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ABSTRACT
We investigate the potential of geospatiotemporal data mining of
multi-year land surface phenology data (250 m Normalized Differ-
ence Vegetation Index (NDVI) values derived from the Moderate
Resolution Imaging Spectroradiometer (MODIS) in this study) for
the conterminous United States as part of an early warning system
to identify threats to forest ecosystems. Cluster analysis of this mas-
sive data set, using high-performance computing, provides a basis
for several possible approaches to defining the bounds of “normal”
phenological patterns, indicating healthy vegetation in a given geo-
graphic location. We demonstrate the applicability of such an ap-
proach, using it to identify areas in Colorado, USA, where an ongo-
ing mountain pine beetle outbreak has caused significant tree mor-
tality.

Index Terms— Remote sensing, data mining, phenology, clus-
ter analysis, high-performance computing

1. THE FOREST INCIDENCE RECOGNITION AND STATE
TRACKING (FIRST) SYSTEM

Early identification of forested areas under attack from insects or
disease can enable timely response to protect forest ecosystems from
long-term or irreversible damage. Unfortunately, given the sheer size
of the United States and limited resources of agencies such as the
USDA Forest Service to conduct aerial surveys and ground-based
inspections, many threats go unnoticed until a great deal of dam-
age has already been done. To improve threat detection, the USDA
Forest Service, in partnership with Oak Ridge National Laboratory
and the NASA Stennis Space Center, is developing The Forest In-
cidence Recognition and State Tracking (FIRST) early warning sys-
tem. FIRST will detect and monitor threats to forests and wildlands
in the conterminous United States (CONUS) as part of a two tier
system: An early warning system that monitors continental-scale ar-
eas at a moderate resolution using remote sensing data to spatially
direct and focus efforts of the second tier, consisting of higher reso-
lution monitoring through airborne overflights—called Aerial Detec-
tion Survey (ADS) sketch-mapping—and ground-based inspections.
Tier 2 is largely in operation today, but the strategic direction pro-
vided by the FIRST system in Tier 1 will improve the efficiency and
utility of these costly and labor-intensive surveys.
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The goals of the FIRST early warning system are to provide a
single, unified system for change detection from remotely sensed
vegetation properties through time over the domain of the conter-
minous United States at about 250 m nominal resolution—obtained
from the Moderate Resolution Imaging Spectroradiometer (MODIS)
sensors on board NASA’s Terra and Aqua satellites—at frequent in-
tervals, on the order of one week. The system must be automated,
requiring unsupervised data mining methods, and provide results
as close to real-time as possible. It must “learn” or improve its
prognostic ability utilizing a library of previous experiences, includ-
ing both true and false warnings with attribution to causes for the
former. FIRST will utilize data on soils, topography, climatology,
and weather events, as well as satellite-derived vegetation parame-
ters. Because of the huge data volumes involved, even at this mod-
erate resolution, FIRST must employ highly scalable data mining
and statistical algorithms that operate on very large data sets using
moderate- to large-sized clusters and supercomputers. A schematic
overview of the FIRST system, as envisioned, is shown in Figure 1.

One of the most important types of data that FIRST will utilize
is satellite-derived data indicating the annual temporal patterns of
variation in vegetation greenness, i.e., the ecosystem phenology.

Fig. 1. A conceptual overview of the Forest Incidence Recognition
and State Tracking (FIRST) System.



This paper explores the application of data mining techniques to an-
alyze seasonal changes in Normalized Difference Vegetation Index
(NDVI) derived from MODIS coverage of the CONUS. The utility
of these data has already been demonstrated in [1], in which the
authors used raster map arithmetic approaches, such as comparing
maximum NDVI from mid-summer against maximum NDVI over
a six-year baseline, to detect potential forest disturbances. Some of
these disturbances could represent threats to the long-term health
and functioning of forest ecosystems. A difficulty with using such
approaches is identification of appropriate parameters (maximum
NDVI, 20% “spring” NDVI, etc.) to use, since the appropriate
choice of parameters may vary by region and/or type of forest dis-
turbance. Here, we experiment with approaches that do not depend
on choosing particular parameters; instead, using high-performance
computing, we apply geospatiotemporal data mining techniques
to perform unsupervised classification based on multiple years of
NDVI history for the entire CONUS. These classifications use the
full volume of available NDVI data (rather than only a small subset
of selected parameters) to construct a potential basis for determining
the “normal” seasonal and inter-seasonal variation expected at a ge-
ographic location and to detect deviations from the norm that merit
additional Tier 2 scrutiny.

2. GEOSPATIOTEMPORAL DATA MINING

Hargrove and Hoffman have developed and applied a scalable mul-
tivariate statistical procedure that can be used to define a set of cat-
egorical, multivariate classes or states that are useful for describ-
ing and tracking the behavior of ecosystem properties through time
within a multi-dimensional phase or state space [2, 3, 4]. Referred to
as geospatiotemporal data mining, the procedure employs a standard
k-means cluster analysis with enhancements that reduce the number
of required comparisons, dramatically accelerating iterative conver-
gence, and dynamically optimizing centroid placement within iter-
ations to avoid member-less or empty clusters. This enhanced k-
means cluster analysis algorithm has been implemented and tested
on large, high performance computing platforms, enabling the analy-
sis of very large, high-resolution remotely sensed data. This geospa-
tiotemporal data mining method was previously applied to remotely
sensed hyperspectral imagery for detection of brine scars [5] and
to monthly climate and NDVI data from 17 years of 8 km Advanced
Very High Resolution Radiometer (AVHRR) images for land surface
phenology [6], suggesting that this method could be a key compo-
nent of an early warning system for detecting forest threats.

Cluster analysis is sensitive to the initial centroids chosen, and
traditional methods for intelligently determining initial centroids are
intractable for very large data sets. For these data, initial centroids
are determined using the method described by Bradley and Fayyad
[7], involving two phases of subsampling and cluster trials to pro-
duce high quality, highly representative initial centroids. In Phase 1
of Bradley’s procedure, the large data set is subsampled many times,
Ns, and each subsample is clustered, using k randomly-selected
observations from the subsample as initial centroids each time. In
Phase 2, the Ns groups of k centroids that result from these smaller
clustering trials are combined to produce a single new data set that
substitutes for the original data. This data set is then clustered Ns

times, using as initial centroids each of the Ns groups of k centroids.
A pseudo-F statistic is computed for each of these Phase 2 trials, and
the group of centroids that result from the winning trial (i.e., the one
with the largest pseudo-F score) is chosen to be the set of initial
centroids for clustering the entire, large data set.

For identifying forest disturbances that may represent threats to

forest health, the FIRST system will employ remotely sensed land
surface phenology along with data about soils and climate. NDVI, a
remote sensing product commonly used for vegetation monitoring,
can potentially identify reductions in greenness of vegetation due to
drought, insect or pathogen invasion, storm damage, and forest re-
growth. Deviations from “normal” phenological patterns in NDVI
are often the first indication of changes in forest disturbance and
recovery. An initial cluster analysis of six years (2003–2008) of the
annual cycle of NDVI was performed for the entire CONUS, produc-
ing annual maps of phenological ecoregions or “phenoregions” [6].
The NDVI data were derived from the MODIS MOD 13 NDVI prod-
uct and pre-processed at NASA’s Stennis Space Center. The pro-
cessed NDVI data for the CONUS have a 250 m spatial resolution
and are available every 16 days. At this spatial and temporal reso-
lution, each map contains more than 148M cells, and 22 maps are
created for each year. Hence, this cluster analysis was performed on
116B NDVI values arranged as annual NDVI traces, providing 22
state space dimensions, for each grid cell (148M records) for each of
the six years. The resulting input data set, stored in single-precision
binary format, is 77 GB in size. Output from the cluster analysis
consists of six maps, one for each year (2003–2008), in which each
cell is classified into one of k phenostates, which are defined for the
annual NDVI traces across all six years. As a result, the time evo-
lution of phenostates assignment, or phenostate, for every cell in the
map indicates a change in the phenological behavior and ecosystem
productivity observed at that location due to natural or anthropogenic
disturbance, forest regrowth, or ecosystem responses to interannual
changes in climate. A map of 50 phenoregions for the CONUS for
the year 2008 derived from geospatiotemporal cluster analysis from
these data is shown in Figure 2. Comparison of the curre nt phenos-
tate with the nominal behavior of healthy vegetation indicated by the
h istorical phenoregion assignment at every location in the CONUS
could allow a national early warning system to identify locations
where the vegetation appears to deviate from its usual phenological
behavior [1].

3. DETECTING ANOMALIES WITH
GEOSPATIOTEMPORAL CLUSTERING

A direct approach to detecting anomalies with geospatiotemporal
clustering would be to examine the current phenostate compared to
historical phenostates at a given map cell, and then flag the present
state of a cell as “abnormal” if the cell has very infrequently or never
occupied this state in the past. This approach, however, depends on
having chosen an appropriate number of clusters, k. If k is too large,
then the normal seasonal variation in NDVI will likely result in a
different phenostate assignment each year, leading to many “false
positives” comission errors, even though the different phenostates
may, in fact, be very similar. Because the normal seasonal pattern of
NDVI varies regionally and by biome, selecting an appropriate value
of k for the entire CONUS may not be possible. This simple method
cannot take into account the fact that a newly observed phenostate
may, in fact, be very similar to previously observed states at that
map cell. An alternative approach for change detection is to cre-
ate maps of the “transition distance” between years, plotting at each
map cell the Euclidean distance between the new and old phenostate
centroids; this distance gives a relative multivariate measure of how
different the observed phenology is between the two years.

For example, the map in Figure 3 depicts the transition dis-
tance between phenostate transitions between the year 2003 and the
year 2008 in Colorado, USA. A mountain pine beetle (MPB) out-
break, which began before 2003 and is still ongoing, has caused



significant mortality in Ponderosa and lodgepole pines in Colorado
and Wyoming. Areas of high transition distance in the mountains
(central and western portions of the state) correspond closely to ar-
eas of MPB activity noted by aerial sketch-map surveys, shown as
black-outlined polygons in the figure. Given the inexact nature of
such these surveys, the spatial correspondence between the largest
phenostate transitions and the sketch-map polygons is high. The
transition distance map shown in Figure 3 may provide a more com-
prehensive assessment of MPB damage then the sketch-maps. This
2003–2008 transition distance map depicts the cumulative damage
by MPB over the entire time period while year-to-year transition
maps for this period (not shown) allow one to chart the yearly pro-
gression of the MPB outbreak.

4. CONCLUSIONS

Initial results from the geospatiotemporal cluster analysis of annual
phenology patterns from MODIS NDVI confirm its utility for unsu-
pervised change detection in remote sensing data and suggest that it
may be successfully implemented as a key component in the FIRST
early warning system, which is designed to detect forest threats from
natural and anthropogenic disturbances at a continental scale. The
enhanced k-means clustering algorithm, which can run on comput-
ing platforms ranging from small cluster computers to the largest
and fastest supercomputers in the world, enables the analysis of very
large, high resolution remote sensing data such as these. While de-
termining what constitutes a “normal” phenological pattern for any
given location is challenging—due to interannual climate variabil-
ity, a spatially varying climate change trend, and the relatively short
record of MODIS NDVI observations—significant mortality events,
like the progressive damage from MPB, are already easily detectable
by simply computing relative transitions between blocks of succes-
sive years of phenostates. Moreover, as anomalies are detected and
tracked through time, a library of phenostates transitions attributed
to pests or pathogens for individual biomes can be built up, allowing
the system to hypothesize about the causes of future disturbances
detected in functionally similar biomes.
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Fig. 2. The 2008 map of 50 phenoregions defined for the CONUS derived from geospatiotemporal cluster analysis of MODIS NDVI data.

Fig. 3. The map of relative state-space transition distances for phenoregions between 2003–2008 for Colorado, USA.
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