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Forests are a critical component of the planet’s ecosystem. Unfortunately, there has been signif-
icant degradation in forest cover over recent decades as a result of logging, conversion to crop,
plantation, and pasture land, or disasters (natural or man made) such as forest fires, floods, and
hurricanes. As a result, significant attention is being given to the sustainable use of forests. A key
to effective forest management is quantifiable knowledge about changes in forest cover. This re-

quires identification and characterization of changes and the discovery of the relationship between
these changes and natural and anthropogenic variables. In this paper, we present our preliminary
efforts and achievements in addressing some of these tasks along with the challenges and opportu-

nities that need to be addressed in the future. At a higher level, our goal is to provide an overview
of the exciting opportunities and challenges in developing and applying data mining approaches
to provide critical information for forest and land use management.

Categories and Subject Descriptors: H.2.8 [Database Management]: Database Applications—
Data mining; J.2 [Computer Applications]: Physical sciences and engineering—Earth and
atmospheric sciences

General Terms: Algorithms, Remote Sensing, Land use change, Forest change, Information Mining

1. INTRODUCTION

The world’s forests are a critical component of the planet’s ecosystem. They play an
important role in the composition of the air we breathe, provide ecological diversity,
protect the soil, and maintain the hydrological cycle [Bonan 2008]. The timber and
other products from forests is a primary source of livelihood for millions around
the world. In addition, forests reduce atmospheric carbon through the process
of sequestration. Specifically, recent research [Ollinger et al. 2008] suggests that
the role forests play in regulating global climate is larger than previously thought
and will likely become even more important as alternative carbon sinks become
saturated while forests continue to act as sinks throughout a century of climate
change.
Unfortunately, there has been significant degradation of forest cover over recent

decades as a result of logging, conversion to cropland or plantation (e.g. Figure
1), or disasters (natural or man made) such as forest fires, floods, and hurricanes
[Potter et al. 2003]. Although natural disasters play a role, a large fraction of de-
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Source: TIME Magazine.

Fig. 1. Figure shows standing forest in a small
region in the Amazon, the rest of which has
been cleared for soybean plantation to meet

demands for biofuels.

Source: NASA Earth Observatory.

Fig. 2. Deforestation changes local weather.
Cloudiness and rainfall can be greater over
cleared land (image right) than over intact for-

est (left).

forestation is due to direct human activity as a result of increasing economic, social
and demographic pressures. Regardless of the cause, the impacts of deforestation
can be significant and long lasting. For example, logging can lead to a change in
micro-climate and regional ecosystem characteristics (see Figure 2).
Forest degradation accounts for almost 20% of anthropogenic greenhouse gas

emissions (GHG) and thus is a significant driver of climate change, which, in turn
can impact the health of the global ecosystem [Gullison et al. 2007]. As an example
of this complex interplay, Canadian forests have changed from a sink of atmospheric
carbon to a source caused by an increased occurrence in fires that is due to trend
of increasing drought frequency and/or warmer winters [Kurz and Apps 2006].
The significant long-term impacts of deforestation and the need for sustainable

forest management are well recognized. Long before climate change became a driv-
ing issue, conservationists and biologists had been urging increased attention to
the sustainable use of forests in general, and tropical forests in particular. Since
the important role of forests in addressing the problem of climate change has be-
come more widely recognized, there has been a significant increase in international
efforts such as the United Nations Programme on Reducing Emissions from De-
forestation and Forest Degradation (UN-REDD) and the recent COP15 Climate
Change Conference at Copenhagen. In addition to politically negotiated treaties, a
market based approach has been proposed in which corporations or countries that
are significant emitters of atmospheric carbon offer monetary payments for forest
preservation in exchange for carbon credits to be used in a carbon trading system
[TCG ].
A key ingredient for effective forest management, whether for carbon trading

or other purposes, is quantifiable knowledge about changes in forest cover. Rich
amounts of data from remotely sensed images are now becoming available for de-
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tecting changes in forests or more generally, land cover. However, in spite of the
importance of this problem and the considerable advances made over the last few
years in high-resolution satellite data acquisition, data mining, and online map-
ping tools and services, end users still lack practical tools to help them manage
and transform this data into actionable knowledge of changes in forest ecosystems
that can be used for decision making and policy planning purposes. Providing this
actionable knowledge requires innovations in a number of technical areas: (i) iden-
tification of changes in global forest cover, (ii) characterization of those changes,
and (iii) discovery of relationships between the number, magnitude, and type of
these changes with natural and anthropogenic variables. To realize progress in
the above areas, a number of computational challenges in spatio-temporal data
mining need to be addressed. Specifically, analysis and discovery approaches need
to be cognizant of climate and ecosystem data characteristics such as seasonality,
inter-region variability, multi-scale nature, spatio-temporal autocorrelation, high
dimensionality and massive data size.
This paper describes our initial efforts, achievements and challenges in address-

ing some of the above areas. In particular, we present two novel time series change
detection techniques for forest monitoring, illustrative examples of large scale vege-
tation disturbances, event identification, characterization and relationship mining.
Additionally, to provide a practical dimension, carbon risk scoring is used to illus-
trate a decision making application.
Organization of the Paper: Section 2 describes the earth science datasets that are
used in the study and can be used for global forest monitoring. Section 3 discusses
the challenges involved in detecting changes in forest cover, limitations of current
approaches, and approaches we have proposed for addressing these limitations along
with illustrative examples of the vegetation disturbances detected in different parts
of the globe. Sections 4 and 5 describe issues and challenges for event identification,
characterization of change, and identification of the relationships between the veg-
etation disturbance events and natural and anthropogenic variables. Carbon risk
scoring, an application of the work, is presented in Section 6. Section 7 contains
concluding remarks.

2. EARTH SCIENCE DATA

Global remote sensing data sets are available from a variety of instruments at dif-
ferent spatial resolutions and a large number of multi-spectral bands as a sequence
of global snapshot of measurement values (see Figure 3). The specific vegetation-
related variables used in this study are the enhanced vegetation index (EVI) and
fraction of photosynthetically active radiation (FPAR) products. These vegeta-
tion indices serve as a measure of the amount and “greenness” of vegetation at
a particular location. EVI represents the greenness signal (area-averaged canopy
photosynthetic capacity), with improved sensitivity in high biomass cover areas
[Huete et al. 2002]. MODIS algorithms have been used to generate the EVI index
at 16-day intervals at 250-meter spatial resolution and the FPAR index monthly at
4 km and 1 km spatial resolution from February 2000 to the present. We process
sequences of global snapshots of these indices to construct a time series for each
pixel on the globe (see Figure 3 and Figure 4 for an illustration). There are around
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Fig. 3. The above MODIS Enhanced Vegetation Index (EVI) map shows the density of plant
growth over the entire globe. Barren areas of rock, sand, or snow tend to have very low values of
EVI (white and brown areas). Shrub and grassland tend to have moderate values (light greens),
while high values are mostly from temperate and tropical rainforests (dark greens). Source: NASA.
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Fig. 4. A FPAR vegetation index time series for a specific location over a period of 109 months
from Feb 2000 to Feb 2009.

8 million pixels at 4 km resolution, 128 million pixels at 1 km resolution and 2048
million pixels at 250 m resolution.

3. TIME SERIES CHANGE DETECTION APPROACHES TO FOREST DISTUR-

BANCE MONITORING

Due to the importance of the land cover change identification problem, it has re-
ceived extensive attention from the remote sensing community [Coppin et al. 2004;
Lu et al. 2003; Lunetta et al. 2006]. The previous change detection studies have
primarily relied on examining differences between two or more satellite images ac-
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quired on different dates [Coppin et al. 2004], for example see Figure 5. These
approaches have a number of limitations; for example, changes that occur out-
side the image acquisition windows are not mapped, it is difficult to identify when
the changes occurred, information about ongoing landscape processes cannot be
derived, and they are inherently unsuited for application at global scale.
An alternative approach is to view the data in terms of a vegetation time series at

each location on the globe and identify changes in the time series (essentially pro-
vide a change score to each location and time that reflects the extent to which it is
considered changed). These techniques do not suffer from the above mentioned lim-
itations of the image based approaches. Furthermore, only time series approaches
provide information about land cover dynamics that are necessary to quantitatively
assess the carbon impact of land cover changes [Ramankutty et al. 2007]. However,
there are a number of specific characteristics associated with Earth Science data
that make this a challenging problem. Traditional data mining techniques do not
take advantage of the spatial and temporal autocorrelation present in such data.
Furthermore, vegetation-related data sets are often of high spatial resolution, which
poses computational challenges. Finally, there is the issue of high-dimensionality
since long time series are common in Earth Science (and the temporal resolution is
increasing). Additional challenges are discussed in detail in Section 3.3.
Though time series change detection has been studied in a wide variety of domains

like statistics [Inclán and Tiao 1994], signal processing [Gustafsson 2000] and control
theory [Lai 1995] and a number of techniques have been proposed, these techniques
are not suitable for the land cover change detection problem primarily because
they are not scalable or are unable to take advantage of the inherent structure
present in earth science data. For example, the major mode of behavior in the
vegetation signal is seasonality, i.e., the natural seasonal growing cycle is a dominant
characteristic of a time series and this intrinsic seasonality should not itself be called
a change. There exists an inherent natural variability and noise in the earth science
data because of the local weather and other atmospheric conditions, that creates
additional challenges for the change detection algorithm.
In this section we describe two types of approaches for change detection in vege-

tation index time series. These approaches take as input the vegetation index time
series and the annual season length for a location and give as output the change
score corresponding to that location. The locations under study can be ranked ac-
cording to their change score given by the algorithm. The higher ranked locations
are those that are most likely to have changed.

3.1 Segmentation based approaches

Segmentation based algorithms operate under the assumption that a given time
series can be partitioned into homogeneous segments and boundaries between the
segments represent change points. There are two commonly used strategies to seg-
ment the time series [Keogh et al. 2001]. A top-down strategy recursively partitions
the time series until a stopping criteria is met. A bottom-up strategy on the other
hand recursively merges smaller units. Existing techniques for segmentation ignore
many key characteristics of the underlying ecosystem data such as seasonality and
variability. Here we discuss the recursive merging algorithm [Boriah et al. 2008]
that follows a segmentation approach to the time series change detection problem
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3.2 Predictive Model based approaches

Model-based algorithms construct a model for a portion (usually the beginning)
of the time series and use it to predict the future time points. When time steps
outside this section are sufficiently different (i.e. it is not plausible these values
could be generated by the model), these time steps are considered change points.
Model-based algorithms usually have a forgetting factor that determines how much
importance is attached to older observations relative to more recent observations.
While an exhaustive search is not performed, depending on the quality of the model
and update mechanism, it is possible for model-based algorithms to find the optimal
solution.
There are many possibilities for the quantity to be predicted. One possibility is to

predict the value of the vegetation index for the next time step (using a model built
from previous values). The model can be built using approaches such as ARIMA,
ARMA, etc. A drawback of such schemes is that it is difficult to obtain high model
accuracy due to natural variability in the ecosystem data. A more robust approach
is to predict a value that is more stable e.g. the average of a number of observations.
In [Boriah 2010], the previous values are used to build a model for FPAR for a 12
month period. When the actual FPAR for the next 12 months is significantly lower
than the predicted value, the corresponding time point is called a change point.
In reality, a score is assigned to each time point in each time series that is a

function of the difference between actual and predicted 12 month average FPAR
value. In the simplest implementation, at any time point the previous 12 months
are used for model construction. This algorithm, called Yearly Delta algorithm,
takes into account the seasonality of the vegetation time series since it makes use
of a corresponding 12 month period for comparison with average FPAR value of
the next 12 month period. A more sophisticated version to handle the variability
takes several years of data into consideration, and is found to be more robust in
[Boriah 2010]. The scheme described above is designed to find abrupt disturbances
in vegetation, due to events like fires, floods, etc. Such events cause the vegetation
index to drop abruptly and remain low as long as the disturbance event lasts.

3.3 Additional Issues

In addition to seasonality and variability, there are several issues that need to be
addressed for designing change detection algorithms for forest cover. In this section,
we provide a detailed discussion of a number of specific challenges in global forest
monitoring that need to be addressed by data mining approaches.

Data Quality. Earth science data sets are frequently subject to contamination
due to clouds, haze, pixel geometry and other factors. Contamination is particularly
severe in the tropics, where cloud cover predominates for many months of the year.
For example, Figures 6 and 7 show the percentage of valid data for each month in
California and the Congo, respectively. It can be observed that while 70–85% of
the data for California is of high quality, there are several months for which only
10–20% of the data is of high quality for the Congo. These figures illustrate that
data quality can differ significantly in different regions. However, more significantly,
it shows that data for the tropical rainforests we seek to study can have significant
quality issues. Figure 8 shows a map of the Congo region with darkness indicating
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Fig. 6. Percentage of high quality data in Cal-
ifornia. Data is EVI index for the tile that in-
cludes California. Percentages are averages for
each month from Feb 2000 to Feb 2009
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Fig. 7. Percentage of high quality data in
Congo. Data is EVI index for the tile that in-
cludes the Congo. Percentages are averages for
each month from Feb 2000 to Feb 2009

the number of missing values. One approach is to study only pixels for which there
is a complete time series of high quality data; however, this approach leaves very
little or no data for study. Therefore, in order to monitor tropical rainforests, one
must have a comprehensive strategy to address data quality issues. Data quality
issues can be addressed using several approaches. From a temporal perspective,
change detection algorithms could be modified to work with limited data rather
than a full time series; i.e. the algorithms are robust to missing values, at the
cost of losing some temporal resolution in identifying the time period of change.
Another approach to address the quality issue is to design effective spatio-temporal
interpolation strategies for imputing possibly large amounts of missing data. By
modeling the data in a spatio-temporal statistical framework, one can also develop
robust interpolation methods that can fill-in missing values using the spatial and
temporal neighborhoods with well-understood uncertainty estimates [Banerjee et al.
2008].

Multi-scale Analysis. Given the scale of the data (especially at fine resolution),
and the diverse range of changes to be detected, it is necessary to develop techniques
for multi-scale analysis that can scale to global data sets and produce high quality
results. Specifically, multi-scale analysis techniques can address the following issues:
(i) Different types of changes are visible at different spatial resolutions. Some events
(especially those that result in slow degradation of vegetation) may be easier to
detect at coarse resolution especially if they cover a large spatial extent. (ii) Global
analysis using high resolution (e.g. 250m) data is difficult due to the size of the
data involved. Data at coarse resolutions can be used to drive a scalable analysis
approach. (iii) Due to its very nature, vegetation index data has a high degree of
variability. Uncertainty due to this variability needs to be incorporated into the
change detection scheme. In particular, coarse resolution data tends to have low
variability but may also contain a smaller signal of change.
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Fig. 8. The Congo region. Darkness indicates number of missing values for each pixel. Data runs
from Feb 2000 to Feb 2009.

3.4 Illustrative Examples of Large Scale Vegetation Disturbances across the Globe

In this section we provide illustrative applications of time series based change de-
tection algorithms applied to global vegetation index data to detect a variety of
changes in the global ecosystem.

3.4.1 Forest Fires. Forest fires burn millions of hectares of the world’s forests
every year resulting in large-scale economic damage, substantial loss of human and
animal life and large amounts of carbon being released into the atmosphere [UNF
]. Forest fires can be human induced or due to natural causes such as lightning.
In Indonesia, a large number of forest fires are triggered by people clearing land
for agriculture, unintentionally causing large fires in adjacent forests. In Canada,
the number of natural fires is roughly equal to the number of human induced fires,
though natural fires account for 80% of the total 2.5M hectares of land area burned
[Wotton et al. 2010].
Time series change detection algorithms can be used for detecting the occurrence

of fires and indicate the quantitative loss of vegetation that occurred. There has
been some work in time series-based fire detection, but this work has had limited
success. For example, the change detection algorithm used to generate the Burned
Area Product (a well known MODIS data set) performs poorly in parts of North
America such as California [Roy et al. 2002] and is unable to quantify the amount
of vegetation loss due to a fire.
Forest fires often occur on a large scale and ground truth in the form of fire

polygons is available in several regions of the world including California and Greece.
In the last decade, primary disturbances to the forests in these areas have been due
to these large-scale fires. Below, we show that fire events detected by our algorithm
are in agreement with independent ground truth. Our algorithm is also able to
detect the date of occurrence of these events and the quantitative vegetation loss.
Figure 9 shows a typical time series for a burnt forest pixel in the Zaca fire in 2007.
The vegetation index is high until 2007, when a fire occurs, causing all pixels shown
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Source: Google Earth imagery.

Fig. 16. Events detected by our algorithms corresponding to the Katrina Hurricane of 2005.
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Fig. 17. This collection of time series shows a dramatic drop in vegetation index (FPAR) around
the summer of 2001.

3.4.3 Natural Disasters. In addition to fires and deforestation, the change de-
tection algorithms also detect events corresponding to natural disasters, such as
floods, droughts, earthquakes, and hurricanes, which cause widespread damage
to vegetation. We illustrate some of the events detected by our algorithm. The
Ob river drains into the Kara Sea. During years when the melted water from the
southern latitudes fails to drain into the frozen sea in the north, large-scale seasonal
flooding occurs (shown in Figure 15) causing devastation of vegetation surrounding
the river.

In August and September of 2005, Hurricanes Katrina and Rita hit the Louisiana
coast transforming 217 square miles of Louisianas coastal land to water by storm
surge. The algorithms detected a large number of points corresponding to the
areas affected by the Katrina. Figure 16 shows the change events with a typical
time series which shows a drop of vegetation in August 2005.

4. EVENT IDENTIFICATION AND CHARACTERIZATION

Land cover changes often span several pixels in a region. Change detection algo-
rithms (most image-based and nearly all time series-based approaches) typically
detect disturbance pixels independent of one another, either because of algorithmic
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sponse tends to recover much faster for fires than for logging.
Note that changes of interest happen both in space and time which makes change

detection challenging. However, these two sources of information naturally com-
plement each other, and can result in a powerful paradigm for characterizing sig-
natures. For example, Figure 18 shows sets of time series corresponding to a forest
fire, logging and a drought event, respectively. It can be seen that each of these
events has a characteristic signature in the time series. For example, forest fires
cause sudden and synchronized declines in vegetation index (e.g., FPAR) in sev-
eral neighboring locations, whereas logging tends to results in a gradual decline in
an isolated fashion. Drought and insect damage also cause a gradual decline in
vegetation but this happens in a synchronized fashion over relatively large regions.
Spatial grouping can be used to improve detection accuracy by detecting marginally

changed pixels that may not otherwise be detected. For example, depending on the
terrain, pixels in the middle or on the boundary of a fire may be only marginally
disturbed. In other cases, such as logging, the activity may be slowly spreading
across a region. Therefore, marginally changed time series may indicate ongoing,
small-scale changes that are not large enough to exceed thresholds. Another use of
spatial grouping is when there is incomplete remote sensing data. If there are a few
pixels for which changes can be reliably detected, the remaining disturbed pixels
in the region can be detected by examining the spatial neighborhood, potentially
overcoming the severe missing and noisy data problem. For example, while most
change detection algorithms assign a high score to pixels that are easily identified
as changed, other points that have also changed may received a lower rank (or no
rank due to missing data). In these instances an event identification algorithm can
group together pixels from the same event thereby improving the results of change
detection and providing a more complete view of the underlying event characteri-
zation.

5. RELATIONSHIP MINING

Ecosystem are impacted by climate. Understanding these relationships is of signif-
icant importance to climate and earth scientists. For example, Figure 19 shows the
vegetation disturbance events corresponding to a flood in the Ob river. The FPAR
time series shows a decrease in vegetation response for the locations in year 2002
when the flood occurred. The precipitation record for the area shows an unusually
high precipitation during the same year. Automated discovery of such relationships
is the task of relationship mining. It is well known that the ocean, atmosphere and
land surface processes are highly coupled, i.e., climate phenomena occurring in one
location can affect the climate at a far away location. One way to study such con-
nections between ocean, atmosphere, and land surface processes is by using climate
indices which distill climate variability at a regional or global scale into a single
time series.
For example, the NINO 1+2 index, which is defined as the average sea surface

temperature anomaly in the region off the coast of Peru, is a climate index as-
sociated with El Niño, the anomalous warming of the eastern tropical region of
the Pacific. El Niño has been linked to climate phenomena such as droughts in
Indonesia, which in turn cause an increased fire risk for Indonesian forests. Thus
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when the farmers burn the forests for agriculture in Indonesia, accidental large fires
occur causing huge forest cover loss. Figure 20 shows a strong positive relationship
between the forest fire events detected by our algorithm and the El Niño index.

Currently, such relationships are typically discovered by the targeted investi-
gations of highly trained scientists of the phenomenon of interest. Although such
manual approaches may produce quite noteworthy results, they may miss important
relationships, and thus a data driven approach for finding these spatio-temporal
and nonlinear relationships can offer dramatic advances in climate science. The
discovery of such relationships offer several computational challenges. These rela-
tionships are often localized to specific regions and time and may not be visible if
entire data set is analyzed and indeed, may even be reversed (statisticians know
this as Simpson’s paradox). As an example, it has been observed that El Niño effect
on temperate latitudes is most visible during winter. Domain knowledge is used
by earth scientists to subset data and otherwise guide the analysis, but intelligent
computational techniques should also be capable of mining these patterns in an
automated fashion.
One of the promising approaches for discovering relationships between sets of

variables is the data mining technique known as association analysis. Association
analysis has two major strengths (i) a pruning strategy to find patterns exhaus-
tively yet efficiently and (ii) ability to discover nonlinear relationships. However,
traditional association analysis was developed for market data with transactions
and binary values to describe presence or absence of items in a transaction. The
notion of transactions in spatio-temporal data is ill-defined. Also items might not
always be binary values. For example we might wish to understand the relationship
of forest fire to continuous variables such as temperature, precipitation, pressure,
and the drought index. Thus, extending the association analysis framework to
work with spatially and temporally auto-correlated data and with heterogeneous
data value types becomes a challenging problem which needs to be solved.

6. CARBON RISK SCORING

For earth scientists and policy makers interested in management of carbon emis-
sions, the notion of carbon at risk due to forest disturbances and changes is critical.
Carbon risk can be modeled in various ways by incorporating a number of factors.
The simplest approach to define risk is based on the past history of a location. For
example, locations that have had many fires in the past are more likely to have fires
in the future. However, such information may not yield good results when the his-
tory is short or only a few events have occurred in the past. A more sophisticated
approach includes information (past and present) from other group of locations.
One way to group locations is based on spatial neighborhood (proximity. To il-
lustrate, if a neighboring location was logged recently, then this should typically
increase the risk to the current location.

Other possibilities to obtain better risk assessments includes grouping locations
according to similar properties, such as vegetation type, location, climate, histor-
ical patterns, and range of human activities in the neighborhood. For example,
particular locations due to the climate and soil moisture conditions are more prone
to fire while others are resistant to it. Additionally, there are various external fac-
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Fig. 21. This figure shows the plot for cumulative number of events versus pixel (location) distance
to the nearest historic fire. The blue curve corresponds to actual fires that occurred in the last
year, while the red corresponds to an equal number of randomly picked pixels.

provide useful information. In the following, we describe the results of a forest
fire risk modeling technique that makes use of information about fire in the spatial
neighborhood to estimate risk of fire. We applied our algorithm on 4 km FPAR
data to detect fires in Canadian forests for 2001-2009. A total of 15000 4 km
pixels were identified as burned in Canada, of which 11274 were burned in year
2001-2007 and 3702 were in the year 2008-2009. We choose 800 out of these 3702
and compute the distance from each of these 4 km pixels burned in 2008-2009 to
the nearest pixel burned in previous years (2001-2007). To test the hypothesis
that forests close to the previously burned areas are at a greater risk than other
locations, we performed the same computation for 800 randomly located points in
the entire Canadian forest. (This covers about 300,000 4 km pixels.) For each case,
we computed the cumulative number of data points within a fixed distance from
a historic fire. This was repeated 50 times to reduce the error due to chance, and
the median values were computed. Figure 21 shows these results. The blue curve
corresponds to the actual fires in 2008-2009, while the red curve corresponds to
the randomly selected points. It is clear from the curves that the fire locations in
2008-2009 are generally much closer to the previously burned locations compared
with the randomly selected locations. In particular, the plot shows that almost all
the fires in 2008-2009 were within 20 pixels (80 km) distance from a previous fire
whereas a much smaller fraction of the randomly selected points fall within that
distance of previously burned areas.
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7. CONCLUSION

In this paper, we have discussed key issues, approaches and results for the problems
of global forest monitoring, relationship mining and risk scoring. Illustrative results
for land cover change detection have highlighted the benefits of land cover change
detection based on time series approaches: scalability, identification of the time at
which the change occurred, quantitative information about the magnitude of the
change, and information that can be used to characterize the nature of the change.
Verification of the results has shown good agreement with ground truth where
available. Work on characterizing the nature of the changes and providing carbon
risk scoring is underway, although at an earlier stage than the change detection
efforts.

Our immediate goals are to produce a global history of changes in forest cover
based on 1 km FPAR data from the last 10 years. We will make these results
available later this year via a web based visualization platform provided through
our collaboration with the Planetary Skin Institute (Figure 20 shows a preliminary
version). The set of changes in forest cover will provide a rich source of data for those
interested in forests and what is happening to them. More generally, the success
of these efforts will be an exciting realization of the potential of computer science
to contribute to producing and distributing information that can contribute in a
meaningful way to the more sustainable management of forest and other resources.

Change detection, characterization, and risk scoring, like many other challenges
in computer science, are enduring challenges. Although we have made progress and
produced useful results, many opportunities for enhancements remain. This re-
quires overcoming key computational challenges such as taking into account spatio-
temporal context, handling missing and noisy values, and further exploring the
space of the different types of changes that can occur. In short, progress has been
made, but there are many computational and data analysis challenges remaining.

Additionally, these efforts also require interdisciplinary collaborations with Earth
scientists and the accumulation of additional domain knowledge. Specific projects
that focus on particular areas of interest to Earth scientists will help in refining
techniques and make the results more usable. In addition, such efforts often provide
additional data that can complement the satellite data on which our results are
currently based.

Although the focus of our paper is on forests, there are many challenges involved
in the sustainable management of other resources, e.g., water, food, and energy. In
some cases, the change detection results can be directly applied to assist in efforts
in these areas. For example, crops are major users of water. Change detection
algorithms could prove useful in finding new and perhaps unauthorized changes
in land use, e.g., unauthorized agriculture, that are significant drains on water
resources. In other cases, the techniques or approaches used for change detection,
characterization, and risk scoring will provide the foundation for detecting changes,
characterizing them, and assessing risks in these other areas. Additional domain
specific work will be necessary to handle the unique challenges of each of these
areas.

We hope that this article has been successful in describing the exciting oppor-
tunities and challenges that exist for providing critical information for forest and
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land use management. There are many such opportunities and challenges facing
the management of other key resources which also need to be addressed. We en-
courage our colleagues in computer science and other relevant areas to join us in
these efforts to tackle problems that have a direct impact on society at large.
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