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1 Discovery of Patterns in Earth Science Data
Using Data Mining

Pusheng Zhang, Michael Steinbach, Vipin Kumar, and Shashi Shekhar

Department of Computer Science & Engineering, University of Minnesota

Pang-Ning Tan

Department of Computer Science & Engineering, Michigan State University

Steven Klooster and Christopher Potter

NASA Ames Research Center

1.1 INTRODUCTION

NASA’s Earth Observing System (EOS) consists of a series of satellites that generate global observations of the

land surface, biosphere, solid Earth, atmosphere, and oceans. This remote sensing data, combined with historical

climate records and predictions from ecosystem models, offers new opportunities for understanding how the Earth

is changing, for determining what factors cause these changes, and for predicting future changes. Data mining
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2 DISCOVERY OF PATTERNS IN EARTH SCIENCE DATA USING DATA MINING

techniques [4] have the promise to aid this undertaking by discovering interesting patterns that capture complex

interactions among ocean temperatures, land surface meteorology, and terrestrial carbon flux.

[INSERT FIGURE B.1 ABOUT HERE]

Collaboration between Earth Scientists and data mining researchers has developed in two phases as illustrated

by Figure B.1. In the first phase, data mining techniques are applied to discover some well-known patterns in

Earth Science in order to build confidence in the use of data mining techniques. As an example, consider the El

Nino climate pattern and its well-known effects on temperature and precipitation [47]. The second phase includes

the exploration of novel patterns found by data mining, but not well-known by Earth Scientists. This phase also

includes the exploration of patterns that are well-known to Earth scientists, but are not discovered by existing data

mining techniques.

To explore Earth Science data, researchers have applied various data mining techniques [4], such as association

rule mining for texture features in satellite images [34], classification of land cover types [23], and clustering of

storm path trajectories [15]. Table A.1 shows some data mining techniques that can be used to address basic Earth

Science questions.

[INSERT TABLE A.1 ABOUT HERE]

Although Earth Scientists have traditionally used statistical tools as their preferred method of data analysis, they are

interested in using data mining tools to complement statistical tools for the following reasons. First, the statistical

method of manually analyzing a single dataset via the hypothesize-and-test paradigm is extremely labor-intensive

due to the extremely large and growing families of interesting spatio-temporal hypotheses and patterns in Earth

Science datasets. Second, statistical methods are not designed to scale to large Earth Science datasets. Third, Earth

Science datasets have selection bias in terms of being convenience or opportunity samples rather than traditional

idealized statistical random samples from independent and identical distributions [8, 14, 16, 18, 19]. Data mining

allows Earth Scientists to spend more time choosing and exploring interesting families of hypotheses derived

from the data. More specifically, by applying data mining techniques, some of the steps of hypothesis generation

and evaluation will be automated, facilitated, and improved, including steps involved in hypothesis generation,
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out-of-main-memory storage and manipulation of datasets, and the formation and evaluation of hypotheses from

data with categorical attributes or data collected via opportunity sampling.

This chapter illustrates the application of data mining to the discovery of interesting and useful Earth Science

patterns by describing some of the results [24, 41, 42, 43, 44, 46, 50, 51, 52] from our current project entitled

Discovery of Changes from the Global Carbon Cycle and Climate System Using Data Mining. Section 1.2

describes the nature of the data, while Section 1.3 discusses data pre-processing techniques that are necessary

before the data can be analyzed using data mining techniques. Sections 1.4–1.7 describe the data mining techniques

used in Earth Science data, including clustering, association analysis, query processing, and other techniques.

Section 1.8 concludes the chapter.

1.2 DATA DESCRIPTION AND DATA SOURCES

[INSERT FIGURE B.2 ABOUT HERE]

Earth Science data consist of a sequence of global snapshots of the Earth taken at various points in time, as

shown in Figure B.2. Each snapshot consists of measurement values for a number of variables (e.g., temperature,

pressure, and precipitation) collected globally. All attribute data within a global snapshot is represented using

spatial frameworks. A spatial framework is a partitioning of the surface of Earth into a set of mutually disjoint

regions which collectively cover the entire surface of Earth. Examples of spatial frameworks for land include

the political boundaries of countries and latitude-longitude spherical grids at different resolutions, e.g., 0.5◦ ×

0.5◦ or 1◦ × 1◦. Variables derived from global satellite data, e.g., Net Primary Production (NPP), are available

at a resolution of 0.5◦ × 0.5◦. (NPP is the net assimilation of atmospheric carbon dioxide into organic matter

by plants.) Global snapshots, i.e., values of variables for each location in a spatial framework, are available for

periodic, discrete points in time that span a range of twenty to one hundred years. These variable values can either

be observations from different sensors, e.g., precipitation and sea surface temperature (SST), or the result of model

predictions, e.g., NPP from the NASA-CASA model.
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The primary focus of our work has been the development of algorithms and tools to help Earth Scientists to

discover changes in the global carbon cycle and climate system, and we have focused on the datasets that are most

relevant to that task. In particular, Earth Scientists who work at the regional and global scale have identified NPP

as a key variable for understanding the global carbon cycle and the ecological dynamics of the Earth. Terrestrial

NPP is driven by solar radiation and can be constrained by precipitation and temperature. Keeping track of NPP is

important because it includes the food source of humans and all other organisms and, thus, sudden changes in the

NPP of a region can have a direct impact on the regional ecology. An ecosystem model for predicting NPP, known

as NASA-CASA (the Carnegie Ames Stanford Approach [30]), has been used for over a decade to produce a

detailed view of terrestrial productivity. This project has made use of the multi-year output of NASA-CASA, as

well as long term global sea surface temperature (SST) anomalies, to discover interesting patterns relating changes

in NPP to land surface climatology and global climate. Predicting NPP based on sea surface temperature would be

of great benefit given the near real-time availability of SST data and the ability of climate forecasting to anticipate

SST El Nino/La Nina events.

1.3 DATA PREPROCESSING

Patterns derived from Earth Science data are often dominated by the presence of seasonal variations in the data.

Although yearly patterns such as spring, summer, fall, and winter, or rainy season/dry season are important,

they are already well-known. Earth Scientists are primarily interested in patterns that represent deviations from

normal seasonal cycles. Examples of such patterns include anomalous climate events such as droughts, floods,

heat waves, etc. Such anomalous events become apparent only if the seasonal components of the climate time

series are removed. In the following, we describe a technique known as the “monthly" Z-score transformation for

removing these components.

This transformation takes the set of values for a given month, e.g., all Januarys, calculates the mean and standard

deviation for that set of monthly values, and then standardizes each value by calculating its Z-score, i.e., by

subtracting off the mean and dividing by the standard deviation. Put another way, we express each data value in
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the time series in terms of its deviation from the mean value for its corresponding month, scaled by the volatility

factor for that month. The month-by-month rescaling used in this transformation causes seasonal fluctuations to

disappear. Figure B.3 shows the result of applying the monthly Z-score to a sample SST time series.

[INSERT FIGURE B.3 ABOUT HERE]

Other data preprocessing issues include handling trends and spatial/temporal autocorrelations in the data. The

trends are long term upward or downward movements in the Earth Science time series data [5]. Spatial/temporal

autocorrelation is the property by which measured values that are close in time and space tend to be highly

correlated or similar [7]. Trends and spatial/temporal autocorrelations should be removed from data for two

reasons. First, both have a direct impact on the statistical correlation computed between two time series. For

example, temporal autocorrelation reduces the significance of a correlation by decreasing the degree of freedom in

the time series. Second, removing trends and temporal autocorrelations makes the time series become stationary, a

typical requirement of many statistical time series analysis techniques (e.g., ARIMA). For further details on these

issues, we refer the reader to [46].

1.4 CLUSTERING

It is well-known that ocean, atmosphere, and land processes are highly coupled, i.e., climate phenomena occurring

in one location can affect the climate at a far away location. Indeed, understanding these climate teleconnections

is critical for finding the answers to questions such as how the Earth’s climate is changing and how ecosystems

respond to global environmental change.

[INSERT FIGURE B.4 ABOUT HERE]

A common way to study such teleconnections is by using climate indices [21, 22], 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 a region off the coast of Peru, is a climate index associated with

the El Nino phenomenon, the anomalous warming of the eastern tropical region of the Pacific. El Nino has been

linked to climate anomalies in many parts of the world such as droughts in Australia and heavy rainfall along the



6 DISCOVERY OF PATTERNS IN EARTH SCIENCE DATA USING DATA MINING

eastern coast of South America [47]. Figure B.4 shows the correlation between the NINO 1+2 index and land

temperature anomalies, which are deviations from the mean. Observe that this index is highly correlated to the

land temperature anomalies on the western coast of South America, which is not surprising given the proximity of

this region to the ocean region defining the index. However, few outside the field of Earth Science would expect

that NINO 1+2 is also highly correlated to land regions that are far away from the eastern coast of South America,

e.g., Africa and South-East Asia.

Most commonly used climate indices are based on sea level pressure (SLP) and sea surface temperature in

ocean regions. These indices can ease the discovery of relationships of SST and SLP to land temperature and

precipitation. These variables in turn, impact plant growth, and are therefore important for understanding the

global carbon cycle and the ecological dynamics of the Earth.

As a result, Earth Scientists have devoted a considerable amount of time to developing/discovering climate indices,

such as NINO 1+2 and the other indices described in Table A.2. One of the approaches used to discover climate

indices has been the direct observation of climate phenomenon. For instance, the El Nino phenomenon was first

noticed by Peruvian fishermen centuries ago. The fishermen observed that in some years the warm southward

current, which appeared around Christmas, would persist for an unusually long time, with a disastrous impact on

fishing. In the early 20th century, while studying the trade winds and Indian monsoon, scientists noticed large scale

changes in pressure in the equatorial Pacific region which they referred to as the ‘Southern Oscillation.’ Scientists

developed a climate index called the Southern Oscillation Index (SOI) to capture this pressure phenomenon. In

the mid and late 60’s, the Southern Oscillation was conclusively tied to El Nino, and the impact of both on global

climate was recognized. Needless to say, finding climate indices in this fashion is a very slow and tedious process.

[INSERT TABLE A.2 ABOUT HERE]

More recently, motivated by the massive amounts of new data being produced by satellite observations, Earth

Scientists have been using eigenvalue analysis techniques, such as principal components analysis (PCA) and

singular value decomposition (SVD), to discover climate indices [45]. While eigenvalue techniques do provide a

way to quickly and automatically detect patterns in large amounts of data, they also have the following limitations:
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(i) all discovered signals must be orthogonal to each other, making it difficult to attach a physical interpretation to

them, and (ii) weaker signals may be masked by stronger signals.

We have developed an alternative clustering-based methodology for the discovery of climate indices that overcomes

these limitations. The use of clustering [9] is driven by the intuition that a climate phenomenon is expected to

involve a significant region of the ocean or atmosphere, and that we expect that such a phenomenon will be

‘stronger’ if it involves a region where the behavior is relatively uniform over the entire area.Shared Nearest

Neighbor(SNN) clustering [10, 11, 12] has been shown to find such homogeneous clusters. Each of these clusters

can be characterized by a centroid, i.e., the mean of all the time series describing the ocean points in the cluster, and

thus, these centroids represent potential climate indices. This approach offers a number of benefits: (i) discovered

signals do not need to be orthogonal to each other, (ii) signals are more easily interpreted, (iii) weaker signals are

more readily detected, and (iv) an efficient way is proved to determine the influence of a large set of points, e.g.,

all ocean points, on another large set of points, e.g., all land points.

We applied SNN clustering on the SST data over the time period from 1958 to 1998. As shown in Figure B.5,

SNN found 107 clusters or candidate indices. Note that many grid points from the ocean do not belong to any

clusters (these are the points belonging to the white background), as these points come from regions that are not

relatively uniform and homogeneous.

[INSERT FIGURE B.5 ABOUT HERE]

Some of the cluster centroids, i.e., candidate indices, that we found are very highly correlated to known indices.

Figure B.6 shows clusters that reproduce some well-known climate indices. In particular, we were able to replicate

the four El Nino SST-based indices: cluster 94 corresponds to NINO 1+2, 67 to NINO 3, 78 to NINO 3.4, and

75 to NINO 4. The correlations of these clusters to their corresponding indices are higher than 0.9. In addition,

cluster 67 is highly correlated to the CTI index, which is defined over a wider area in the same region. Clusters

58 and 59 are very similar to the other El Nino indices, and correlate most strongly with NINO 3 and NINO 4,

respectively, although their correlations to the El Nino indices are not as high as the other four clusters.
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This rediscovery of well-known indices serves to validate our approach. In fact, we are able to rediscover most of

the known major climate indices using our approach. In addition, some of the cluster centroids that have a high

correlation to well-known indices may represent variants to well-known indices in that, while they may represent

the same phenomena, they may be potentially better predictors of land behavior for some regions of the land.

Finally, cluster centroids that have medium or low correlation with known indices may represent potentially new

Earth Science phenomena. Further details on the application of clustering for discovering climate indices are

available in [10, 11, 41, 42, 43, 44].

[INSERT FIGURE B.6 ABOUT HERE]

1.5 ASSOCIATION ANALYSIS

Association analysis can be used to derive spatio-temporal relationships hidden in Earth Science data. The goal

of association analysis is to extract significant patterns, in the form of rules or sets of events, that will predict the

occurrence of certain events based on the occurrence of other events. For example, the association ruleA −→ B

suggests that eventB is expected to occur whenever eventA is observed.

Due to the spatio-temporal nature of Earth Science datasets, there are four types of association patterns that may

be derived:

1. Non-spatio-temporal patterns. This type of pattern captures events that occur simultaneously in the same

location. An example of such a pattern is “low solar radiation events where there are low rainfall events”.

2. Spatial patterns. This type of pattern captures events that occur simultaneously at different locations. An

example of such a pattern is “surface ocean heating affects climate at the nearby coastal areas”.

3. Temporal patterns. This type of pattern predicts events that are expected to occur in the future at the same

location. An example of such a pattern is “low rainfall events eventually lead to an increase in wildfires.”
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4. Spatio-temporal patterns. This type of pattern captures time-lagged teleconnections, i.e., relationships

among events that occur in geographically distant locations. An example of such a pattern is “surface ocean

heating eventually affects regional wildfires and NPP.”

Before applying association analysis, each time series is converted into a sequence of events. We define an event

as an anomalously high or low value of the time series — specifically, if the value of the time series deviates by

at least 1.5 standard deviations from its average. A standard association analysis algorithm, such as Apriori [2],

is then applied to extract rules from the transformed data sets. The rules extracted by the Apriori algorithm are

evaluated using the well-known support and confidence measures [2]. Rules with low support and low confidence

tend to be statistically insignificant, and are pruned automatically by the Apriori algorithm. For example, some of

the non-spatio-temporal patterns extracted by Apriori include:

R1: {FPAR-HI } −→ {NPP-HI} (support = 4.6%, confidence = 51%)

Fraction of Photosynthetically Active Radiation (FPAR) measures the proportion of available radiation in

the photosynthetically active wavelengths (400 to 700 nm) that a plant canopy absorbs [25]. For rule R1,

an anomalously high FPAR implies that the vegetation in the region has generated more “light-harvesting”

photosynthetic capability than average, which leads to higher than normal NPP. There is a51% probability

that a high NPP event would occur at a land point where a high FPAR event is observed.

R2: {PET-LO, FPAR-LO } −→ {NPP-LO} (support = 3.0%, confidence = 68%)

The variable Potential EvapoTranspiration (PET) measures the potential loss of water to the atmosphere by

evaporation and transpiration through plants. Whenever both low PET and low FPAR events are observed

at a land point, there is a 68% chance that a low NPP event also occurs at the same location.

The association rules found using this approach are consistent with the predictions made by the NASA-CASA

model. In the NASA-CASA model, NPP is a direct product of five input factors: the cloud-corrected solar

irradiance, FPAR, maximum light use efficiency, temperature, and moisture stress scalars. Both example rules

(R1 and R2) confirm the relationship between NPP and the input variables of the NASA-CASA model. However,
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since each geographical region has its own climate and topographical features, the primary drivers for low or high

NPP events may be different at different locations. Earth Scientists are interested in knowing the primary drivers

for anomalous NPP events associated with each land cover feature, but such information is not directly available

from the output of the NASA-CASA model.

To that end, we have incorporated land cover information into the association analysis. For example, Figure B.7(a)

shows the locations covered by the ruleR1, i.e., locations where both FPAR-HI and NPP-HI events are observed

simultaneously. It is not surprising to find that the rule covers almost all the regions on Earth because (i) NPP

is a derivative of FPAR, and (ii) the association at a location could happen purely by chance. In the latter case,

each Z-transformed time series of length 216 months (for a 17-year dataset) is expected to produce approximately

0.0668× 216 = 11 HI and 11 LO events (whereP (|Z| ≥ 1.5) = 0.0668). If a pair of events, such as NPP-

HI and FPAR-HI, are independent, then the probability of these events to co-occur together at least once is

1− (1− 0.06682)216 = 0.619, which is better than random.

By increasing the support threshold at a location, the probability that these events co-occur together more than

once will be significantly reduced. For example, Figure B.7(b) shows the locations covered by the ruleR1,

for which the events{FPAR-HI, NPP-HI} co-occur at least 4 times. More importantly, we observe that these

locations coincide with grassland and shrubland regions, as shown in Figure B.7(c). In other words, even though

NASA-CASA is a global model for predicting NPP, the support for a pattern such as R1 depends strongly on its

geographical locations. Regions that show a prominent R1 pattern correspond mainly to grassland and shrubland

areas, a type of vegetation that is able to more quickly take advantage of periodically high precipitation (and

possibly solar radiation) than forests.

[INSERT FIGURE B.7 ABOUT HERE]

We observe that the R2 pattern occurs frequently in the regions of evergreen forests (Figure B.7(d)). This leads

us to believe that this pattern often appears in regions that are fire-prone (and thus, that have temporarily lost

their photosynthetic capability) or have suffered other major disruptive events, but this needs to be verified by
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consulting historical records, which are not easily accessible through conventional sources. For further details,

we refer the reader to [46].

1.6 QUERY PROCESSING

A spatial time series dataset [50] is a collection of time series [5], each referencing a location in a common spatial

framework [49]. NASA Earth observation systems currently generate a large sequence of global snapshots of the

Earth, including various atmospheric, land, and ocean measurements such as sea surface temperature, pressure,

and precipitation. These data are spatial time series data in nature. Queries that find highly correlated time

series are frequently used to discover interesting relationships among observations in spatial time series data. For

example, such queries are used to identify the land locations whose climate is severely affected by El Nino [47].

However, correlation queries are computationally expensive due to large spatio-temporal frameworks containing

many locations and long time sequences. Therefore, the development of efficient query processing techniques is

crucial for exploring these datasets.

Previous work on query processing for time series data has focused on dimensionality reduction [1, 6, 13] followed

by the use of low dimensional indexing techniques [17, 33, 35] in the transformed space. Unfortunately, the

efficiency of these approaches deteriorates substantially when a small set of dimensions cannot represent enough

information in the time series data. Many spatial time series datasets fall in this category. For example, finding

anomalies is more desirable than finding well-known seasonal patterns. Therefore, the data used in anomaly

detection is usually data whose seasonality has been removed. However, after transformations are applied to

deseasonalize the data, the power spectrum spreads out over almost all dimensions. Furthermore, in most spatial

time series datasets, the number of spatial locations is much greater than the length of the time series. This makes it

possible to improve the performance of query processing of spatial time series data by exploiting spatial proximity

in the design of access methods. We have proposed filter-and-refine query processing algorithms [50, 51] to

exploit spatial autocorrelation [48] for facilitating correlation-based similarity queries on spatial time series data.
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A normalized time series withm time measurements is a vector from the origin to the surface of anm-dimensional

unit sphere [50]. The correlation of two time series is directly related to the angle between the two normalized

time series vectors in the multi-dimensional unit sphere. We have proposed the concept of a cone [50], a set of

normalized time series in a multi-dimensional unit sphere. A cone is characterized by two parameters, the center

and the span of the cone. The center of the cone is the mean of all the time series in the cone. The span of the

cone is the maximal angle between any time series in the cone and the cone center. For simplicity, Figure B.8

illustrates a cone in the two-dimensional case.

[INSERT FIGURE B.8 ABOUT HERE]

The proposed algorithms first divides the data into a collection of disjoint cells based on spatial proximity with a

coarse resolution, where each cell corresponds to one cone in a multi-dimensional unit sphere. Each cell includes

multiple time series, and the center and span are used to characterize each cone. Then each cell is divided

recursively into quarters based on spatial autocorrelation to construct a cone-hierarchy search tree. The number of

pairs of time series for correlation computations are substantially reduced by using a group-level join as a filtering

step. Only the candidates which cannot be filtered are explored in the refinement step. The algorithms were

proved to be correct and complete in [51], i.e., there were no false admissions or false dismissals.

[INSERT FIGURE B.9 ABOUT HERE]

We evaluated the performance of the proposed query processing algorithms using a NASA Earth Science

dataset [51]. Correlation-based range queries and join queries were carried out on the SST data in the east-

ern tropical region of the Pacific Ocean and on the NPP data in the United States. The SST data contain 11556

ocean cells of the Pacific Ocean and the NPP data contain 2901 land cells of the United States. The records of

SST and NPP were monthly data from 1982 to 1993. The experimental results showed that the proposed query

processing algorithms often saved a large fraction of computational cost [51]. For example, 10 NPP time series

from the United States were chosen to carry out the correlation-based similarity range queries with the SST data

from the eastern tropical region of the Pacific Ocean respectively. The geographical locations of the 10 query

time series were widely spread in the United States. Figure B.9 shows that the average computational savings for
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the queries range from 48 % to 89 % as the minimal correlation threshold increased from 0.3 to 0.9. For further

details, we refer the reader to [50, 51, 52].

1.7 OTHER TECHNIQUES

Spatial and Temporal Outlier Detection Outliers have been informally defined as observations which appear

to be inconsistent with the remainder of the data [3], or which deviate so much from other observations so as

to arouse suspicions that they were generated by a different mechanism [20]. The identification of outliers can

lead to the discovery of unexpected knowledge and has a number of practical applications in areas such as Earth

Science, credit card fraud, voting irregularities, bankruptcy, weather prediction, and the performance analysis of

athletes.

A spatial outlier is a spatially referenced object whose non-spatial attribute values are significantly different from

those of other spatially referenced objects in its spatial neighborhood [39]. Informally, a spatial outlier is a local

instability (in values of non-spatial attributes) or a spatially referenced object whose non-spatial attributes are

extreme relative to its neighbors, even though these attributes may not be significantly different from those of the

entire population. For example, a new house in an old neighborhood of a growing metropolitan area is a spatial

outlier based on the non-spatial attribute house age. A temporal outlier is an object in a snapshot whose attribute

values are significantly different from those of neighboring snapshots in a time series. For example, 1987 was an

abnormal year in terms of El Nino activity in the world, and the values of sea surface temperature in the Eastern

Pacific Ocean were very different from those of neighboring years when El Nino activity was not evident in the

same locations. Outlier detection techniques are being applied to Earth Science data to identify abnormal and

potentially useful spatio-temporal phenomenon.

Predictive Modeling Classical data mining algorithms often make assumptions (e.g., independent, identical

distributions) that violate the first law of Geography, which says that everything is related to everything else but

nearby things are more related than distant things. In other words, the values of attributes of nearby spatial objects

tend to systematically affect each other. In spatial statistics, an area within statistics devoted to the analysis of
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spatial data, this is called spatial autocorrelation. Ignoring spatial autocorrelation may lead to residual errors that

vary systematically over space exhibiting high spatial autocorrelation [36, 40]. The models derived may not only

turn out to be biased and inconsistent, but may also be a poor fit to the dataset.

One way to model spatial dependencies is by adding a spatial autocorrelation term in the regression equation.

This term contains a neighborhood relationship contiguity matrix. Such spatial statistical methods, however, are

computationally expensive due to their reliance on contiguity matrices that can be larger than the spatial datasets

being analyzed. We have developed an efficient algorithm, called PLUMS (Predicting Locations Using Map

Similarity) [16, 36], to search the parameter space of classification models utilizing spatial autocorrelation. We

have used PLUMS for building models to predict bird nest locations on a wetland dataset. The preliminary results

show that PLUMS outperforms classical regression models substantially on this dataset. We plan to apply PLUMS

to Earth Science data and further refine the algorithm to better handle the more complex spatial context present in

this domain.

Co-location Mining The co-location pattern discovery process finds frequently co-located subsets of spatial event

[37] types given a map of their locations (see Figure B.10). For example, the analysis of the habitats of animals and

plants may identify the co-location of predator-prey species, symbiotic species, and fire events with fuel, ignition

sources etc. Readers may find it interesting to analyze the map in Figure B.10 to find co-location patterns. In this

example, finding a ’+’ implies a high chance of finding an ’×’ in its nearby region and vice versa. In fact, there

are two co-location patterns of size 2 in this map.

[INSERT FIGURE B.10 ABOUT HERE]

The spatial co-location problem [38] looks similar to the association rule mining problem, but in fact is very

different from it. Even though boolean spatial feature types (also called spatial events) may correspond to items

in association rules over market-basket datasets, there is no natural notion of transactions. This makes it difficult

to use traditional measures (e.g. support, confidence) and apply association rule mining algorithms which use

support based pruning. In market basket datasets, transactions represent sets of item types bought together by

customers. The purpose of mining association rules is to identify frequent item sets for planning store layouts
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or marketing campaigns. In many spatial application domains such as Earth Science, transactions are often not

a natural concept. The transactions in market basket analysis are independent of each other. Transactions are

disjoint in the sense of not sharing instances of item types. In contrast, the instances of boolean spatial features

are embedded in a space and share a variety of spatial relationships (e.g., neighbor) with each other. We have

developed one of the most natural formulations as well as one of first algorithms [38] for discovering co-location

patterns from large spatial datasets and applying it to Earth Science data.

1.8 CONCLUSIONS

In this chapter, we provided an overview of our preliminary efforts to apply data mining techniques to the analysis

of Earth Science data. We believe that our initial results are encouraging. For instance, we have been able to

use clustering to find patterns that represent well-known climate indices. More importantly, we have also found

new patterns that are not known to Earth Scientists, e.g., candidate climate indices and association patterns that

relate land covers to rules that connect climate variables and NPP. While more evaluation is necessary to assess

the Earth Science significance of these results, one of the major goals of our work is to produce new patterns and

hypotheses for Earth Scientists to investigate, and we feel that we have made progress towards that goal.

Nonetheless, there are many tasks remaining both with respect to data mining and the application of data mining

results. The main focus of the data mining work has been clustering and association analysis, and we have only

lightly explored outlier detection, co-location mining, predictive modeling, and other data mining approaches.

Also, while the Earth Science members of our team have evaluated and interpreted the data mining results that

we have produced so far, which has led to publications in Earth Science journals [26, 27, 28, 29, 31, 32], there is

much more to do within the scope of our current project. Furthermore, in the long term, we are hopeful that data

mining can play an important role in helping Earth Scientists understand both global scale changes in biosphere

processes and patterns, and the effects of widespread human activities. More broadly, improvements in data

mining techniques made during the investigation of Earth Science data may have potential applications in other

domains, such as transportation, business logistics, public health, and public safety.
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Appendix: List of Tables

Table A.1 Connection of data mining techniques to Earth Science questions.

Earth Science Question Examples of Data Mining Techniques

How is the Earth changing? Principal Component Analysis (PCA), Cluster Analysis, Anomaly Detection, ARIMA time series

modeling, Trend Detection, Change Point Detection

What factors cause these changes? Correlation, Canonical Correlation Analysis, Association Analysis, Causal Analysis

Can we predict future changes? Regression, correlation
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Table A.2 Description of well-known climate indices.

Index Description

SOI (Southern Oscillation Index) Measures the SLP anomalies between Darwin and Tahiti

NAO (North Atlantic Oscillation) Normalized SLP differences between Ponta Delgada, Azores and Stykkisholmur, Iceland

AO (Arctic Oscillation) Defined as the first principal component of SLP poleward of 20◦ N

PDO (Pacific Decadel Oscillation) Derived as the leading principal component of monthly SST anomalies in the North Pacific

Ocean, poleward of 20◦N

QBO (Quasi-Biennial Oscillation Index) Measures the regular variation of zonal (i.e. east-west) stratospheric winds above the

equator

CTI (Cold Tongue Index) Captures SST variations in the cold tongue region of the equatorial Pacific Ocean (6◦N-6◦S, 180◦-

90◦W)

WP (Western Pacific) Represents a low-frequency temporal function of the ‘zonal dipole’ SLP spatial pattern involving

the Kamchatka Peninsula, southeastern Asia and far western tropical and subtropical North Pacific

NINO1+2 Sea surface temperature anomalies in the region bounded by80◦W-90◦W and0◦-10◦S

NINO3 Sea surface temperature anomalies in the region bounded by90◦W-150◦W and5◦S-5◦N

NINO3.4 Sea surface temperature anomalies in the region bounded by120◦W-170◦W and5◦S-5◦N

NINO4 Sea surface temperature anomalies in the region bounded by150◦W-160◦W and5◦S-5◦N
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Appendix: List of Figures
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Fig. B.1 Using Data Mining to Find Earth Science Patterns
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(b) Transformed SST Time Series

Fig. B.3 Monthly Z-score transformation applied to deseasonalize a sample SST time series
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Fig. B.4 The NINO 1+2 climate index and its correlation to land temperature anomalies
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Fig. B.7 Visualizing regions that support the association rules
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