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ABSTRACT

Satellite images time series have been used to study land
surface, such as identification of forest, water, urban areas,
as well as for meteorological applications. However, for
knowledge discovery in large remote sensing databases can
be use clustering techniques in multivariate time series. The
clustering technique on three-dimensional time series of
NDVI, albedo and surface temperature  from
AVHRR/NOAA satellite images was used, in this study, to
map the variability of land use. This approach was suitable
to accomplish the temporal analysis of land use.
Additionally, this technique can be used to identify and
analyze dynamics of land use and cover being useful to
support researches in agriculture, even considering low
spatial resolution satellite images. The possibility of
extracting time series from satellite images, analyzing them
through data mining techniques, such as clustering, and
visualizing results in geospatial way is an important advance
and support to agricultural monitoring tasks.

Index Terms - K-means, multivariate, vegetation index,
albedo, surface temperature

1. INTRODUCTION
Numerous changes in Earth system have already
significantly modified natural systems. Changes of

atmospheric environment, in particular, have drawn the
attention of decision makers and scientists, being at the
center of global change discussions [1]. In agriculture,
particularly, several studies have shown the effects and
impacts of possible climate changes and global warming on
Brazilian agricultural crops production. Considering the
huge volume of data, researches in climatology, agriculture
and environment increasingly need aid of computational
techniques, since remote sensors data, weather stations and

978-1-4799-5775-0/14/$31.00 ©2014 IEEE

2173

climate models generate databases in the order of terabytes,
with prospect of exponential growth.

For several decades, short and long-term changes have
been monitored wusing satellite data. Geographical
information systems (GIS) and remote sensing tools have
aided in studying and understanding better each aspect of
our planet, including the relationship between land use and
climate change. It is possible, thus, to use geo-technologies
to monitor the land use [2]. Data from satellite sensors have
proved to be suitable for identification of agricultural crops,
urban and natural vegetation areas, as well as water
resources. Sensors of land surface imaging produce multi-
temporal image time series, such as MODIS/TERRA (from
2000), SPOT VEGETATION (from 1998) and
AVHRR/NOAA (from 1970). These satellites allow
generation of vegetation indices images [3] that enable the
identification of targets, since they indicate vegetation
biomass, albedo [4] and surface temperature [5].
Furthermore, the daily acquisition allows the usage of
composite images, which largely removes undesirable
effects of cloud cover. In addition, these techniques
associated to computational tools can be used to
automatically process, analyze and visualize remote sensing
data that are very important to dynamically support
agricultural, urban and environmental monitoring [6, 7]. One
technique that can be used is clustering [8]. However, when
we work with complex data as satellite images, one variable
(one dimension) is not always enough to generate a
satisfactory result from clustering techniques. Sometimes
multidimensional dataset can improve the quality of
clustering results allowing the algorithm to generate clusters
with objects inter-clusters more distinct and objects intra-
clusters more similar.

Based on this context, the main goal of this work was to
use  clustering  techniques on  three-dimensional
(multivariate) time series of NDVI, albedo and surface
temperature images from AVHRR/NOAA satellite to map
the variability of land use in the state of Sdo Paulo (Brazil).
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The clustering algorithm used was K-Means, combined with
Dynamic Time Warping (DTW) distance function.

2. MATERIAL AND METHODS

The study area was the state of Sdo Paulo (Figure 1), located
in Southeastern Brazilian Macro-Region  (54°00° to
43°30°’W and 25°30° to 19°30°S). Figure 2 shows a
flowchart of the methodology used involving: (1) processing
of AVHRR/NOAA images, (2) extraction of NDVI, albedo
and surface temperature time series, and (3) clustering.
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Fig. 1. Study area: state of Sdo Paulo, Brazil.

"y

1 - Processing AVHRR/NOAA
images in NAVPRO System

2 - Extracting the NDVI, albedo and
surface temperature profiles using the
SatimagExplorer software
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3 - Clustering (K-Means , combined

with DTW) of three-dimensional
| (multivariate) time series datasets,

extracted from NDVI, albedo and
| surface temperature.

Fig. 2. Flowchart with main steps of methodology used in
this work.

It was used a time series with 324 monthly images of
NDVI, albedo and surface temperature, based on
AVHRR/NOAA-16 and 17 sensors that have low spatial
resolution (1km x 1km by pixel). Time series comprehend
the period from April 2001 to March 2010, and were
obtained in a database of AVHRR/NOAA images available

at Center of Meteorological and Climate Researches Applied
to Agriculture (Cepagri), of the University of Campinas
(Unicamp). AVHRR/NOAA images were processed
automatically performing radiometric calibration, geometric
correction (accurate geo-referencing) and generation of
products (NDVI, albedo and surface temperature).

Whole dataset had 220,238 data series, being each
observation a triplet of NDVI, albedo and surface
temperature values of study area in a given month, with 108
values per time series. Clustering algorithm used was K-
Means, combined with DTW distance function,
implemented and incorporated in SatlmagExplorer [9]
image processing system. Clustering is a process of grouping
sets of objects based on their similarity, so that one object is
more similar to another in the same cluster, and less similar
to another in a different cluster, according to a given
distance function [10]. To perform time series clustering,
use of a distance function compatible with time series were
required. DTW distance function [11] was used to calculate
similarity between two time series by performing the
alignment among different pairs of data points. Because of
this approach, if two time series have similar shapes but are
not aligned in time axis, DTW can still recognize its
similarity. Since DTW calculates the distance between pairs
of data points using Euclidean distance, DTW method can
be applied to multivariate time series.

3. RESULTS

Dataset with more than 220,000 series, extracted from
satellite images in the period 2001-2010, were clustered into
five clusters (#0 - 4) by K-Means method with DTW
distance function. The identified areas were sugarcane and
other targets, such as water, urban area, agriculture crops,
grasslands and forests in the state of Sdo Paulo. Each cluster
was formed according to the characteristics of NDVI,
surface temperature and albedo from AVHRR/NOAA.

The resulting clusters represent the same targets at the
time series of NDVI, surface temperature and albedo, and
the temporal profiles showed homogeneity for each target.
The cluster 0 (magenta) corresponds to water; cluster 1
(blue) to the urban area, and areas where the soil is exposed
or have low vegetation and pasture; cluster 2 (green)
represents areas of agriculture crops; cluster 3 (yellow)
corresponds to sugarcane; and cluster 4 (red) represents
forest areas (Figures 3A, B and C).

For example, as forests have high concentration of
vegetation and biomass, these areas normally present high
values of NDVI during the whole season, as shown by red
colored representative time series, in profile visualization
(Figure 4A). On the other hand, urban and water areas,
represented by blue and purple profiles, usually present low
NDVI values during the year due to lack of vegetation
concentration. Clustering results for agriculture crops and
grassland were less accurate, probably because different
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crops present similar NDVI values in some phenological
phase during vegetative crop cycle, but are useful to separate
agricultural from non-agricultural areas, such as water, urban
areas and forest.
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Fig. 3. Geographic spatial of 2001/2002 (A), 2005/2006 (B)
and 2009/2010(C) of clustering results.
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Fig. 4. Profile visualization (2001-2010) of NDVI (A),
albedo (B) and surface temperature (C) of clustering results.

Albedo variable was useful to separate water areas from
other targets, but was not enough to distinguish areas having
different levels of vegetation cover (Figure 4B). Clustering
of other areas was defined mainly by surface temperature,
being higher for targets with lower canopy, such as urban
areas and exposed soil, and lower for woodland.

In this context, the water represented by cluster 0, was
well clustered, since the NDVI values and especially the
albedo values are different from other clusters, as shown in
the temporal profile of NDVI (Figure 4A) and albedo
(Figure 4B). The albedo and NDVI values are lower (less
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than 0.1), since there is no presence of vegetation in the
water, or when there is minimal.

Cluster arrangement varied from year to year because
weather also varied during last decade (2001-2010),
affecting mainly values of surface temperature. For example,
when NDVI is higher, surface temperature is lower (Figures
4A and C). The forest areas represented by cluster 4, in
Figures 3A, B and C, have high NDVI values (Figure 4A)
and temperature values lower surface (Figure 4C), as they
are very shady and dense vegetation coverage areas.

In general, the clustering defined by the K-Means
distinguish targets with less accurate for agriculture and
pasture, probably because different crops have similar NDVI
values at any phenological stage during its growth cycle, but
the NDVI values are useful for separating agricultural land
and non-agricultural areas, such as water, forest and urban
areas.

However, considering the most important agricultural
crop of the state of S@o Paulo, having 60% of national
production, sugarcane fields were well clustered over the
crop years. This fact is due because the sugarcane has a
typical behavior (long seasonal cycle) than other crops. In
Figures 3A, B and C, it is possible to observe the dynamic of
this agricultural crop, represented by cluster #3 (yellow),
throughout the decade in which the crop year 2001/2002 the
acreage was low, with higher production and planted in the
northeast area of the state, and in the end of the crop years
2008/2009 and 2009/2010 there was a significant increase in
the planted area towards the western of the state.

4. CONCLUSIONS

The clustering technique on three-dimensional time series
applied in this work was suitable to accomplish the temporal
analysis of land use, demonstrating that this methodology
can be used to identify and analyze dynamics of land use and
cover. The possibility of extracting time series from satellite
images, analyzing them through data mining techniques,
such as clustering, and visualizing results in geospatial way
is an important advance and support to agricultural
monitoring tasks. Moreover, the potential of this analysis
can be highlighted by the use of low spatial resolution
images, even this kind of image taking less detail as
compared to the high resolution one. Finally, the main
contribution of this research is the association of low spatial
resolution satellite images with clustering techniques to
extract useful information in a regional scale improving the
work of farmers and decision makers.
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