefore to characterize regional differences of
post-socialist forest-cover changes in the temperate region of European Russia using a
representative sample of Landsat footprints. More specifically, our objectives were to:
e quantify the changes in forested areas in 5-year-increments from 1985 to 2010
across a stratified random sample of 12 Landsat footprints,
e determine forest recovery rates in these footprints before and after the collapse
of the Soviet Union and compare these patterns with those in other eastern
European countries, and

o test whether the inclusion of a winter image increases classification accuracy.

Study Area

Our study region included three Russian federal districts, 27 federal districts
(hereafter: ‘regions’), which are subdivided into 821 municipal districts (Figure 1). The
two largest cities of European Russia, St. Petersburg and Moscow, were located in our
study region. Russia contains 20% of the world’s forests (about 809 million ha; FAO
2010), and in the temperate region, temperate coniferous, broadleaf, and mixed forests
dominate the landscape.

European Russia’s forest sector and forest legislation underwent several
substantial changes since 1991, including privatization of the timber industry, and
changing decentralizations and re-centralizations of the forest administration between
federal, local and regional administrators (Eikeland et al. 2004, Wendland et al. 2011).

Based on the 1993 Principles of Forest Legislation, forest management and
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administration were decentralized to local forest administrators, giving them
responsibility for forest management activities, including sanitary cuts, thinning, and
reforestation. Concurrent privatization of logging enterprises and wood processing
centers did not stop highly inefficient wood utilization and poor management of forest
areas that was present during Soviet times (Krott et al. 2000). In 1997, Russia issued its
tirst forest code, which recentralized the decision making authority first to the regional
level, and later to the federal level, and one aim was to stop illegal harvesting activities
(Torniainen et al. 2006). In the latest version of the Forest Code, Russia again
decentralized decision-making to the regional level, while at the same time designating
responsibilities for forest resource use to private timber firms (Torniainen and
Saastamoinen 2007).

Similar to the forest sector, the agricultural sector underwent substantial changes
after 1991. The introduction of a market-driven economy resulted in the end of most
agricultural subsidies. Together with rural population decline wide areas of agricultural
land were abandoned (Lerman 2009), many of which are now reverting back to forests

(Prishchepov et al., 2012).

Data and Methods
Data and pre-processing

We used a stratified random sample of 12 Landsat footprints that we were confident
of being able to represent the variability of forest areas and forest-area changes across

the temperate region of European Russia. To select a representative sample we stratified
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our study area by forest cover, and selected a random sample of footprints from each
stratum. We stratified the Landsat footprints by forest cover using the 2005 MODIS
vegetation continuous field (VCF; Hansen et al. 2006), to ensure that our sample
contained areas of higher and lower proportion of forest cover in the landscape. Our
interest was to analyze the differences among administrative regions and these
differences affect forest-cover patterns. Thus we calculated the mean value of the mean
tree canopy cover for each administrative region, and divided the regions into five
forest cover categories of approximately even size. We then attached the Landsat
footprints that overlaps each region and randomly selected two footprints from each
category and one additional footprint from the two categories with the highest forest
cover. With this method, a Landsat footprint always contained the information of the
administrative region it overlaps with most (Figure 1). This way we were able to
capture the variability of forest cover within the study region with extra attention given
to forested areas. This gave a total sample size of 12 Landsat footprints. For each
footprint we selected six images, representing 5-year-intervals from 1985 to 2010. We
used data from the Landsat sensors TM4 and TM5 as well as from Landsat ETM+ prior
to May 2003. We avoided using ETM+ imagery for the time periods after May 2003
because of the scanline corrector (SLC) data gap issue. We selected images that (a) had
no or very low cloud contamination, (b) were recorded during the growing season, and
(c) were closest to the year of interest (i.e., 1985, 1990, 1995 etc.). 71 out of 76 images
were acquired from the United States Geological Survey (USGS 2006) in terrain-

corrected quality (L1T) and the remaining images were co-registered to these images
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using automated tie-point collection (Kuemmerle et al. 2006). We included the Space
Shuttle Topography Mission (SRTM) digital elevation model (resampled to 30 m) in the
co-registration process to account for relief displacement. The average positional error
of the co-registered images was less than 0.20 pixel (or less than 6 m). Some images

showed contamination by clouds, which were digitized and masked.

Training and image classification

The task of classifying 72 Landsat scenes (12 footprints with six time steps each)
necessitated that we used a training strategy to minimize the overall training effort
while maximizing classification accuracy. To do this, we first classified the 2010 image
of every footprint using the Iterative Self Organizing Data Analysis Technique
(ISODATA) unsupervised classification algorithm into 40 classes and labeled each class
either as ‘“forest’ or ‘other land cover’. Within both ‘forest’, and ‘other land cover’ we
randomly sampled 1000 points, ensuring a minimum distance of 2000 m between points
to minimize spatial auto-correlation. We then labeled each point as either “forest” or
‘other land cover’. Points were considered ‘forest’, if they covered at least one Landsat
pixel (30x30m) and their tree cover exceeded 60%, corresponding to the category of
‘closed tree cover’ in the Land Cover Classification system by Di Gregorio (2005). This
means that our forest definition included orchards, but not single trees, rows of tree or
open shrublands. Our criteria of 60% canopy cover was also more restrictive than the
FAO definition where forest is “land with tree crown cover (or equivalent stocking

level) of more than 10 percent and an area of more than 0.5 hectares (ha)” (FAO 2010).
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To reduce the size of training data, we only considered points that had constant
land cover over the entire time period. In other words, rather than labeling training
points for each image of a given footprint separately, we analyzed all six images of a
footprint simultaneously and considered only points that were consistently
characterized as “forest” or ‘other land cover’ in all six images (Kuemmerle et al. 2009).
We based our decision for each point on the visual interpretation of the Landsat
imagery and high resolution Quickbird imagery from Google Earth™. The Quickbird
images were only used for confirmation and validation purposes as they were not
available for the entire area and their image acquisition varied across our sample. Yet,
they also provided useful information when a point was not directly covered by high
resolution imagery, because in most cases in the neighborhood of the points high
resolution coverage was available and the signature in the Landsat imagery was the
same as at the actual point location. This increased the confidence of our labeling
decision for each point as it was made based on the best information available. The
‘consistency requirement’ of our training data dictated that recovering forests be
excluded, because no confident decision could be made to determine in every case that
the land cover label satisfied our requirement of tree cover exceeding 60%. This strong
conservative rule set for each point enabled us to generate one training dataset, which
was applicable for each image within a footprint, greatly reducing the time for
gathering the training data. At the same time, the pre-stratification using the ISODATA
caused that despite these set of rules we had greater than 1750 points on average per

footprint available for classification and validation.
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We used Support Vector Machines (SVM) to classify our images. SVM fit a linear
hyperplane between two classes in a multi-dimensional feature space (Foody and
Mathur 2004a) by maximizing the margin between training samples of opposite classes.
In the case of two non-linearly separable classes, SVM use kernel functions to transform
training data into a higher dimensional feature space where linear separation is possible
(Huang et al. 2002). The exclusive focus on pixels at the class boundaries (Foody and
Mathur 2004b, 2006), and the ability to handle non-linear separation boundaries, makes
SVM very efficient in handling complex class distributions (Huang et al., 2002, Pal and
Mather 2005).

In the first step we parameterized a SVM-model using our training dataset and
selected as a kernel function a Gaussian radial basis function. This function requires
setting two parameters, which are training data dependent and hard to estimate a-
priori: y, describing the kernel width, and the regularization parameter C, that controls
the trade-off between maximizing the margin and training error (Pal and Mather 2005).
While small C-values tend to ignore outliers, large C-values may lead to overfitted SVM
models depending on the variability of the training samples. To find the best y-C-
combination, we tested a wide range of combinations of these parameters and
compared all models using cross-validation (Janz et al. 2007; Kuemmerle et al. 2008).
We then selected the best performing model and classified each of the 72 Landsat
TM/ETM+ images using the six reflective spectral bands and retrieved forest/non-
forest maps for each of the six time steps. The changes between these time-steps were

finally assessed using post-classification map comparison (Figure 6; Coppin et al. 2004).
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Following image classification, we performed an accuracy assessment in three
steps. In the first step, we assessed the accuracies for each classification individually. To
do this we split our ground truth points into classification and validation points (90%
and 10% of the overall points, respectively). Using the validation sample, we then
assessed the accuracy of the classification, calculated the error matrix, and derived
overall accuracy, user’s and producer’s accuracy, and the kappa statistic (Congalton
1991; Foody 2002). Additionally we calculated the F-measure that characterizes the
overall classification accuracy by calculating weighted mean values of user’s and
producer’s accuracy (van Rijsbergen 1979). For each image, we parameterized ten SVM
using different combinations of training and validation points and averaged the
resulting accuracy measures to derive robust accuracy estimates for each classification
(Steele 2005). The final image classification then was carried out using all ground truth
points of our sample, rendering the accuracy measures conservative estimates (Burman
1989). We also corrected our accuracy measures for possible sampling bias (Card 1982)
and calculated confidence intervals around the area estimates (Stehman 2012).

In the second step we assessed the accuracy for a subset of our change maps. To
do this, we randomly selected six out of the 60 change maps. For each of these change
maps we converted the raster-map into polygons. As a reference, we created an image
stack of the two reference images (e.g., the 1985 and the 1990 image for a 1985-1990
change map) and segmented the stack using a nested hierarchical scene model
segmentation approach (Woodcock and Harward 1992). We then randomly selected 100

polygons of at least 1 ha size (equaling 12 pixels) for each class in the change map and
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compared it with the segments in the original images. We assigned a validation
polygon to the class (constant forest, constant other, forest disturbance, forest recovery)
based on visual interpretation of how the majority of the pixels in the polygon
developed over time. For each class, we then calculated the same accuracy measures as
for the single classifications.

Finally, we compared our classifications for the years 2000 and 2005 with a
Landsat classification of the same region, made available by Potapov et al. (2011). This
dataset is a wall-to-wall coverage of our study region in 60m resolution. To compare the
two classification results, we sampled for every footprint 100 points into each of our
two classes and compared the outcome with the classifications by Potapov et al. to
derive a measure of agreement.

Some of our initial forest/non-forest classifications were unsatisfactory, mainly
when image acquisition dates were either early (e.g., late April/early May) or late (mid
to end of October) in the growing season. Detailed analyses of these classifications
suggested that most of the classification errors were caused by the confusion between
deciduous forest and grassland. We hypothesized that the addition of a second image
from the winter season might increase the classification accuracy. We therefore added a
winter-season image to the analysis and reran our classifications. We compared the
classification results and accuracies of the single image classification with the 2-image
stack results, and used the better classification for our analysis. After classifying each
image, we applied a majority filter using a minimum mapping unit of 0.5 ha

(approximately 6 pixels in a Landsat classification) to remove the salt-and-pepper effect
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that is typical in raster-based image classifications, but at the same time not omitting

smaller scale disturbances.

Analysis of forest-cover change

To understand how forest cover changed in the temperate region, we analyzed
our forest maps in two ways. First, we summarized areas of ‘forest” for each footprint
separately at each time step, and calculated changes in forested areas. To account for
our uneven sample, which had a higher sampling density in the more forested regions,
we weighted the percentages of change by the number of footprints within each
stratum to obtain an accurate measure of forest-area change across the study region.
Second, we analyzed forest-cover changes at the district level. We calculated the relative
net change (RNC) of forest cover throughout the entire period following Kuemmerle et
al (2009) as:

RNC = (FCa010 / FCi9s5 - 1) * 100
with FC as forest cover in km? of the described time period. Also at the district level we
calculated annual disturbance rates DR for each time period as:
DR; = (D;j / FCBj) *100 / a

where D is the overall area of the disturbed forest during the analyzed time period j,
FCB is the forest cover at the beginning of the same time period, and a is the number of
years between acquisitions, since our acquisition intervals were not equal across
footprints (Table 1).

Finally, we calculated proportion of forest area gain per time period FG; as:
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FGj= (Rj / NF9s5) * 100
with R as the area not being forested in 1985 but forested in time period j and NF1985 is

all non-forested area in 1985 (Kuemmerle et al. 2009).

Results

Our 72 SVM classifications yielded highly accurate forest/non-forest maps for all
footprints across all time periods, with an average accuracy of 95.80% (standard
deviation 1.51%, maximum 98.28 %, minimum 91.16%) and kappa of 0.96 (0.01, 0.98,
0.91;Table 1). The six selected change maps had an average accuracy of 93.52%
(standard deviation 1.32%, maximum 94.47 %, minimum 90.96%; Table 3) and a kappa
of 0.93 (0.01, 0.94, 0.91). The best classes in the change maps were the persistent classes
(forest and other land cover), whereas the change classes had moderately lower
accuracies (Table 2). Compared to the classifications by Potapov et al. (2011) we found
an agreement of 90% between the two classifications.

Our classifications revealed that in 2010 45.53% of the investigated area was
forested (Figure 2). The amount of forested areas varied across our study region. The
regions with the most forest in 2010 were Kostroma (path/row 175/019; 21,541 km?,
78.4% of the classified area), Novgorod (path/row 183/019; 18,223 km?, 64.5% of the
classified area), and Vladimir (path/row 176/021; 15,863 km?, 54.3% of the classified
area). The regions with the least forest in 2010 were Tambov (path/row 174/024; 2,962
km?, 10.4% of the classified area) and Uljanovsk (path/row 171/022; 6,634 km?, 23.3.%

of the classified area).
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Forest area changed substantially in our study region through the observed period
(Figure 3). Across all 12 footprints, we found a net forest cover increase of 7,492 km?,
which corresponds to a weighted increase of 4.5% between 1985 and 2010. The regions
with the largest net increase between 1985 and 2010 were Smolensk (551.85 km?, 9.7%,
path/row 181/022) and Kostroma (2257 km?, 12.3%, path/row 175/019). Other regions
only experienced a moderate net forest cover increase, such as Novgorod (647 km?,
3.6%, path/row 183/019) or Kirov (943.43 km?, 6.5%, path/row 172/020). In some
regions we found a net forest cover decrease between 1985 and 2010, yet the net
decreases were smaller than the largest net increases. For example, Uljanowsk
(path/row 171/022) and Bashkortostan (path/row 16622) experienced minor decrease
in forest area (-215 km? / -3.1% and -245 km? / -2.8%). The strongest net forest loss
occurred in Tambov (path/row 174/024) with a loss of 455 km? (-12.2%).

Changes in forest area also varied across regions during the observed time period.
For example, for 6 out of the 12 covered regions (Bashkortostan, Perm, Udmurtia,
Uljanowsk, Vladimir, Smolensk) we found a net forest area decrease during the early
post-Socialist years (period 1990-1995/2000), but a subsequent net increase in forest
area. In some regions the net forest area change was strong enough to exceed Socialist
forest area (e.g., Vladimir region with an overall gain of 8.1%). Yet, other regions had
less forest now than during Soviet times (e.g., Uljanovsk, net loss of -1.3%). Regions that
did not lose forest during 1990-1995/2000 either showed minor increase (e.g., Yaroslav,
Tambov or Kirov region) or no significant change in forest area (e.g., Kostroma region).

For most of the regions within our stratified random sample, we found a net increase of
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forest cover either over the last 10 years (strongest increase in the regions Vladimir
(11.3%), Bryansk (7.1%), Kirov (6.9%)) or over the last 5 years (strongest increase in the
regions Yaroslav (3.8%), Uljanovsk 5.1%, Figure 3).

Rates of RNC, disturbance and forest recovery varied substantially over time at
the regional level (Figure 4). We found the strongest variation in Bashkortosan (Landsat
path/row 166022) during the period 1985-1990 with a standard deviation of 9.42% (max
12.54%, min 2.62%), the lowest within-region variation was 0.10% (0.45%, 0.00%) in
Smolensk (path/row 181022). Of all the districts, the highest disturbance rate occurred
in a district in Uljanovsk (14.44% period 1985-1990), followed by a district in Kirov
(13.11% period 1990-1995), and then Bashkortosan (19.54% period 1985-1990). On the
other hand, there were also districts with essentially no disturbance (e.g., in Novgorod
1985-1990, Bryansk 179023, and Uljanovsk 2000-2005). Within-region variation (i.e.,
different disturbance rates among districts within one region) changed over time in
some regions. The highest changes over time occurred in Bashkortosan (standard
deviations of 9.42%, 1.26%, 0.80%, 3.94%, 1.73% for the five change periods), Vladimir
(2.70%, 0.85%, 2.48%, 0.87%, 4.30%), and Kirov (3.04%, 3.20%, 7.07%, 0.92%, 5.26%). The
variations within all other regions did not change as strongly over time.

Variations at the district level were also observed for the relative net forest area
change. For example, in Bryansk, some districts increased by up to 35.20% in forest area,
whereas for other districts decreased by up to -21.31%. In Kostroma all districts gained
forest area (max 23.38%, min 1.51%). All other regions contained both districts that

gained and districts that lost forest area (Figure 4).
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When acquisition dates were suboptimal, adding a winter image reduced the
classification errors in average from 4.38% to 2.50%. On average, the overall
classification accuracy (OCA) increased by 1.95% (standard deviation 1.81%), kappa by
0.04 (0.04) and the F-Measure by 1.97% (1.83%; Figure 5). We found the strongest
improvement for 1990 in Landsat footprint 179/023 (increase in overall classification
accuracy = 4.08%, A kappa = 0.08, A F-Measure = 4.13%), and the least improvement in
2000 in footprint 179/023 (increase in overall classification accuracy = 0.22%, A kappa =

0.004, A F-Measure = 0.23%; Figure 5).

Discussion

Widespread land-use changes have been reported for multiple regions in Eastern
Europe for the time period during and after the collapse of the Soviet Union.
(Wendland et al. 2011, Kuemmerle et al. 2011). Using a representative subset of 12
Landsat footprints our goal was to analyze regional differences of forest-area changes in
the temperate zone of European Russia during and after the collapse of the Soviet
Union. The analysis revealed that across our sample forest area initially declined after
1991, but then increased, resulting in a net increase by 2010 of about 6.2% more forest
area compared to 1985. However, within our sample, forest-area changes varied
substantially over time at both the regional and the district level, sometimes with
opposite trends in forest area; suggesting that sub-national differences strongly affect

forest cover.
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Across samples across the study region, forest cover decreased during the early
post-socialist years. This finding matched our expectations, since other Eastern
European studies suggested similar patterns of forest-cover changes after 1991
(Kuemmerle et al. 2007, Griffith et al. 2012). Surprising, however, was the strong forest-
area increase after 2000, and especially after 2005. This forest area increase is most likely
a consequence of forest recovery on former disturbed forest areas and a second major
land-use change in this region, farmland abandonment. Vast areas of farmland were
abandoned after 1991, following the decline in subsidization, rural outmigration, and
ownership changes (Lerman 2009; Mathijs and Swinnen 1998), and many of these
former fields are now covered by shrubs and early successional forests or entirely
replaced by planted forests (Prishchepov et al. 2012). Furthermore, field visits suggest
that even more areas of abandoned farmland may revert to forests in the future, since
many abandoned fields exhibit woody vegetation. The high rates of disturbances and
forest recovery in some districts may be overestimations, given that our commission
errors for these classes in the change maps are relatively high (Table 2).

We found substantial regional and district differences in forest-cover changes
over time at the level of single Landsat footprints. For example, our sample includes
regions with little or no changes (e.g., Yaroslav) and regions with substantial changes
(e.g., Smolensk) in forest cover between 1985 and 2010 including different spatial-
temporal pattern. At the same time we found strong within-region variations (i.e.,
strong differences at the district level within a region) and very homogenous regions

and their forest cover. How can we explain these diverse patterns? Assumingly they are
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a result of the interaction of several factors that involve changing harvesting practices
following changing socio-economic and administrative conditions as well as natural
forest disturbance such as fires or windfall. From a socio-economic perspective we see
the collapse of the Soviet Union as the main driver which led to decentralization of the
forest administration from federal to regional levels following the Principles of Forest
Legislation in 1993 and changes in the relative costs and benefits of timber harvesting in
these regions (Wendland et al. 2011). The partial autonomy of regions to administer
their forests might have led to different strategies of forest management and, possibly,
to illegal harvesting at different levels in some regions (Torniainen and Saastamoinen
2007). The change in relative costs and benefits of timber harvesting would have
influenced where timber harvesting occurred following privatization of the timber
industry and changes in the overall economic conditions in Russia. As the other main
driver for our forest pattern we emphasize the importance of natural disturbances, such
as windfall and fires. Our results suggest different rates and patterns of change
compared to official statistics. These statistics report, for example, a drop in harvesting
rates between 1988 and 1993. For this divergence we see the different types of
assessments being the main reason. More specifically, while in our study we mapped
forest cover using remote sensing, assessed change rates using post-classification
comparison and summarized them under “disturbance rates’, the official statistics
exclusively recorded forest harvests on administrative levels and calculated “harvesting
rates’. In other words, our study included all types of disturbance, whereas the

harvesting statistics contain harvests only. Given that fires can cause large declines in
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forest areas, are usually highly variable in time and space, and are present in Russian
forests, this could potentially have caused the differences in the rates and patterns of
our study compared to rates of official statistics.

Methodologically, our approach showed that analyzing a stratified random
sample of Landsat footprints across a large study region is powerful in highlighting
regional differences of forest-cover changes Our stratification based on the MODIS VCF
product enabled us to capture the entire range of variability of forest cover which
revealed being important for highlighting the regional differences. Our approach is thus
particularly well suited to situations, where the main goal is to analyze and highlight
spatial-temporal variability of forest area across a larger study area when at the same
time data availability does not allow for complete coverage.

Similarly, our approach of post-classification map comparison of six binary
forest/non-forest maps yielded accurate change maps. Our approach of gathering
training data that did not change over time reduced the amount of overall training data
for the classification, and hence the time needed to gather these data. This made it
possible to perform a long-term analysis with multiple time steps as a series of bi-
temporal post-classification comparisons. Hence, our approach may be viewed as a
good compromise between traditional bi-temporal change detection methods (Coppin
et al. 2004) and more recent trajectory based land-cover change approaches (Kennedy et
al. 2011) which require more frequent data than what may be available in many places

(Prishchepov et al., 2012).
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The use of winter imagery increased classification accuracy when available
image dates were sub-optimal. Stueve et al. (2011) tested winter imagery and found that
their use decreased commission errors, leading overall to more accurate classifications.
Our results confirmed this. In all cases classification accuracies improved, and in some
cases quite substantially so. Despite our already high classification accuracies, we were
able to reduce the classification error by over 50% in relative terms. However, our tests
were limited to three footprints and only to lower elevation areas (path/row 169/020:
mean elevation of 167 m, range between 65 m and 332 m; 179/023: 200 m, 118-287 m;
167/020: 188m, 60-461m). We therefore recommend that more detailed studies be
conducted in other forest types. Nevertheless, our results are promising, considering
that the Landsat archives contain large amounts of winter imagery that have rarely been
used for forest classifications in the past.

Our classification results are in strong agreement with the maps developed by
Potapov et al. The small difference in agreement is likely a result of the different
resolutions of the two data products (30m in our classification vs. 60m from Potapov et
al.) as well the strategy of generating the training data (manually in our case,
completely automated by Potapov et al.)

Despite the high single-map accuracies and the improvement using winter
images, some classification errors remained. First, the application of our majority filter
may have omitted smaller disturbances and re-growth. Yet, we were able to remove
salt-and-pepper noise that is common in raster-based classification approaches. We

therefore suggest that the application of such a filter likely improved the classification
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maps more than introducing errors by omitting small-scale disturbances. As we were
mainly interested in investigating large-scale forest-cover trends, this form of omissions
of small disturbance patches likely only have a very minor effect on the overall results.
Second, positional uncertainties in the Landsat images prevented us from labeling
points at the forest/non-forest boundaries, which were subsequently excluded from our
analysis. These points were also not included in the accuracy assessment, so that
classification accuracies in regions where mixed pixels were widespread are possibly
overestimated. Third, the positional uncertainties also possibly influenced the quality of
the change classes: our training strategy only considered stable ‘forest” and ‘non-forest’
pixels while not explicitly training on the dynamic classes. This possibly introduced
classification errors especially in regions of forest recovery, either after forest
disturbance or in case of re-growing forests on abandoned agricultural fields. For
example, depending on the spectral characteristics of the landscape manifested in the
image, young deciduous forest stands on former agricultural fields, may have been
assigned to the ‘non-forest” category because their reflective spectra were more similar
to an agricultural field during the summer than the forest category. In some cases, this
might have lead to omissions of forest recovery in certain time steps, but highlighting
them in the following time step. In other words, our training design that focused on the
constant classes might have caused that the detected forest recovery be assigned to the
‘wrong’ time step, slightly influencing the spatial-temporal pattern. For the study
period and the subset of Landsat footprints (1985-2010) as a whole, however, we are

confident of the mapped total area estimates. Finally, the comparison of mono-temporal
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maps in a time series might have led to an accumulation of classification errors over
time. Indeed, the accuracy assessments for our change maps showed accuracy rates that
were slightly lower than the theoretical suggestions by Coppin et al. (2004). The
validation and the interpretation of accuracy assessments of long classification time
series is a problem that has rarely been tackled in the remote sensing literature. Cohen
et al. (2010) recently provided a method and tools for the validation and interpretation
of dense time stacks. However his framework mainly focuses on time series of annual
observations. For many regions of the world, such as the present case, data availability
does not allow for annual observations, subsequently leading to other interpretations of
detected change. How to handle classification errors that propagate through the time
series and how to interpret change products from such analyses, however, has not been
investigated yet, despite the fact that this type of analysis will likely gain importance in
the future. We therefore suggest that further studies should focus on accuracy measures

for long time series that do not consist of annual observations.

Conclusions

In this paper we characterized forest-cover changes between 1985 and 2010 in 5-
year-intervals for Russia’s temperate forests using a stratified random sample of
Landsat footprints. Our results suggest that forest cover decreased after 1991, but since
2000, the region experienced a net forest-cover increase especially so after 2005.

The large variations at the regional and district levels and over time indicate that

socioeconomic conditions and the major socioeconomic changes, including changes in
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forest administration and legislation, that occurred after the collapse of the Soviet Union
likely influenced forest cover in the temperate region of European Russia.

The regrowth of forests on abandoned farmlands possibly provide important
opportunities for carbon sequestration as suggested from studies in other Eastern
European regions (Kuemmerle et al. 2011). The detected widespread farmland
abandonment in European Russia and the ongoing and observed onset of forest
regrowth on these areas could indicate that the region potentially could turn into a large
carbon sink in the future.

From a remote sensing perspective, our study makes two main contributions.
First, when available data in space and time are limited, sampling a representative
subset of Landsat scenes offers the opportunity to study forest-cover changes across a
large area over a long time period and to highlight strong spatial-temporal variations of
forest-cover change. Second, our study shows for the temperate zone that winter
images can be useful to improve classification accuracy when acquisition dates are
suboptimal; and we emphasize the value of winter imagery in forest-cover

classifications, given that in some regions of the world data availability is very low.
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Figure Captions
Figure 1: The temperate zone of European Russia with its administrative deviation, and

the Landsat footprints, selected for classification.

Figure 2: Area estimates, summarized and averaged across all 12 footprints. The top
diagram indicates the overall area at each time step in km?2, including the absolute areas
of forest disturbance and forest recovery. The bottom diagram shows the net change of

forested areas in km?2 to the previous time-step.

Figure 3: Forest area estimates for each footprint. The top diagram indicates the overall
area at each time step in km2, including the absolute areas of forest disturbance and
forest recovery. The bottom diagram shows the net change of forested areas in km2 to

the previous time-step.

Figure 4: Rates of forest disturbance and forest recovery per time period (left and

middle column), and relative net change (RNC) of forested area over the entire

observation period, aggregated at the district level.

Figure 5: Difference in classification accuracies after adding a winter-image when image

acquisition was sub-optimal.

Figure 6: Forest-cover change map for footprint 176021 (Vladimir region) for 1985-2010
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Table 1: Classified footprints and average classification accuracies. All values represent

percentages, except for the kappa-values, which range between 0 and 1, and were

Overall Kappa User's Producer's F1-Measure
Accuracy Accuracy Accuracy

F NF F NF F NF

Average 176021 94.37 095 9446 9396 9532 95.72 9290 94.83
accuracies by 181022 95.10 0951 9492 95.03 95.16 9298 96.58 93.99
Path/Row 171022 97.16 0972 9599 9691 97.24 9095 99.10 93.82
179023 97.14 097 97.02 9730 97.07 95.68 98.07 96.48

169020 96.98 097 9697 9718 96.81 96.97 96.96 0.971

167020 96.25 096 9624 96.27 96.26 96.18 96.27 96.22

175019 93.93 094 9192 9327 96.11 98.73 81.06 95.92
174024 95.69 096 8814 9525 95.73 67.26 99.56 78.67

166022 96.40 096 9583 95.68 96.73 92.97 98.02 94.30

179019 95.30 095 9529 9444 96.14 95.88 94.74 95.15

172020 97.27 097 9727 96.64 9790 97.76 96.80 97.19

183019 94.04 094 9347 93.69 9473 97.16 88.60 95.39

Average 1985 95.59 096 9471 9555 96.03 93.19 94.66 94.14
accuracies by 1990 95.38 095 94.05 9498 9573 91.52 95.04 92.78
time-step 1995 95.93 096 9491 95.86 96.18 92.69 95.55 94.02
2000 95.89 096 9491 9532 96.50 93.26 95.05 94.12

2005 95.89 096 9499 95.65 9630 93.61 94.90 94.44

2010 96.13 096 9520 9544 96.85 94.85 94.13 95.02

Accuracies Mean 95.80 096 9479 9547 96.27 93.19 94.89 94.09
across all STD. 1.51 0.01 28 176 135 856 523 521
classifications Max 98.28 098 9823 98.18 98.76 99.30 99.75 98.30
Min 91.16 091 81.01 90.68 92.08 51.78 76.56 66.01

obtained by 10-fold cross-validation.
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Table 2: Accuracy measures for six randomly selected change-maps. Presented are
overall accuracy, kappa for the entire change map; for the classes F (persistent forest),
NF (persistent non-forest), D (disturbance) and R (regrowth) user’s and producer’s
accuracy are provided. All values represent percentages, except the kappa values,

which range between 0 and 1.

M Overall User's Accuracy Producer's Accuracy
ap appa
Accuracy
F NF D R F NF D R
175019 93.49 093  95.00 94.00 78.00 80.00 97.95 8819 69.32 76.15
19851990 ‘ oo T T e
179023 94.47 085 93.00 97.00 80.00 81.00 98.41 9451 64.77 68.49
19851990 ‘ T T e e
176021 94.20 094 96.00 93.00 90.00 80.00 98.76 9559 44.01 49.85
19851990 ‘ o T T e
169020 94.45 094 94.00 96.00 88.00 77.00 98.28 94.29 100.0 46.66
19901995 - ‘ o e e e -
181022 90.96 091 92.00 91.00 80.00 81.00 96.23 96.20 74.20 24.03
20002005 ‘ oo T T e e
183019

2005-2010 93.52 094 94.00 97.00 80.00 78.00 98.57 85.50 80.16 100.0
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Chapter 2: Landsat remote sensing of forest windfall disturbance

Co-Authors: Mutlu Ozdogan, Peter T. Wolter, Alexander Krylov, Nadezda
Vladimirova, Volker C. Radeloff

Remote Sensing of Environment in review

Abstract:

Knowing if a forest disturbance is caused by timber harvest or a natural event is
crucial for carbon cycle assessments, econometric analyses of timber harvesting, and
other research questions. However, while remote sensing of forest disturbance in
general is very well developed, discerning between different types of forest
disturbances remains challenging. In this work, we developed an algorithm to separate
windfall disturbance from clear-cut harvesting using Landsat data. The method first
extracts training data primarily based on Tasseled Cap transformed bands and
histogram thresholds with minimal user input. We then used a support-vector machine
classifier to separate disturbed areas into “windfall” and ‘clear-cut harvests’. We tested
our algorithm in the temperate forest zone of European Russia and the southern boreal
forest zone of the United States. The forest-cover change classifications were highly
accurate (~90%) and windfall classification accuracies were greater than 75% in both
study areas. Accuracies were generally higher for larger disturbance patches. At the

Russia study site about 60% of all disturbances were caused by windfall, versus 40% at
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the U.S. study site. Given the similar levels of accuracy in both locations and the ease of
application, the algorithm has the potential to fill a research gap in mapping wind
disturbance using Landsat data in both temperate and boreal forests that are subject to

frequent wind events.

Keywords:

Landsat, windfall, Forestness Index, Disturbance Index, Tasseled Cap Transformation
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Introduction

Forests play an important role in the global carbon cycle and the provision of
ecosystem services. Information on where and to what extent forest disturbances occur
globally is thus a crucial necessity (Achard et al., 2002; Bonan 2008). Remote sensing can
provide accurate and timely information regarding forest disturbance in many
ecoregions at scales ranging from local to global and at many different temporal
resolutions (Hansen and DeFries 2004; Healey et al. 2005; Achard et al. 2006; Potapov et
al. 2009; Hansen et al. 2010;; Huang et al. 2010; Baumann et al. 2012; Potapov et al. 2012;
Zhu et al. 2012). Data from Landsat Thematic Mapper (TM) and Enhanced Thematic
Mapper Plus (ETM+) instruments have been used for many of these studies because of
(1) the favorable combination of spatial, spectral and temporal resolution, (2) the free
availability of the data (Wulder et al. 2012) and, (3) the long-term data record, which
continues now thanks to the Landsat Data Continuity Mission (LDCM, Irons et al.
2012).

In most forest disturbance mapping studies that utilize Landsat data, the derived
change products only identify areas of ‘forest disturbance’, but do not discriminate
among different types of disturbances (e.g., Cohen et al. 1998; Coppin and Baur 1994;
Ozdogan in press). This has already been identified as a gap in remote sensing based
forest disturbance studies (e.g., Vogelmann et al. 2009; Masek et al. 2011; Hicke et al.
2012; Kasischke et al. 2013). The lack of attribution to the type of disturbance often
makes it difficult to interpret forest disturbance maps, especially when these data are

used as inputs to carbon budget assessments or econometric analyses. For example,
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many studies that seek to understand timber harvest trends are forced to equate forest
disturbance with harvesting (e.g., Chomitz and Gray 1996, Wendland et al. 2011). As a
result, natural disturbance is erroneously included in harvest estimates, which can lead
to overestimation of harvested areas and dampen the significance of actual drivers of
forest harvest. Inability to separate forest harvest from natural disturbances also affects
studies that assess the effectiveness of protected areas in preventing logging (e.g., Hayes
2006; Andam et al. 2008; Wendland et al. in review). From the ecological point of view,
information on the type of forest disturbance is important for biomass estimations and
for the prediction of post-disturbance succession (Scheller and Mladenoff 2004;
Kasischke et al. 2013). For example, more living biomass remains in place following a
windfall event, compared to a clear-cut harvest, which can hinder the establishment of
early successional species (Peterson 2000; Webb and Scanga 2001; Rich et al. 2010;
Scheller et al. 2011).

The most common natural disturbances affecting forests are fire, insect
defoliation and windfall (FAO 2005; FAO 2010). While remote sensing of fire-related
disturbances and insect defoliation has received considerable attention in the past (e.g.,
French et al. 2008; Garcia-Haro et al. 2001; Patterson and Yool 1998; Pereira and Setzer
1993; Roder et al. 2008; Schroeder et al. 2011; Townsend et al. 2012; van Wagtendonk et
al. 2004), only a handful of studies have focused on identifying and mapping windfall
disturbances. In general, the existing studies can be categorized into two themes. The
first category focuses on monitoring the impacts of tropical storms on forest structure

using multispectral imagery or radar data (e.g. Nelson et al. 1994; Ramsey et al. 2009a,b;
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Wang and Xu 2010; Negron-Suarez et al. 2010; Cheung et al. 2013). The second area of
focus is severe storm (including tornados) damage on forests of continental interiors,
which are characterized by smaller affected area but higher intensity disturbances, such
as the Boundary Waters Blowdown in the Greater Border Lakes Region (USA) in 1999
(Rich et al 2010; Wolter et al. 2012). However, while these studies were successful in
mapping the damage caused by each particular storm, they did not include developing
a specialized, and potentially universal, method to separate wind-related change from
other disturbances.

The Disturbance Index (DI, Healey et al. 2005) is an example of a universal
method. The algorithm has been developed to detect areas of forest disturbance, and
has been tested in a wide range of forest biomes including the Pacific Northwest (USA),
the St. Petersburg and other locations in Russia, South-Sudan and Uganda and the
conterminous United States (Healey et al. 2005; Masek et al. 2008; He et al. 2011;
Gorsevski et al. 2012; Sieber et al. 2013). One reason for the success of the DI is its use of
the Tasseled Cap transformation that convert Landsat bands into brightness’,
‘greenness’, and “‘wetness” measures to describe the variations in soil background
reflectance, vegetation vigor, and vegetation senescence, respectively (Kauth and
Thomas 1976; Crist and Kauth 1986). The success of the Tasseled Cap bands in the
Disturbance Index across different study regions suggests that a windfall classification
algorithm based on the same standardized bands might be successful as well across

different regions throughout the world.
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Our goal here was to develop an algorithm to distinguish windfall disturbance from
forest harvests with Landsat data, exploiting the success of the DI for detecting wind-
related forest damage in two different locations. Our specific objectives were to:
1. create a map of forest and forest disturbance using established methods from the
literature,
2. develop an algorithm to separate the areas of forest-disturbance into windfall
disturbance and clear-cut harvests,
3. test our algorithm in two study regions, (1) the temperate zone of European

Russia and (2) the southern boreal forest zone of the United States.

Methods
Study Area

Our first study site is located in the temperate zone of European Russia (Landsat
Path/Row 177/019, Figure 7 bottom right). Temperate coniferous, broadleaf, and mixed
forests dominate the landscape with Norway spruce (Picea abies) and Scots pine (Pinus
sylvestris) being the most abundant coniferous species. Major deciduous species
include aspen (Populus tremula), grey alder (Alnus incana), and birch (Betula pendula).
Commercial harvests are widespread in the region, because the Russian forestry sector
is growing and western forest companies are increasing their investments in mills to
exploit Russia’s vast timber resources (Mutanen and Toppinen 2007). Besides
commercial harvests, the region experiences frequent natural disturbance events.

Specifically, the study region experienced two storms that occurred in October 2009 and
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July 2010 (Koroleva and Ershov 2012), which were studied and mapped in detail by the
Russian Forest Health Center (Krylov et al. 2012).

The second study site is located in the southern boreal forests in northern
Minnesota (USA) (Landsat Path/Row 025/028, Figure 7, bottom left). The region is
characterized by a mixture of glacial lakes and wetlands. Forest species in the region
include early successional species, such as jack pine (Pinus banksiana), red pine (Pinus
resinosa), or aspen (Populus tremuloides), as well as late successional species like white
cedar (Thuja occidentalis) or balsam fir (Abies balsamea) (Frelich and Reich 1995; Rich
et al. 2010). In 1999, the region experienced a large infrequent wind disturbances event,
which is referred as the Boundary Waters Blowdown (or the Boundary Waters
Canadian Derecho). The storm occurred between July 4th and 5th 1999 and lasted 22
hours. It travelled over 2000 km at an average pace of around 95 km/h, and with wind
gusts of over 160 km/h. The storm caused over 1500 km2 of considerable forest
damage (Price and Murphy 2002), and has been a research subject in the past (Rich et al.

2010; Wolter et al. 2012).

Image pre-processing

At both locations we analyzed Landsat data from the year before and the year
after the windfall event. Our temporal frames were 1998-2000 for the U.S. site and 2009-
2011 for the Russia site. Imagery for both study sites were pre-processed by converting
digital numbers in to surface reflectance using the Landsat Ecosystem Disturbance

Adaptive Processing System (LEDAPS) algorithm (Masek et al. 2006). Cloud-free
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images were available for both time points at the U.S. site, but not for the Russia site.
Therefore, we selected images with the least amounts of clouds (hereafter called the
base-image) and gap-filled them using other Landsat scenes from the same growing
season (i.e., late May to August; 2009 and 2011, respectively, Table 3). Gap-filling was
accomplished by first masking clouds and cloud shadows in each image using FMask
(Zhu and Woodcock 2012), applying conservative threshold values to ensure that a
maximum of clouds and cloud shadows were detected. Afterwards, we filled the gaps
of our base-image using all other images from the respective growing season. We
ensured that images located at the edge of a growing season (i.e., late May) were chosen
last to fill gaps in the base-image. We thus minimized potential influences of a late
spring onset that sometimes can lead to class confusions in forest/non-forest
classifications. The result was a nearly cloud-free image composite for both time points

(2009 and 2011).

Forest/Non-Forest classification

For both study sites, we classified the pre-disturbance image (1998 for the U.S.
site, and 2009 for the Russia site) into ‘forest” and ‘non-forest’ using a training data set
generated automatically using the dark object approach (Huang et al. 2008). More
specifically, we searched for the peak within a local histogram of Landsat’s red band
(Band 3). In the absence of non-vegetated dark objects, such as water or dark soil, pixels
to the left of the peak can be considered forest pixels (Huang et al. 2008). We removed

non-vegetated dark objects by applying a consistency check using the globally available
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Moderate-Resolution Imaging Spectroradiometer (MODIS) vegetation continuous field
product (VCF, Hansen et al. 2006) with a threshold value of 40%. Dark pixels passing
this consistency check were then collected within a group of confident forest samples

and used to calculate the Integrated Forestness Index (IFI):

1 [ by — by’
e pi — Vi
tE = NBZ( SD; )
l:

where b; and SD; are the mean and standard deviation of the candidate forest pixels

within that image for band i, by, is the spectral value for pixel p in band i, and NB is the
number of bands (Huang et al. 2008). The index is an integrated Z-score depicting a
pixel’s probability of not being forest. Low IFI values indicate a higher likelihood of
being forested areas and high IFI values a higher likelihood of other land cover classes
(Huang et al. 2010). Using this information, we then delineated “non-forest” pixels by
applying a threshold. Huang et al. (2008) provides a more comprehensive explanation
on how to choose and modify this threshold to capture pixels with low IFI values that
are non-forest areas, such as dark green agricultural fields. We also collected less pure
pixels at class boundaries for each category by adjusting the IFI threshold for a pixel
being assigned to either forest or non-forest depending on whether their neighboring
pixel was previously labeled as forest or non-forest (Huang et al. 2008).

We used these training data in a Support Vector Machine (SVM) supervised
classification. SVM are non-parametric classification algorithms that fit a linear

hyperplane between two classes in a multi-dimensional space (Foody and Mathur
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2004a). Our strategy to collect training samples of both “pure’ forest pixels and ‘less
pure’ forest pixels (as well as non-forest pixels) favored the application of SVM, because
the linear separation between classes is strongly dependent on pixels along class
boundaries (Foody and Mathur 2004b). SVM use kernel functions to find the best fitting
hyperplane, which require setting a kernel parameter for the kernel width (y) and a
regulation parameter (C). We chose the best parameter combination by comparing
models that used a wide range of parameter combination and chose the parameters

from the best fitting model (Janz et al. 2007).

Forest disturbance detection

We mapped forest disturbance in both locations using the Disturbance Index.
The DI is a linear combination of normalized Tasseled-Cap bands. The idea behind the
index is that disturbance sites exhibit higher brightness, and lower greenness and
wetness values compared to undisturbed forests. The disturbance index is calculated as:

DI'= B, — (G- +W,)

where By, G,, W, are the Tasseled Cap bands, standardized around the scene’s mean
forest value. Positive values generally indicate disturbance areas (Healey et al. 2005).
The advantage of the Disturbance Index is that it only requires setting a threshold,
which is typically study region dependent. For the Russia site, we visually compared
the results of multiple thresholds against sample sites of stand-replacing disturbance as
well as windfall sites and identified DI=3.0 as providing the most accurate disturbance

map. The same type of assessment for the U.S. site revealed that DI=2.5 identified



97

disturbed areas best. In the final step we combined the initial forest/non-forest map
with the areas of forest disturbance and created a change-map for 2009-2011 and 1998-
2000, respectively. We then applied a majority filter and defined a minimum mapping
unit of 5 pixels (roughly equivalent to 0.5 hectares) to eliminate isolated pixels that

likely represented misclassifications.

Detecting windfall disturbance

Our windfall detection method was based on the assumption that only two
forms of disturbances occurred on the landscape: windfall and harvests. To extract
training data for each disturbance type, we visually examined the Landsat imagery to
determine how wind-related disturbance may be spectrally different from clear-cut

harvests. Based on these observations we postulated that, compared to harvests, a

wind-related disturbance site would have:

a) Lower Tasseled Cap brightness values: The Tasseled Cap brightness is a measure of
the soil proportion in the signal and sensitive to the abundance of shadows (Kauth
and Thomas 1976). After a recent clear-cut harvest soil is often exposed and shadows
are rare, leading to high brightness values. In contrast, after a windfall event,
biomass often remains, reducing soil reflectance and maintaining shadows. This
would result in lower brightness values for windfall disturbance than clear-cut
harvests.

b) Higher Tasseled Cap wetness values: The Tasseled Cap wetness provides

information about the moisture content of a site (Cohen and Spies 1992; Jin and



98

Sader 2005). Major over- and understory removal, typical for a clear-cut harvest,
strongly reduces tasseled cap wetness (Ballard, 2000; Cohen and Goward 2004;
Healey et al., 2005). Hence, a windfall disturbance will have on average a higher
Tasseled Cap wetness value than a clear-cut harvest.

c) Lower short-wave infrared (SWIR) reflectance (Landsat band 5): Similar to the
Tasseled Cap wetness index, TM band 5 is sensitive to the amount of water in
vegetation, but through an inverse relationship (Schroeder et al. 2011). On average, a
windfall disturbance site would be expected to have lower SWIR then a clear-cut
harvest due largely to more shadows in a windfall site.

Using normalized pixel values around a mean of zero following a standard Z-

transformation, a histogram of all disturbed pixels will exhibit three main “areas’. For

example, in the case of band-5 reflectance, the locations of importance in the histogram
are 1) the center, in which the spectral characteristics of windfall disturbance and clear
cuts are essentially the same; 2) the left side of the histogram, which is dominated by

‘windfall’ pixels; and 3) the right side of the histogram, which is dominated by ‘clear-

cut harvest’ pixels (Figure 8). The nature of a normal distribution makes it convenient to

target these areas. Specifically, we targeted areas to the left (‘windfall’) and to the right

(‘clear-cut’) of one standard deviation from the mean, and extracted pixels located in

these areas as training data for the ‘windfall” and “clear-cut harvest’ categories. We then

used the SVM to classify the disturbed areas, using the six multi-spectral bands from

Landsat and the same parameter-search method as for the initial forest/non-forest

classification.
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In doing so, we were able to add information to our forest-change maps by
attributing the cause of the forest disturbance. We postulated that a given cluster of
disturbed pixels would have all been disturbed due the same cause, which especially in
the case of windfall sites was confirmed during the validation process. Accordingly, we
extracted all disturbance-labeled areas from our forest change map and converted these
into vector-based polygons. These polygons were overlaid with our windfall
classification map. Within each disturbance polygon, we then counted the number of
pixels of each class (i.e., “‘windfall’ vs. ‘clear-cut harvest’) and assigned the final class

label for the polygon based on the majority of the pixels in it.

Accuracy assessment

We assessed the accuracy of our methodology by evaluating (a) the accuracy of
our forest-change map, and (b) the accuracy of windfall disturbance detection. For the
forest-cover change maps, we randomly sampled 100 points from each of the three
classes (i.e., ‘constant forest’, ‘constant other’, and “disturbed’), and labeled each point
manually using the Landsat composites and, where available, high-resolution imagery
in Google-Earth. We then summarized the results in an error matrix, and calculated
overall accuracy and the kappa statistics of the overall classification, as well as user’s
and producer’s accuracy for each class (Congalton 1991; Foody 2002). To account for the
possible sampling bias in the accuracy assessment, we area-weighted our classification

accuracies (Card 1982) and adjusted the area estimates of our categories (Stehman 2012).
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To estimate the performance of our proposed method in separating windfall
from clear-cut harvests, we evaluated all disturbance sites to see whether or not they
were assigned correctly to their expected class by visually inspecting the Landsat
imagery and high-resolution Quickbird data. This analysis was supplemented with the
following external datasets: for the Russia site, we had access to a hand-digitized
validation dataset from 2010 from collaborators in the region. For the U.S. site, we used
(a) a previously published Landsat-based classification of the region, which highlighted
areas of windfall, fire, and logging disturbance (Wolter et al. 2012), and (b) a
disturbance severity map created from IKONOS data (Rich et al. 2010). Both ancillary
datasets did not cover our entire study region, but only areas in the northern half of the
analyzed footprint (Wolter et al. 2012) and in the northwest of our study area (~ 121
km?, Rich et al. 2010). We again generated an error-matrix to evaluate the accuracy of
the classification of the polygons into ‘windfall” and “clear-cut harvest’, and calculated

the same accuracy measures.

Results

The forest change maps had high accuracies (Overall Accuracy 90.96% and Kappa
value of 0.91 for the Russia change map; overall accuracy 89.33 % and Kappa value of
0.84 for the U.S. site). User’s and producer’s accuracies were higher for the stable classes
compared to the disturbance class and higher at the Russia site compared to the U.S.

site (Table 4). The accuracy for the windfall classification was 77.5% for the Russia site
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and 76.4% for the U.S. site. In both cases, commission errors for ‘windfall” category were
slightly higher than those for “clear-cut harvest” (Table 5).

At the Russia site, 68.5% of the landscape (over 23,000 km?) was classified as
forestin 2009. By 2011, 475 km? of the forested area experienced a form of disturbance,
corresponding to an annual change rate of about 1%. Of the 475 km? of affected forest
area, over 300 km? (or 64%) were caused by two large windfall events in 2009 and 2010.
Overall, we analyzed 7,028 disturbance polygons in Russia, 4,625 (or 65.8%) of which
were characterized as “windfall’.

For the U.S. site, results were similar: in 1998, over 76% of the investigated area
was forested (nearly 13,000 km?). By 2000, 395 km? were disturbed, corresponding to an
annual disturbance rate of 1.5%. Roughly 171 km?, or 43%, of the affected area was
damaged by wind. Overall, we analyzed 5,977 unique disturbance polygons at the U.S.
site, of which 3,735 (or 63%) were caused by a large storm in 1999 (Figure 9).

The point cloud featured two clusters, each of which contained observations of
one disturbance type with very little ambiguity (i.e., “‘windfall” or “clear-cut harvest’,
Figure 10). Between the two study sites, the point cloud of the U.S. site exhibited a
larger difference between the two disturbance types.

The classification accuracy of the disturbance polygons also varied by size. At the
Russian site (Figure 11 top row) the lowest overall accuracy (just over 75%) was
associated with the smallest disturbance polygons and then increased to an average of
about 85% for disturbances of about 10 ha in size. After that size, the low number of

polygons in each 0.5 ha-bin caused the data points containing to high variances to
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estimate a clear trend (Figure 11a). For windfall sites only, small disturbance sites were
more accurately detected than larger ones. The accuracy for windfall sites dropped from
on average 95% for small patches to 80% for patches of about 8 ha in size. Again, for
patch sizes larger than 8 ha the number of polygons became too small to estimate a clear
trend (Figure 11b). For clear-cut patches the classification accuracy was lowest (~55%)
for the smallest patches close to our minimum mapping unit of 0.5 ha, but registered
greater than 80% for patches of about 8 ha. For patches larger than 8 ha no clear trend
was observable due to the low number of large disturbance patches (Figure 11c). At the
U.S. study site the general patterns of accuracy were very similar to the Russia site
(Figure 11d, e, f): For both disturbance types together, we found an increase in the
classification accuracy from 70% for patches of 0.5 ha to over 95% for patches of about
7.5 ha in size (Figure 11d). For windfall disturbances, accuracies were high throughout
the entire range of disturbance patches: they were highest for the smallest and the
largest windfalls (>95%) but slightly lower for windfalls of about 7-8 ha in size (~95%,
Figure 11e). However, here the trend was consistent across the entire range of patch
sizes. For the clear-cut sites, the least accurate detection occurred for patches that were
close to our minimum mapping unit of 0.5 ha. From there, the detection accuracy
greatly improved with increasing patch size, yielding accuracies at about 80% for
patches of about 5 ha in size (Figure 11f).

At the Russia site we also noticed that the first major windfall event was
classified at a higher accuracy compared to the second one (Figure 12). Evaluating the

spectral characteristics of these areas, we found that their band 5 reflectance values and



Tasseled Cap brightness values were above zero while their Tasseled Cap wetness

values were below zero.

Discussion

We developed a novel algorithm to separate windfall disturbance from
harvested areas based on Landsat data and tested the method successfully in two
different locations - one in the temperate zone of European Russia and one in the
southern boreal forests of the United States. The generation of the forest disturbance
map applied previously published methods to detect forest disturbances. Using this

disturbance map, we then developed and applied a rule set that determined whether
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the disturbance was caused by windfall or a harvest event. To our knowledge this is the

tirst study that developed a method specifically for the purpose of separating windfa
disturbance from clear-cut harvesting and tested its robustness in multiple study

regions.

11

Our results showed that in both study sites the separation between windfall and

clear-cut disturbance was possible in over 75% of the disturbed area. Given the small

number of studies that simultaneously classify windfall and clear-cut harvests using

Landsat data, only a limited comparison to previous work can be made. Compared to

the studies of fire disturbance and clear-cut harvests (e.g., Pereira and Setzer 1993;
Roder et al. 2008; Schroeder et al. 2011), our accuracies were generally lower. For
example, Schroeder et al. (2011) achieved classification accuracies greater than 90%,

while our results suggest a little over 75% success rate when detecting windfall. We
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believe that two major factors contribute to these differences. The first factor is related
to the difference in the methods of the two studies. Contrary to our study Schroeder et
al. (2011) gathered training data with considerable user input. In contrast, our algorithm
did not require any user intervention during the training process. Compared to
classifications that gather training data manually, automated methods often yield lower
classification accuracies. As such, the automation inherent in our algorithm is probably
more prone to errors but comes with the advantage of not requiring manually collected
training data. The second reason is related to forest management practices, particularly
partial harvests. Partial harvests typically remove mature trees from the canopy while
leaving younger trees uncut (Wilson and Sader 2002), a management practice that is
increasingly common particularly at the U.S. site. Partial harvests are known to impact
Landsat’s SWIR band (Olson 1994), a band that was highly important also in detecting
windfall in our study. As such, it is possible that confusions between windfall and
selective harvest lowered the overall detection accuracy, specifically by increasing the
commission errors in our ‘windfall” class. This highlights the need for a thorough
understanding of harvesting practices before attributing disturbance types.

Our algorithm complements other efforts to process Landsat data with little or
no user input (Healey et al. 2005; Huang et al. 2010). In the present study, we integrated
two basic concepts that had not been previously combined to produce a forest-cover
change map: the dark-object concept (Huang et al. 2008), and the Disturbance Index
concept (Healey et al. 2005). Our disturbance attribution step was then based on the

disturbance areas in the change map. We therefore stress that the attribution step, itself,
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can be combined with any other algorithm that detects forest disturbance using Landsat
images.

Overall, the combination of the selected variables proved to be suitable in
separating windfall disturbance from clear-cuts. Previous work on forest change
detection suggests that both Landsat SWIR reflectance (band 5) and Tasseled Cap
wetness values (a contrast of SWIR with the visible and near infrared bands) contain
similar levels of information (Peddle et al. 1999; Cohen and Goward 2004; Healey et al.
2005; Chen and Vierling 2006; Schroeder et al. 2011). Similarly, SWIR and the Tasseled
Cap Brightness often show a high degree of correlation (Cohen et al. 2003). However,
initial tests using all permutations of the three bands during the training data collection
suggested that the highest classification accuracy was achieved by using all three bands
as opposed to using one band individually or in combination with another band. This
might suggest that although correlated, each band contributes a unique source of
information about windfall and harvest sites, so we suggest that even correlated
information can be useful for improving classification accuracies.

Our results also suggest that the accuracy of the disturbance type classification
increased with the size of a disturbed area. This size-related classification accuracy issue
is potentially an artifact due to two aspects of our study design. First, mixed pixels
along edges affect a small disturbance site more strongly than a larger site. Second, the
generalization of disturbance sites at the polygon-level, posterior to the classification,
may have introduced errors. Our decision to use the majority rule prior to delineating

disturbance polygons might have affected particularly long and narrow disturbed



106

patches. Despite these shortcomings, our algorithm represents a valuable contribution
to forest disturbance mapping. Overall, we achieved mean classification accuracies of
over 75%, and even higher values for larger disturbance patches. This suggests that for
the vast majority of the disturbance area (83.3% at the Russia site, and 87.5% at the U.S.
site), the classification results identified the main events that took place on the ground,
i.e., widespread windfalls, correctly.

A number of uncertainties also remain. First, the windfall detection algorithm
requires knowledge about a windfall event in the region of interest. Second, we were
not able to test how the presence of fire or insect defoliation would affect our results.
We can only speculate that a step-wise approach and the addition of fire-specific indices
such as the Normalized Burn Ratio (NBR) could help isolate fire-affected pixel, which
then could be used to sample training data. Third, we did not distinguish between
different levels of windfall severity, which will likely impact the spectral signal (Rich et
al. 2010). Fourth, the image composites at the Russian site might have introduced errors
across the landscapes because of the different phenological stages. Though, the critical
image dates (e.g., the May imagery) only covered a small proportion of the landscape
and acquired climate records indicated that these errors were assumingly small. Fifth,
we did not test how varying the threshold (i.e., we used one standard deviation away
from the mean) of collecting windfall and clear-cut training data in the histogram
would have affected our results, and we suspect that the threshold is sensitive to the
proportion of “‘windfall” and ‘clear-cut” disturbance in the classification. Finally, at the

Russia site, a second major windfall was largely missed by our algorithms (Figure 6).
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While not having complete evidence due to missing ancillary information, two reasons
potentially contribute to this omission. First, the 2010 storm event may have been a
much stronger one compared to the 2009 event, causing more biomass to be removed
from the site, making it spectrally more similar to a clear-cut harvest. The second, and
in our opinion more likely, reason is salvage logging following the windfall. During
salvage logging the damaged trees are removed from the site, rendering it spectrally
similar to a clear-cut harvest. As such, the post-storm treatment of a site is a major factor
impacting the correct classification of windfall disturbance using satellite imagery.
Knowing what caused a forest disturbance is valuable information for a variety
of research questions that utilize forest disturbance maps. While the literature on
remote sensing of fire- and insect-related disturbance is fairly rich, work on identifying
windfall disturbance has not received much attention. Here, we developed a novel
algorithm to generate training data and classify disturbance areas into ‘windfall” and
‘clear-cut harvest’ disturbances. Our methodology requires minimal user input, and can
be immediately applied to other Landsat based disturbance maps. The proposed
method resulted in good classification accuracies, was effective in separating windfall
and clear-cut harvest, and maintained similar accuracies across two different study
regions. As with any other form of classification, the increased level of categorical
information produced as a result of this work is of great value, especially for research
that require information about changes in forest areas, such as econometric analyses

that assess drivers of timber harvest and carbon management.
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Figure Captions
Figure 7: Locations where the windfall classification method was tested. Study site 1 is
located in the temperate zone of European Russia; study site 2 is located in the Greater

Border Lake Region in northeast Minnesota (USA).

Figure 8: Schematic representation training data collection strategy for the windfall
classification. The data in the histogram represent values of the validation data of the

Russian study site for the band-5 reflectance.

Figure 9: Classification results for the Russia site (left) and the U.S. site (right). For both
study locations, examples are presented of areas characterized primarily by windfall
disturbance (177019A and 026027A), and areas primarily characterized by clear-cut

harvest (177019B and 026027B).

Figure 10: Validation of the training data to classify disturbance areas into “windfall’

and “clear-cut harvest’ in the spectral feature space in which they were generated.

Figure 11: Proportion of correctly classified disturbance patches by patch size for the
two classes, “‘windfall’ and ‘clear-cut harvest’, and the two classes combined. The top
row represents the Russian site (footprint 177019), the bottom row the U.S. site
(footprint 026027). The data presented are binned data with a bin width of 0.5 ha. Every

bin was subdivided into six groups with 0.09 ha increments in patch size (i.e.,
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increments of one Landsat pixel). The point represent the mean proportion correctly
classified polygons across sub-groups in each bin, the error bars represent the standard

deviation. The colors represent the number of polygons in every bin.

Figure 12: Misclassified disturbance site. Classification results suggest that the
disturbance is caused by harvest. Validation data reveal that the site is caused by

windfall.
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Table 3: Image acquisition dates for the Landsat imagery used in this analysis. The

images for footprint Path/Row 177/019 are ranked in the order they were used to

create the image composite.

Path/Row 177/019 Path/Row 026/027
Year in Acquisition Sensor Year in Acquisition Sensor
Analysis date Analysis date

2009-07-11 T™5 1998-09-16 ™5
2009-08-23 ETM+

2009 2009-07-30 T™5 1998
2009-06-12 T™5
2009-05-19 T™5
2011-06-02 T™5 2000-07-03 ™5
2011-06-26 ETM+

-07- +

011 2011-07-12 ETM 2000
2011-07-20 T™5
2011-05-25 ETM+
2011-08-05 T™5







Table 4: Area-weighted classification accuracies for our Landsat-based change-maps.
Presented are the overall accuracies, kappa, user’s and producer’s accuracies for the

three classes “‘Constant Forest (F)’, “‘Constant Non-Forest (NF)" and ‘Disturbance (D).

Landsat Overall ADDA User's Accuracy Producer's Accuracy
Path/Row Accuracy PP [%] [%]
[%] F NF D F NF D

177019 90.96 091 91.00 91.00 88.00 9540 84.07 66.28
026027 89.33 0.84 88.00 88.00 92.00 95.88 77.14 33.35
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Table 5: Accuracy measures for the separation of the disturbance polygons into

‘windfall” (W) and ‘clear-cut harvest’ (CC). Presented are the overall accuracy, the

kappa statistics as well as user’s and producer’s accuracy.

Landsat Overall Kappa User's Producer's
Path/Row Accuracy [%] PP Accuracy [%]  Accuracy [%]
\ CC W CC
177019 77.52 0.55 71.87 8734 9080 64.11
026027 76.39 0.55 6295 98.80 9886 61.54
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Chapter 3: Modeling green-leaf phenology using Dynamic Time Warping and all

available Landsat data

Co-Authors: Mutlu Ozdogan, Andrew D. Richardson, Volker C. Radeloff

In preparation for Remote Sensing of Environment

Abstract:

Green leaf phenology is an important measure that describes the development of
vegetation over a year and thus offers ways to characterize the interaction between
climate and the biosphere. Remote sensing has been a popular tool to characterize
phenology over large areas but the tradeoff between temporal frequency and spatial
resolution has limited their use for detailed studies. For example the existing
phenology products from the Moderate Resolution Imaging Spectroradiometer
(MODIS) sensor are made at coarse 500m spatial resolution and are not applicable in
cases such as detailed classification of mixed forests. Landsat imagery offer a higher
spatial resolution but limited image availability over the growing season has prevented
phenology products to be routinely generated from Landsat imagery. Here, we present
a method that uses all available Landsat imagery between 2002 and 2012 to generate a
daily Landsat vegetation index product. We used Dynamic Time Warping (DTW) and
MODIS vegetation index time series data to detect the interannual differences in
phenology and used this information to re-align the Landsat images. The result was a

synthetic very dense daily time series of Landsat observations. Using the dense time
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series we then modeled a Landsat phenology. We performed this method across eight
different study regions and multiple years. We compared the MODIS reference time
series and ground-based camera data from the PhenoCam-network based on
phenological transition dates (green-up (GU), start-of-season (SoS), maturity (Mat),
senescence (Sen), end-of-season (EoS) and dormancy (Dorm)). Results for the MODIS
comparison show a strong agreement. Dates of GU, SoS and Mat showed an agreement
of >90%, Dorm and EoS dates over 80% and Sen date over 75%. The agreement between
the Landsat and PhenoCam time series showed generally lower agreements, but GU
and SoS dates were still over 75%. Results also suggest a systematic shift between the
time series and a varying effect of the study site and the year of analysis. Our study
suggests that using multi-year imagery it is possible to describe a year of green-leaf
phenology at much finer spatial detail than what has been available to date. This
highlights the potential for making fine scale phenology maps using the rich Landsat

data archives over large areas and multiple years.

Keywords

Landsat, Dynamic Time Warping, green leaf PhenoCam, Phenology, MODIS, EVI
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Introduction

Characterizing green leaf phenology is an important measure to describe the
development of vegetation over the year and thus offers ways to characterize the
interaction between climate and the biosphere (Wolfe et al. 2005; Zhang et al. 2006).
Remote sensing from satellites allows for the observation of green leaf phenology across
large spatial scales because of the standardized and repeated measurements (Asner et
al. 2000; Knudby 2004; Paruelo et al. 1997; Roetzer et al. 2000; Tucker et al. 1986). For
example, the Moderate Resolution Image Spectroradiometer (MODIS) data are widely
used to characterize green leaf phenology across the globe as a standard MODIS
product (Zhang et al. 2006; Zhang et al. 2003; Ganguly et al. 2010; Hufkens et al. 2012).
For many applications including ecosystem net primary production (Goward et al.
1985) and annual evapotranspiration (Sun et al. 2004), that are applied over large areas,
the spatial resolution of MODIS phenology data (500m-1,000m) is adequate to describe
the biophysical processes. However, other applications such as characterization of bird
migrations by the phenological state of vegetation (Wood et al. 2012, Wood and
Pidgeon in press) or the habitat selection by red deer (Schaefer et al. 2008) might benefit
from a higher spatial resolution. Likewise, successful mapping of tree species in
forested landscapes requires an appropriate description of variation in green-leaf
phenology at the stand level throughout the year, which is often done by using multi-
date imagery (Wolter et al. 1995; Wolter and Townsend 2011; Isaacson et al. 2012). This

is because the timing of green-up during the spring and browndown during the fall can
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vary substantially across different species (Lechowicz 1984; Richardson et al. 2006) as
well as within the same species (Crawley & Akheteruzzaman 1988; Lugez et al. 2008).
Landsat satellites provide images at a higher spatial resolution (30m) than
MODIS. With now over 40 years of continuous terrestrial observation Landsat satellites
provide an unprecedented archive (Loveland and Dwyer 2012). Over the last five years
the free and open access to the Landsat archive triggered a proliferation of new
products (Woodcock et al. 2008; Wulder et al. 2012). For example, Landsat observations
have been used to describe long-term averages of green leaf phenology in New England
(USA) (Fisher et al. 2006) and to describe the interannual variability in phenology
(Melaas et al. 2013). Despite these new developments in Landsat image processing for
phenology, to date a product that describes green leaf phenology within a single year
has not yet been available from Landsat data. Here we developed a method to describe
the green leaf phenology of a single year at the spatial resolution of Landsat imagery.
One reason why a phenology product is not yet available from Landsat is that,
while the spatial (30m) and the spectral resolution of Landsat satellites are ideal to
describe green leaf phenology, the temporal resolution (i.e., the number of images per
year that are available for the same location) is limited. While every point on the planet
can technically be observed on a 16-day repeat cycle, cloud contamination, inconsistent
archives or other technical issues cause that for many regions of the world a true 16-day
repeat cycle is not achieved. This has limited our ability to extract phenologically
meaningful observations in a single year. With the opening of the Landsat archives

however, there are now exciting new opportunities to overcome the issue of inadequate
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temporal resolution. Here, we combined all available Landsat data within a single time
series to model green leaf phenology.

When combining multi-year imagery into a time-series set, representing a single
year, the challenge is to remove the effect of differences in green leaf phenology
between years. In other words, contrary to highlighting phenological differences across
years (Melaas et al. 2013) the goal is to eliminate the between-year variation in
vegetation phenology to create a synthetic one-year observations of Landsat data.
Dynamic Time Warping (DTW) can help to overcome the between-year differences.
DTW was originally developed for speech recognition (Sakoe and Chiba 1978), but
there is an increasing number of applications of DTW in remote sensing questions,
particularly for those involving time-series problems. For example, DTW was used to
detect similar cane sugar fields across different regions in Brazil based on Advanced
Very High Resolution Radiometer (AVHRR) time series (Romani et al. 2010). Other
applications have been more of technical in nature, focusing on the development of
segmentation pre-processing methods for the simplified representation of satellite
image time series (Weber et al. 2012), image clustering to overcome the issue of
irregularly distributed image time series in land-cover classifications (Petitjean et al.
2012), or re-aligning a handful of Landsat observations based on the phenology
observed by MODIS and AVHRR data (Huseby et al. 2005). In this work we applied a
similar idea to Huseby et al. (2005). However, contrary to Huseby et al (2005) we re-
aligned all available Landsat imagery between 2002 and 2012 to simulate daily Landsat

EVI observations for a single year.
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The aim of DTW is to stretch and compress two time series locally to ultimately
make them as similar as possible (Giorgino 2009; Petitjean et al. 2011). The underlying
idea is that, while the two time series are potentially very different at a certain day of
the year, their overall evolution is very similar. For example, in case of the phenological
variation throughout the year, the green-up stage might be slightly offset in different
years. However, in every year there will be a green-up stage in natural vegetation
canopies and this green-up stage will always precede the maturity stage of the
vegetation. In other words, across multiple different years, the phenological evolution
over the year will almost always follow a curve reminiscent of a double logistic
function, but the parameters of the function will vary across years (Huseby et al. 2005).
Thus, given a reference time series data describing vegetation activity (e.g., for the year
2005) and the time series vegetation data of a second, different year (e.g., 2007), the goal
is to find for each day in the 2007-data the corresponding day of year in the reference
time series. We call the corresponding days of the two time series “Day-of-Year-
matches” (DOYm), which can be interpreted, for example, that May 15t of the year 2007
corresponds phenologically to May 25t of the reference year (2005). Thus, using DTW
we translated the chronological time series into a phenological time series (Huseby et al.
2005).

One main criterion to apply DTW is to have a sufficiently accurate measure to
describe the phenology of the two time series. In this work, we used the MODIS
Enhanced Vegetation Index (EVI) to find the DOYn for each day of a year. Using

MODIS EVI, we then re-organized a Landsat time series, consisting of all available



145

Landsat images between 2002 and 2012 to create a new synthetic time series with high
temporal resolution and extracted corresponding green leaf phenology data of any year.
Generating a new synthetic dataset inevitably raises questions and concerns
regarding its ecological meaning and accuracy. The challenge hereby is to find a
benchmark dataset that describes the same phenomenon as the synthetic dataset, but
has an independent acquisition strategy. Data from the PhenoCam network fulfill this
requirement. They can be used to quantitatively monitor seasonal development of
vegetation on the ground at a very high temporal resolution (Richardson et al. 2006;
Richardson et al. 2007), and can be linked to remote sensing estimates of phenology
such as the timing of spring and autumn, and growing season length (Elmore et al.
2012; Hufkens et al. 2012; White et al. 2009). Here, we compared the ground-based
PhenoCam time series pictures to our synthetic Landsat time series using multiple
different phenological ‘keydates’ (e.g., the green up date, the maturity date etc.) that
describe the development, maturity, and the senescent of natural vegetation canopies.
Our main goal was to generate a Landsat product that characterizes the
phenological evolution of a single year using all available Landsat data between 2002
and 201. Specifically, our objectives were to:
1. use dynamic time warping to create a synthetic, high temporal resolution
Landsat time series,

2. use the time series to create a green-leaf phenology product from Landsat,
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3. compare the generated Landsat phenology to PhenoCam digital camera time
series and the MODIS EVI reference time series based on phenological

‘keydates’.

Methods
Study area and datasets

To test the new approach, we chose PhenoCam sites with data over several years
with limited or no missing observations (Table 6). We then acquired the corresponding
Landsat and MODIS datasets. The datasets were (a) all Landsat images between 2002
and 2012 with cloud coverage of less than 70%, (b) MODIS 8-day surface reflectance
composites (MOD09A1 Version 5) between 2002 and 2012 and (c) the PhenoCam photos

for the selected years which we analyzed in our study (Table 6).

Dynamic Time Warping to create a Landsat phenology
In a first step we calculated MODIS EVI time series of each year between 2002
and 2012. To do this, we used the 8-day-MODIS surface reflectance values (MOD09A1),

of which we calculated the Enhanced Vegetation Index following equation (1):

PNIR — Pred

EVI =G -
Pnir + C1* Prea — C2 " Ppiye + L

where p are the atmospherically corrected surface reflectance values, G=2.5, L=1, C1=6,
C2=7.5 are coefficients that describe the aerosol resistance term (C1, C2), a canopy

background adjustment factor (L), and a gain factor (G, Huete et al. (2002)). We then
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fitted a double logistic function to MODIS EVI time series to estimate the EVI for each
day of a target year (Zhang et al. 2006; Zhang et al. 2003). We modified the double
logistic function by adding several parameters that controlled the phase of green-up
and senescence, as well as a summer green-down parameter to fully capture the
phenological dynamics (Elmore et al. 2012; Melaas et al. 2013). We thus estimated the

daily EVI (EVI4) for each year following equation (2):

1 1
EVIy(t) =my + (my —m; - t) - (1 omaomat 11 ems—me't>

where t is the day of year, m; is the minimum EVI and m; the amplitude of EVI during
the year, m34and ms e are parameters to control the phase of green-up (m3,4) and
senescence (115,), and m7 the summer green-down param parameter (Elmore et al. 2012;
Fisher et al. 2006; Melaas et al. 2013). We extracted parameters m; and m> from the
MODIS-EVI time series, the remaining parameters we estimated using the method of
least squares by applying the Levenberg-Marquard algorithm (Moré 1978).

In the next step, we selected a reference time series based on the years of interest
(i.e., the years that we had PhenoCam observations available). We then calculated the
alignment between all available Landsat EVI data and the MODIS reference time series
using DTW. In principle, DTW compares two time series with each other and optimally
deforms one of the two input time series to the other (Giorgino 2009; Petitjean et al.
2012; Romani et al. 2010). To align the two time series (e.g., the phenology of the year
2004 (P°*) to the phenology of the year 2005 (P°?)), we build a 365-by-365 matrix, in

which each element (i, j) described the Euclidean distance between two days of the time
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series P’* and P?°. We then calculated all warping-paths WP = (w;, w,, ..., wy,) as the
sum of the matrix elements defining the mapping between P°* and P% . The optimal
warping path was then the path that minimized the overall path-cost through the

matrix following equation (3):

K
DTW (P, P%5) = min “Z";W" .

We also defined three additional restrictions for the final warping path: (a) the
warping path had to start at w; = (1,1) and end at wy, = (365,365) and find for every
day in P°* a DOY,, in P°, (b) the elements of a warping path must be adjacent to
another element of the matrix (continuity), and (c) the points must be monotonically
spaced in time (monotonicity) (Giorgino 2009; Romani et al. 2010). The result of this
procedure was a vector that contained all DOY,, between P%* and P°°.

We then applied the DOY/, to the Landsat images from any other year other than
the reference year, and assembled them within one dense time series. Every Landsat
image of the new time series went then into a pre-processing chain, that involved (a)
converting digital numbers into surface reflectance values using the Landsat Ecosystem
Disturbance Adaptive Processing System (LEDAPS, Masek et al. 2006), and (b)
removing clouds and cloud shadows using Fmask (Zhu and Woodcock 2012). Once the
pre-processing was complete, we calculated for every Landsat image the EVI following
eg. (1), and generated for every pixel a green leaf phenology curve using eq. (2) and the

same parameter estimation strategy.
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In the final step, we extracted ecologically important phenological transition
dates including the days of (a) the green-up [GU], (b) the start of the season [S0S], (c)
maturity [Mat], (d) senescence [Ser], (e) the end of the season [EoS] and (f) the
dormancy [Dorm]. These dates (hereafter: referred to as keydates) are extracted by

calculating the first and second derivatives of the double-logistic function (Figure 13).

Time-series comparison

After the generation of the dense Landsat time series, we compared our results
with (a) a time-series from the PhenoCam-webcam located at our study sites, and (b)
the MODIS-EVI time series of the reference year (i.e., the year we time-warped the
Landsat images to). To generate the time-series observations from the PhenoCam data,
we downloaded all pictures for the site of interest for the reference year from the
PhenoCam website. Within each picture, we defined a region of interest that maximized
the area of canopy that was consistent across every picture and at the same time
excluded sky, understory and forest floor (Richardson et al. 2009; Richardson et al.
2007). We then extracted the DN values of all three channels (red, green and Blue) of
each digital picture and calculated the Excess Green Index ExGum (Hutkens et al. 2012;
Sonnentag et al. 2012):

ExGy=2-G— (R - B)

where R, G, B are the are the brightness levels of the green, red and blue channels. We
used the freely available MATLAB tool that is available on the PhenoCam-network

website (http:/ /phenocam.sr.unh.edu/webcam/). Finally, we fitted a double logistic


http://phenocam.sr.unh.edu/webcam/
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function to the ExGwm , applying the same parameter estimation method and calculated

the keydates corresponding to the PhenoCam data.

Results

Merging all available Landsat data from three sources (e.g. TM5, ETM+, ETM+-
SLC-off) between 2002 and 2012 to represent one single year increased the data
availability an average of 24.9 times the actual number of observations for that year,
with an average of 274 images per year. Qualitatively, applying DTW to re-align
Landsat data resulted in Landsat EVI time series that was much more similar to the
reference EVI time series from MODIS (Figure 14).

Comparing the Landsat time series and MODIS observations, all keydates
showed a higher correlation coefficient compared to the keydate-comparison between
Landsat and the PhenoCam data, and this was consistent across all keydates. The
correlation coefficients between Landsat and MODIS for each keydate were GU=0.97,
505=0.96, Mat=0.91, Sen=0.76, EoS=0.81 and Dorm=0.84. Between Landsat and
PhenoCam, we found these correlation coefficients to be GU=0.80, S05=0.76, Mat=0.60,
Sen=0.03, E05=0.52, Dorm=0.55 (Figure 15).

The average differences between estimated keydates were comparatively lower
between the Landsat and MODIS time series than between the Landsat and PhenoCam
time series (Figure 16). Across study sites and years of analysis, on average all keydates

were estimated to occur later in Landsat compared to MODIS: Specifically, the
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difference in GU between Landsat and MODIS was +1.34 days (standard deviation of
2.8 days), SoS date +1.23 days (2.21), Mat date +1.35 days (3.34 days) and Sen date +2.85
days (4.54). Only the Dorm date was estimated earlier in Landsat (mean of -0.26 days,
standard deviation 3.78 days). For each keydate individually, we found the smallest
difference for the GU date at the ‘Mammothcave’ study site and the largest difference at
the ‘Cary-Institute” study site (-0.44 days vs. +7 days). For the SoS date ‘Mammothcave’
showed the smallest difference and ‘Morgan-Monroe’ the largest (-1.44 days vs. +4.5
days), the difference in the Mat date was smallest at the “Harvard-Forest” site and
largest at ‘Morgan-Monroe’ (0.25 days vs. 7.75 days), the difference in Sen date was on
average largest at the ‘"Mammothcave’ site and smallest at “‘Arbutuslake’ (+10.2 days vs.
-0.33 days). The difference in the EoS date was largest at the ‘"Mammothcave’ site and
smallest at the “Arbutuslake’ site (+6.4 days vs. 0.66 days), and in case of the Dorm date
we found the largest difference at the ‘Cary-Institute” site and the smallest at the
‘Bartlett’ site (-8.6 days vs. 0.25 days).

For the Landsat-PhenoCam comparison, the differences were comparatively
larger and in all cases the keydates were estimated later in the Landsat time series.
Specifically, GU had a mean difference of +6.82 days (standard deviation 5.24days), SoS
+10.07 days (6.71), Mat +13.9 days (9.27), Sen +7.5 days (8.07), EoS +2.75 days (6.47) and
Dorm +10.03 days (8.21). For the different keydates individually the largest and smallest
differences were: GU date +18 days (‘Cary-Institute’) vs. +3.25 days (‘Bartlett’), SoS date
+21 days (‘Cary-Institute’) vs. +5.88 days (‘Mammothcave’), Mat date +26 days (‘Cary-

Institute’) vs. +6.4 days (‘Mammothcave’), Sen date +17.6 days (‘Cary-Institute’) vs. +3
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days (‘Arbututslake’), EoS date +10.5 days (‘Bartlett’) vs. -2.5 days ("Morgan-Monroe’),

and Dorm date 0 days (‘"Harvard-Forest’) vs. +21 days (Morgan-Monroe”) (Figure 15).

Discussion

Remote sensing is a useful tool to characterize green leaf phenology across large
spatial scales. Several ecological applications such as the estimation of annual
evapotranspiration benefit from MODIS derived phenology, available only at 500m
spatial resolution. However, other applications such as the characterization of bird
migration or the classification of mixed forests would benefit from phenological
information at the resolution of Landsat satellites. Here, we described a method that
combines Landsat images of multiple years into a single year dense time series. Using
Dynamic Time Warping (DTW) to account for interannual differences, we provide a
product describing green leaf phenology at the spatial resolution of Landsat satellites.

Our results suggest that by using MODIS EVI time series and DTW to re-align
Landsat imagery of multiple years it was possible to generate a temporally very dense
time series of Landsat observations. This confirms findings in a study region in Norway
using a mix of MODIS and Advanced Very High Resolution Radiometer (AVHRR)
NDVI time series (Huseby et al. 2005). However, while Huseby et al. (2005) only used a
handful of Landsat imagery, in this study we took advantage of all available Landsat
imagery between 2002 and 2012. The use of all available imagery allowed us to create a
Landsat dense time series for an entire year, which makes our analysis different from

other existing studies that characterized autumn senescence by realigning Landsat
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imagery (Isaacson et al. 2012). While it is difficult to validate the efficacy of our
approach in a quantitative way, the post-DTW time series of Landsat EVI data is much
more similar than the pre-warping EVI data to the MODIS EVI time series observations
for the same year.

On the other hand, while the overall shape of the time series of greenness
observations between Landsat, PhenoCam and MODIS appear very similar, our results
suggest certain level of disagreement for the key phenological dates (or keydates),
extracted from the same datasets. For example, there is a strong agreement between
those keydates extracted from the re-aligned Landsat data and MODIS, but the
differences were larger between the Landsat and the PhenoCam and these findings
were consistent across locations (Figure 16). Several sources of error are responsible for
these differences. First, general differences in how the data are recorded and evaluated
may have biased our results. Specifically the camera field of view (FOV) associated with
the oblique looking digital pictures strongly affects the agreement between MODIS and
PhenoCam at the larger scale (Hufkens et al. 2012). We believe that this effect also
shows up in our study. The comparison of Landsat and MODIS intuitively seems ‘closer
and more intuitive’ compared to the Landsat-PhenoCam evaluation, which would
explain the relatively higher differences in ‘keydates” between the Landsat and
PhenoCam time series. Second, the overall differences in how the images (i.e., the
different types of satellite images and the digital camera images) were acquired and
processed produce uncertainties that ultimately yield the differences between the fitted

functions. Thus, we suggest interpreting the observed differences between the time
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series in our study with caution, as it is impossible to say that one index, or one time
series, is ‘better” or ‘worse’ than the other (Richardson et al. 2007). The Landsat green
leaf phenology presented here should therefore be seen as an additional measure of
green leaf phenology at a finer spatial resolution that complements the existing
products from MODIS and PhenoCam. The Landsat green leaf phenology presented
here should therefore be seen as an additional measure of green leaf phenology at a
finer spatial resolution that complements the existing products from MODIS and
PhenoCam.

Our results also suggested that in the Landsat-PhenoCam comparison all
keydates were estimated earlier in the PhenoCam time series compared to the Landsat
time series. We are not entirely sure as to what causes these larger differences as we
anticipated Landsat to be more sensitive to understory greenup, which almost always
happens earlier in temperate forest ecosystems. For example, PhenoCam cameras, with
the oblique and user-determined view, capture overstory more than the understory.
However, Landsat observes the same location from the nadir view angle (or ”straight
down”) and as such assumingly is relatively more sensitive to understory compared to
the PhenoCam. Thus, one would assume that especially during the first half of the
season keydates to be estimated earlier in Landsat compared to PhenoCam, but our
results suggest the opposite. Nevertheless, while not neglecting these observational
differences between Landsat and PhenoCam datasets, we note that the primary goal of
this study was to create a phenology product from Landsat that was comparable to

those from MODIS. With the small differences in keydates between Landsat and



155

MODIS and the limited influence of the factors ‘year’ and “study site’, we suggest that
the phenology created from Landsat presented here is a useful product that allows for a
spatially detailed description of the phenological evolution during the year.

A number of uncertainties also remain. First, we did not test how changes in land
cover, for example a clear cut harvest event, may affect the results presented here.
Second, our approach, as it is currently implemented, is not an independent approach,
but will always require information about yearly ‘reference” phenologies from other
data sources. Here, we used one data source (i.e., MODIS) but other sensors such as
AVHRR could potentially yield similar results and would further allow using Landsat
imagery acquired prior to 2002. Third, the slight radiometric differences between
Landsat TM5 and ETM+ images might have introduced some noise in our synthetic
time series. Fourth, our study is limited to forested landscapes and does not consider
agricultural areas, leaving it somewhat uncertain how the approach would perform in
agricultural applications.

Green leaf phenology is an important measure to describe the vegetation
dynamics throughout a year. Characterizing green leaf phenology at a high spatial
resolution might help to map mixed forest stands more accurately or to improve our
understanding of other ecological questions such as the interplay of phenological
evolution and bird migration. Here, we present an approach to model green leaf
phenology at the resolution of Landsat satellites. Our results show that there is
substantial agreement between the Landsat phenology and the MODIS reference

phenology as well as the phenology on the ground from PhenoCam data. In the short
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run, this makes the presented green-leaf phenology product being a considerable
alternative to existing remote sensing based products, though at a much higher spatial
resolution. In the long run, however, the product has the potential to pave the road
towards a spatially more detailed of phenological studies and thus to a better

understanding on the interaction between the biosphere and climate.
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Figure Captions

Figure 13: Example of the three phenology-profiles (Landsat, PhenoCam and MODIS)
and the estimation strategy of the keydates. The top row represents the EVI/ExGm time
series, whereas the middle and bottom row represent the first and second derivative of
the phenology-profiles. The keydates are (chronologically with the year): green-up date
(GU, red line), Start-of-Season date (SoS, blue line), Maturity date (Mat, orange line),
Senescence date (Sen, green line), the End-of-Season date (EoS, light blue line), and
Dormancy date (Dorm, yellow line). The example represents the Mammothcave study

site for the year 2012.

Figure 14: Comparison of the Landsat-time series ‘unwarped’ vs. ‘warped’, the example
is the Mammothcave study site for the year 2012. The red dots are Landsat EVI values
from 2012, the grey dots indicate Landsat EVI data from all other years that got time-
warped to the reference year. The black line represents the MODIS EVI from the

reference year 2012.

Figure 15: Scatterplots and correlation coefficients to assess the differences in the
keydates between Landsat and PhenoCam time series (top), and Landsat and MODIS
time series (bottom). All points represent one year of analysis at one study site. The

colors represent the different study sites.
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Figure 16: Differences in estimated keydates at the different study sites. The top row
represents the Landsat-MODIS comparison, the bottom row the Landsat-PhenoCam

comparison. The points describe the mean difference in estimated keydates across all
years that were analyzed at each particular study sites. The error bars show the

standard deviation of the keydate estimations.

Figure 17: Example of daily EVI time series between 2003 and 2012 at the
Mammothcave study site. The EVI maps represent a 500x500 pixel subset around the
location of the PhenoCam on day of year 200. The EVI curves represent the modeled

phenology for Landsat and PhenoCam at the PhenoCam location.

Figure 18: Comparison of the MODIS phenology and the newly generated Landsat
phenology. Presented are the estimated keydates GU, SoS, Mat (left column top to
bottom) and Sen, EoS and Dorm (right column). In addition, the phenology at the
approximate location of the PhenoCam is presented. The example shows the case of the

Mammothcave study region for the year 2012
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Table 6: Study sites and datasets, used in the study. Years indicate the years with

complete phenology in the PhenoCam-data.

Study Site Name Years Landsat MODIS Characterization
Path/Row footprint
(# images)
Bartlett 2008, 2009, 2011, 012/029 (257) h12 v04 Mixed forest, deciduous
2012 species dominant, some
understory
Mammothcave 2003, 2004, 2005,  021/034 (254)  h11 v05 Decidious forest, amount
2006, 2008, 2009, of understory unclear
2011, 2012
Harvard-Forest 2009, 2010, 2011, 013/030 (215) h12 v04 Mostly deciduous, some
2012 coniferous, understory
present
Cary-Institute 2010, 2011, 2012 014/031 (268) h12 v04 Mostly deciduous, view
from side, amount of
understory unclear
Arbutuslake 2009, 2010, 2012 015/029 (242) h12 v04 Mostly deciduous, in
background more
coniferous, only little
understory
Morgan-Monroe 2009, 2010, 2011, 021/033 (285) h11 v05 Dominant deciduous,
2012 little understory
Univ. Michigan 2010, 2011, 2012 021/028 (257) h12 v04 Mostly deciduous, some

Biolog. Station

coniferous in the
foreground, understory
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