Chapter 13 ®)
An Introduction to the Spatio-Temporal oo
Analysis of Satellite Remote Sensing Data

for Geostatisticians

A. F. Militino, M. D. Ugarte and U. Pérez-Goya

Abstract Satellite remote sensing data have become available in meteorology, a-
griculture, forestry, geology, regional planning, hydrology or natural environment
sciences since several decades ago, because satellites provide routinely high qual-
ity images with different temporal and spatial resolutions. Joining, combining or
smoothing these images for a better quality of information is a challenge not al-
ways properly solved. In this regard, geostatistics, as the spatio-temporal stochastic
techniques of geo-referenced data, is a very helpful and powerful tool not enough
explored in this area yet. Here, we analyze the current use of some of the geostatis-
tical tools in satellite image analysis, and provide an introduction to this subject for
potential researchers.

13.1 Introduction

The spatio-temporal analysis of satellite remote sensing data using geostatistical
tools is still scarce when comparing with other kinds of analyses. In this chapter we
provide an introduction to this field for geostatisticians, empathising the importance
of using the spatio-temporal stochastic methods in satellite imagery and providing
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a review of some applications (Sagar and Serra 2010). We explain how to proceed
for accessing remote sensing data, and which are the common tools for download-
ing, pre-processing, analysing, interpolating, smoothing and modeling these data.
The chapter encloses six additional sections where a short explanation of the state
of the art in the analysis of remote sensing data using free statistical software is giv-
en. Particular attention is devoted to the use of geostatistical tools in this subject.
Section 13.2 explains the profile and the main features of the most popular satel-
lites. It also encompasses Sect. 13.2.1 for describing some R packages for importing,
analysing, and managing satellite images. Section 13.3 explains how to retrieve two
derived variables, the normalized difference vegetation index (NDVI) and the land
surface temperature (LST). In Sect. 13.4 some common methods of pre-processing
data after downloading satellite images are reviewed. Section 13.5 explains the im-
portance of the spatial interpolation in remote sensing data and reviews the most pop-
ular interpolation methods. The actual scenario of the spatio-temporal geostatistics
is reviewed in Sect. 13.6, where an additional subsection describes some R packages
for using spatial and spatio-temporal geostatistics techniques with satellite images.
The paper ends up with some conclusions in Sect. 13.7.

13.2 Satellite Images

Satellite images are available since more than four decades ago, and since then there
has been a notable improvement in quality, quantity, and accessibility of these im-
ages, making it easier to extract huge amounts of data from all over the Earth. We
can retrieve data from the land or the ocean, from the coast or the mountains, and
also from the atmosphere where advanced sensors give the opportunity of monitor-
ing meteorological variables that are crucial for the study of the climatic change, the
phenology trend, the changes in vegetation or many other environmental processes.
Remote sensing refers to the process of acquiring information from the Earth or
the atmosphere using sensors or space shuttles platforms. Therefore, remote sensing
is born as a crucial necessity when using satellite images for analyzing and convert-
ing them into different frames of data that can be managed with specific software.
Nowadays, Landsat, Modis, Sentinel or Noaa are some of the most popular satellite
missions among researchers and practitioners of remote sensing data because of the
free accessibility. Next, we summarize the main characteristics of these missions:

1. LANDSAT, meaning Land+Satellite, represents the world’s longest continuous-
ly acquired collection of space-based moderate-resolution land remote sensing
data. See GLCF (2017) for details. It is available since 1972 from six satel-
lites in the Landsat series. These satellites have been a major component of
NASA'’s Earth observation program, with three primary sensors evolving over
thirty years: MSS (Multi-spectral Scanner), TM (Thematic Mapper), and ETM+
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(Enhanced Thematic Mapper Plus). Landsat supplies high resolution visible and
infrared imagery, with thermal imagery, and a panchromatic image also available
from the ETM+ sensor. Landsat also provides land cover facility to complement
overall project goals of distributing a global, multi-temporal, multi-spectral and
multi-resolution range of imagery appropriate for land cover analysis.

. The SENTINEL satellites were launched from 2013 onwards and include radar,

spectrometers, sounders, and super-spectral imaging instruments for land, ocean
and atmospheric applications (Aschbacher and Milagro-Pérez 2012). In partic-
ular, the multispectral instrument on-board Sentinel-2 aims at measuring the
Earth reflected radiance through the atmosphere in 13 spectral bands spanning
from the Visible and Near Infra-Red to the Short Wave Infra-Red. The main goal
of this satellite is the monitoring of rapid changes such as vegetation character-
istics during growing seasons with improved change detection techniques.

. NOAA is the acronym of National Oceanic and Atmospheric Administration.

The satellite observations of the atmosphere on a global scale began more than
40 years ago. In the URL (NOAA 2017), it is said that over 150 data variables
from satellites, weather models, climate models, and analyses are available to
map, interact with, and download using NOAA View’s Global Data Explorer.
NOAA generates more than 20 terabytes of daily data from satellites, buoys,
radars, models, and many other sources. All of that data are archived and dis-
tributed by the National Centers for Environmental Information.

. Moderate Resolution Imaging Spectroradiometer (MODIS) is a key instrument

aboard the TERRA and AQUA satellites. See the URL (MODIS 2017) for de-
tails. TERRA’s orbit around the Earth is timed so that it passes from north to
south across the equator in the morning, while AQUA passes south to north
over the equator in the afternoon, providing a high temporal resolution of im-
ages all over the world. TERRA MODIS and AQUA MODIS are viewing the
entire Earth’s surface every 1 to 2 days, acquiring data in 36 spectral bands, or
groups of wavelengths. These data facilitate the global dynamics and processes
occurring on the land, in the oceans, and in the lower atmosphere.

Remote sensing data of some of these missions can be accessed via the free sta-

tistical software R, publicly accessible in R Core Team (2017).

13.2.1 Access and Analysis of Satellite Images with R

This subsection provides a summary of some R packages that can be used for down-

loading, importing, accessing, processing, and smoothing remote sensing data from
satellite images.

1. dtwSat (Maus et al. 2016) implements the Time-Weighted Dynamic Time Warp-

ing (TWDTW) method for land use and land cover mapping using satellite image
time series. TWDTW is based on the Dynamic Time Warping technique and it
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has achieved high accuracy for land use and land cover classification using satel-
lite data.

2. gapfill (Gerber et al. 2016) fills missing values in satellite data and develops
new gap-fill algorithms. The methods are tailored to images observed at equally-
spaced points in time.

3. gdalUtils (R Core Team 2017) gives wrappers for the geospatial data abstraction
library (GDAL) utilities.

4. gimms (R Core Team 2017) provides a set of functions to retrieve information
about GIMMS NDVI3g files

5. landsat (Goslee 2011) includes relative normalization, image-based radiometric
correction, and topographic correction options.

6. landsat8 (Survey 2015) provides functions for converted Landsat 8 multispectral
satellite imagery rescaled to the top of atmosphere (TOA) reflectance, radiance
and/or at satellite brightness temperature using radiometric rescaling coefficients
provided in the metadata file (MTL file).

7. mod09nrt (R Core Team 2017) processes and downloads MODIS Surface re-
flectance Product HDF files. Specifically, MODQ9 surface reflectance product
files, and the associated MODO3 geo-location files (for MODIS-TERRA).

8. MODIS (R Core Team 2017) allows for downloading and processing function-
alities for the Moderate Resolution Imaging Spectroradiometer (MODIS)

9. modiscloud (Nicholas J. Matzke 2013) is designed for processing downloaded
MODIS cloud product HDF files and derived files

10. raster (R Core Team 2017) is a very powerful library for the geographic data
analysis and modeling

11. rgdal (R Core Team 2017) provides bindings for the geospatial data abstraction
library.

12. satellite (Nauss et al. 2015) provides a variety of functions which are useful for
handling, manipulating, and visualizing remote sensing data.

13.3 Derived Variables from Remote Sensing Data

When a satellite image is accessed, an assorted number of bands are provided. The
combination of these bands can facilitate different types of remote sensing data.
For example, extracting the Normalized Difference Vegetation Index (NDVI) can
be done by a simple combination of bands. NDVI is an important index that reflects
vegetation growth and it is closely related to the amount of photosynthetically ab-
sorbed active radiation as indicated by Slayback et al. (2003) and Tucker et al. (2005).
It is calculated using the radiometric information obtained for the red (R) and near-
infrared (NIR) wavelengths of the electromagnetic spectrum in the following way:
NDVI = ((NIR) — R)/((NIR) + R) (Rouse Jr et al. 1974). As mentioned in Sobrino
and Julien (2011), this parameter is sensitive to the blueness of the observed area,
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Fig.13.1 (Left) NDVI Sentinel image of Funes village in Navarra, and (Right) NDVI for the whole
Navarra (Spain)

which is closely related to the presence of vegetation. Although numerical limits of
NDVI can vary for the vegetation classification, it is widely accepted that negative
NDVI values correspond to water or snow. NDVI values close to zero could corre-
spond to bare soils, yet these soils can show a high variability. Values between 0.2
and 0.5 (approximately) to sparse vegetation, and values between 0.6 and 1.0 con-
form to dense vegetation such as that found in temperate and tropical forests or crops
at their peak growth stage. Therefore, NDVI provides a very valuable instrument for
monitoring crops, vegetation, and forestry, and it is directly calculated in specific
images by the aforementioned satellites missions. On the left of Fig. 13.1 a Sentinel
NDVI satellite image of Funes, a village of Navarra (Spain) is shown, and on the
right of the same Figure, the NDVI for the whole region of Navarra.

Another important variable derived with satellite images is the land surface tem-
perature (LST), that can be retrieved with different algorithmic procedures. As an
example Sobrino et al. (2004) compare three methods to retrieve the LST from ther-
mal infrared data supplied by band 6 of the Thematic Mapper (TM) sensor onboard
the Landsat 5 satellite. The first is based on the radiative transfer equation using in
situ radiosounding data. The others are the mono-window algorithm developed by
Qin et al. (2001) and the single-channel algorithm developed by Jiménez-Mufioz and
Sobrino (2003). Many satellites platforms provide specific images of LST all over
the Earth, because it is also a very outstanding variable for many environmental pro-
cess. Figure 13.2 shows the daily land surface temperature in Navarra (Spain) the
13th of July 2015 from TERRA satellite.
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Fig. 13.2 Land Surface Temperature of Navarra the 13th of July 2015

13.4 Pre-processing

The atmosphere is between the satellite and the Earth, and its effects over the elec-
tromagnetic radiation caused by the satellite can distort, blur or degrade the images.
These effects must be corrected before the image processing. The correction con-
sists of composing several images into a new single one. Different algorithms have
been developed in the literature according to the derived variable. The most com-
mon method with NDVI is the maximum value composite (MVC) procedure (Hol-
ben 1986) that assigns the maximum value of the time-series of pixels across the
composite period. Alternative techniques include using a bidirectional reflectance
distribution function (BRDF-C) to select observations and the constraint view angle
maximum value composite (CV-MVC) (MODIS 2017). For LST day/night it is com-
mon to average the cloud-free pixels over the compositing period (Vancutsem et al.
2010). Nowadays, many composite images can be directly downloaded with different
spatial and temporal resolutions. For example, raw daily images can be downloaded
from AQUA or TERRA satellites all over the world, but usually composite images
are at least of weekly or bi-weekly temporal resolution.
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Spatial and temporal resolutions are also different from the same or different satel-
lites. High temporal resolution can be useful when tracking seasonal changes in veg-
etation on continental and global scales, but when downscaling to small regions, a
higher spatial resolution is needed, and frequently with lower temporal resolution. At
this step, numerical, physical or mechanical analyses solve the image pre-processing.
Later, removing the effect of clouds or other atmospheric effects is also required, oth-
erwise remote sensing data can be inaccurate. Sometimes, the highest presence of
clouds determine the dropout of several images, but if they are only partially cloud-
ed, different approaches for eliminating these effects can be used. Noise reduction
in image time series is neither simple nor straightforward. Many alternatives have
been provided. For example R. HANTS macro of GRASS, SPIRITS, BISE, TIME-
SAT, GAPFILL or the CACAO methods are very well spread. R HANTS performs
an harmonic analysis of time series in order to estimate missing values and identi-
fy outliers (Roerink et al. 2000). SPIRITS is a software that processes time series
of images (Eerens et al. 2014). It was developed by PROBA-V data provider and
gives four smoothing options, including MEAN (Interpolate missing values & apply
Running Mean Filter RMF) and BISE (Best Index Slope Extraction), (Viovy et al.
1992). TIMESAT uses numerical procedures based on Fourier analysis, Gauss, dou-
ble logistic or SavitzkyGolay filters (Jonsson and Eklundh 2004). GAPFILL uses
quantile regression to produce smoothed images where the effect of the clouds have
been reduced. Usually, every software has different requirements with regard to the
number of images necessary for smoothing (Atkinson et al. 2012). Finally, CACAO
software (Verger et al. 2013) provides smoothing, gap filling, and characterizing sea-
sonal anomalies in satellite time series.

All these procedures give composite images that are smoothed versions of the
raw images, but very often they are not completely free of noise. Many of the at-
tributes that can be extracted from the combination of satellite image bands are still
vulnerable to many atmospheric or electronic accidents. For example, highly reflec-
tive surfaces, including snow and clouds, and sun-glint over water bodies may sat-
urate the reflective wavelength bands, with saturation varying spectrally and with
the illumination geometry (Roy et al. 2016). Land surface temperature or normal-
ized vegetation index are examples of attributes where these type of errors can be
present. Therefore, after pre-processing is done, interpolation and smoothing meth-
ods can be very useful for drawing or detecting trend changes, clustering or many
other processes on remote sensing data.

13.5 Spatial Interpolation

Likely, interpolation and classification are among the most used tools with remote
sensing data. Classification of satellite images in supervised or unsupervised ver-
sions are important research areas not only with satellite images but also with big
data and data mining where there are a great number of algorithmic procedures (Benz
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etal. 2004). Here, we are more interested in interpolation as it is more closely related
to geostatistics.

Interpolation has been widely used in environmental sciences. Li and Heap (2011)
revise more than 50 different spatial interpolation methods that can be summarized in
three categories: non-geostatistical methods, geostatistical methods, and combined
methods. All of them can be represented as weighted averages of sampled data. A-
mong the non-geostatistical methods the authors find: nearest neighbours, inverse
distance weighting, regression models, trend surface analysis, splines and local trend
surfaces, thin plate splines, classification, and regression trees. The different versions
of simple, ordinary, disjunctive or model-based kriging are among the geostatistical
methods. The combined methods include: trend surface analysis combined with k-
riging, linear mixed models, regression trees combined with kriging or regression
kriging.

Recently, Jin and Heap (2014) present an excellent review of spatial interpolation
methods in environmental sciences introducing 10 methods from the machine learn-
ing field. These methods include support vector machines (SVM), random forest-
s (RF), neural networks, neuro-fuzzy networks, boosted decision trees (BDT), the
combination of SVM with inverse distance weighting (IDW) or ordinary kriging
(OK), the combination of RF with IDW or OK (RFIDW, RFOK), general regression
neural network (GRNN), the combination of GRNN with IDW or OK, and the com-
bination of BDT with IDW or OK. Although all these methods were not developed
specifically for remote sensing data, nowadays the majority of them have been im-
plemented in different packages of the free statistical software R, and can be used
with satellite images. Many of these methods are ready to use and interpret, but the
family of kriging methods as the core of geostatistics, are preferred and widely used.

13.6 Spatio-Temporal Interpolation

Since the publication of the seminal book Spatial Autocorrelation (Cliff and Ord
1973), and at latter date Spatial Statistics (Ripley 1981), Statistics for Spatial Data
(Cressie and Wikle 2015), and Multivarate Geostatistics (Wackernagel 1995) books,
there has been a rapid growth of spatial geostatistical methods, as they are essential
tools for interpolating meteorological, physical, agricultural or environmental vari-
ables in locations where these variables are not observed.

The use of spatial geostatistics with remote sensing data is also very well
widespread, and its procedures are present in many specific softwares of satellite
image analysis (Stein et al. 1999). Geostatistics techniques can help to explore and
describe the spatial variability, to design optimum sampling schemes, and to increase
the accuracy estimation of the variables of interest. These models can be enriched
with auxiliary information coming from classified land cover or historical informa-
tion (Curran and Atkinson 1998). Kriging is the most popular geostatistical method
with several versions such as block kriging, universal kriging, ordinary kriging, re-
gression kriging or indicator kriging. It provides the spatial interpolation of different



13 An Introduction to the Spatio-Temporal Analysis ... 247

spatial variables through the use of spatial stochastic models, and it is the best lin-
ear unbiased predictor under normality assumptions when using spatially dependent
data.

However, the extension to the spatio-temporal geostatistics methods is more com-
plicated. Time series models typically assume a regularly sampling over time, but the
temporal lag operator cannot be easily generalized to the spatial domain, where data
are likely irregularly sampled (Phaedon and André 1999). Scales of time and space
are different, therefore defining joint spatio-temporal covariance functions is not a
trivial task (De Iaco et al. 2002). Recently, Cressie and Wikle (2015) show the state
of the art in this area and explain the difficulties of inverting covariance matrices in
spatio-temporal kriging, because it becomes problematic without some form of sep-
arable models or dimension reduction. Modelling the spatio-temporal dependence is
frequently case-specific. Therefore, yet the presence of the spatio-temporal keyword
is abundant in many satellite imagery papers, the use of spatio-temporal stochastic
models is scarce. Very often, spate-time refers only to descriptive analyses of time
series of satellite images where every image is analyzed as a set of separate pixels,
i.e., when estimating trends, or trend changes, statistical methods of univariate time
series are used for every pixel. For example, when completing, reconstructing or
predicting the spatial and temporal dynamics of the future NDVI distribution many
papers use a time series of images (Forkel et al. 2013; Tiishaus et al. 2014; Klisch
and Atzberger 2016; Wang et al. 2016; Liu et al. 2015; Maselli et al. 2014). These
studies include temporal correlation of individual pixels at different resolutions but
ignoring spatial dependence among them.

Spatio-temporal stochastic models use the spatial or temporal dependence to esti-
mate optimally local values from sampled data. In satellite images, sampled data can
be a huge amount of spatially and temporally dependent pixels, if a sequence of im-
ages is involved. We briefly review in what follows some stochastic spatio-temporal
models that can be used when analysing remote sensing data.

1. Spatio-temporal kriging (Gasch et al. 2015). This paper uses spatio-temporal R
packages for fitting some of the following spatio-temporal covariance functions:
separable, product-sum, metric and sum-metric classesin a spatio-temporal krig-
ing model, and a random forest algorithm for modeling dynamic soil properties
in 3-dimensions.

2. State-space models (Cameletti et al. 2011). The authors apply a family of state-
space models with different hierarchical structure and different spatio-temporal
covariance function for modelling particular matter in Piemonte (Italy).

3. Hierarchical spatio-temporal model (Cameletti et al. 2013). The paper intro-
duces a hierarchical spatio-temporal model for particulate matter (PM) concen-
tration in the North-Italian region Piemonte. The authors use stat-space models
involving a Gaussian Field (GF), affected by a measurement error, and a state
process characterized by a first order autoregressive dynamic model and spa-
tially correlated innovations. The estimation is based on Bayesian methods and



248 A. F. Militino et al.

consists of representing a GF with Matérn covariance function as a Gaussian
Markov Random Field (GMRF) through the Stochastic Partial Differential E-
quations (SPDE) approach. Then, the Integrated Nested Laplace Approximation
(INLA) algorithm is proposed as an alternative to MCMC methods, giving rise
to additional computational advantages (Rue et al. 2009).

4. Spatio-temporal data-fusion (STDF) methodology (Nguyen et al 2014). This
method is based on reduced-dimensional Kalman smoothing. The STDF is able
to combine the complementary GOSAT and AIRS datasets to optimally estimate
lower-atmospheric CO2 mole fraction over the whole globe.

5. Hierarchical statistical model (Kang et al. 2010). This model includes a spatio-
temporal random effects (STRE) model as a dynamical component, and a tem-
porally independent spatial component for the fine-scale variation. This article
demonstrates that spatio-temporal statistical models can be made operational
and provide a way to estimate level-3 values over the whole grid and attach to
each value a measure of its uncertainty. Specifically, a hierarchical statistical
model is presented, including a spatio-temporal random effects (STRE) mod-
el as a dynamical component and a temporally independent spatial component
for the fine-scale variation. Optimal spatio-temporal predictions and their mean
squared prediction errors are derived in terms of a fixed-dimensional Kalman
filter.

6. Three-stage spatio-temporal hierarchical model (Fasso and Cameletti 2009).
This work gives a three-stage spatio-temporal hierarchical model including
spatio-temporal covariates. It is estimated through an EM algorithm and boot-
strap techniques. This approach has been used by (Militino et al. 2015) for in-
terpolating daily rainfall data, and for estimating spatio-temporal trend changes
in NDVI with satellite images of Spain from 2011-2013 (Militino et al. 2017).

7. Space-varying regression model (Bolin et al. 2009). In this space-varying regres-
sion model the regression coefficients for the spatial locations are dependent. A
second order intrinsic Gaussian Markov Random Field prior is used to specify
the spatial covariance structure. Model parameters are estimated using the Ex-
pectation Maximisation (EM) algorithm, which allows for feasible computation
times for relatively large data sets. Results are illustrated with simulated data
sets and real vegetation data from the Sahel area in northern Africa.

13.6.1 Geostatistical R Packages
In this section we briefly describe some of the most useful R packages for geostatisti-
cal analysis, including spatial and spatio-temporal interpolation in satellite imagery.

1. FRK (Cressie and Johannesson 2008) means fixed rank kriging and it is a tool
for spatial/spatio-temporal modelling and prediction with large datasets.
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2. geoR (Ribeiro Jr et al. 2001) offers classical geostatistics techniques for
analysing spatial data. The extension to generalized linear models was made
in geoRglm package (Christensen and Ribeiro 2002).

3. georob (R Core Team 2017) fits linear models with spatially correlated errors to
geostatistical data that are possibly contaminated by outliers.

4. geospt (Melo et al. 2012) estimates the variogram through trimmed mean and
does summary statistics from cross-validation, pocket plot, and design of opti-
mal sampling networks through sequential and simultaneous points methods.

5. geostatsp (Brown 2015) provides geostatistical modelling facilities using raster.
Non-Gaussian models are fitted using INLA, and Gaussian geostatistical models
use maximum likelihood estimation.

6. gstat (Pebesma 2004) does spatio-temporal kriging, sequential Gaussian or in-
dicator (co)simulation, variogram and variogram map plotting utility functions.

7. RandomFields (Schlather et al. 2015) provides methods for the inference on and
the simulation of Gaussian fields.

8. spacetime (Pebesma et al. 2012) gives methods for representations of spatio-
temporal sensor data, and results from predicting (spatial and/or temporal in-
terpolation or smoothing), aggregating, or sub-setting them, and to represent
trajectories.

9. spatial (Venables and Ripley 2002) provides functions for kriging and point pat-
tern analysis.

10. spatialEco (Evans 2016) does spatial smoothing, multivariate separability, point
process model for creating pseudo- absences and sub-sampling, polygon and
point-distance landscape metrics, auto-logistic model, sampling models, cluster
optimization and statistical exploratory tools. It works with raster data.

11. SpatialTools (R Core Team 2017) contains tools for spatial data analysis with
emphasis on kriging. It provides functions for prediction and simulation.

12. spBayes (Finley et al. 2007) fits univariate and multivariate spatio-temporal ran-
dom effects models for point-referenced data using Markov chain Monte Carlo
(MCMO).

13.7 Conclusions

The multitemporal Earth observation satellites have been very well developed s-
ince the seventies, and along with the free availability of millions of satellite im-
ages, the number of publications of remote sensing data with geostatistical tech-
niques has been rapidly increased. But unfortunately, not all published papers deriv-
ing, analysing or monitoring spatio-temporal evolutions, spatio-temporal trends or
spatio-temporal changes are necessarily geostatistical papers, because they do not
really use spatio-temporal stochastic models. These models are still scarce in remote
sensing data because many of these models are computationally very intensive, or
because they are not so broadly applicable as the spatial models are. The solutions
found in the literature are very well fitted to specific problems, but we cannot always
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plug-in to other applications. The use of time series analysis in remote sensing opens
a great window of opportunities for monitoring, smoothing, and detecting changes
in large series of satellite images, but there are still many remote sensing papers
ignoring the spatial dependence when analysing time series of images (Ban 2016).
Instead, a huge discretization of the problem is presented where time-series of pixels
are treated as spatially independent.

Nowadays, the upcoming opportunities for geostatisticians in remote sensing data
are not based on the use of spatial models and time series separately, but on the
use of spatial, temporal, or spatio-temporal stochastic models embedding both types
of dependencies when necessary. Moreover, a single free statistical software like R
is a powerful tool for downloading, importing, accessing, exploring, analysing and
running advanced statistical modelling with remote sensing data in a row.

Acknowledgements This research was supported by the Spanish Ministry of Economy, Industry
and Competitiveness (Project MTM2017-82553-R), the Government of Navarra (Project PI015,
2016 and Project PI043 2017), and by the Fundacién Caja Navarra-UNED Pamplona (2016 and
2017).

References

Aschbacher J, Milagro-Pérez MP (2012) The European earth monitoring (GMES) programme: s-
tatus and perspectives. Remote Sens Environ 120:3-8

Atkinson PM, Jeganathan C, Dash J, Atzberger C (2012) Inter-comparison of four models for s-
moothing satellite sensor time-series data to estimate vegetation phenology. Remote Sens Envi-
ron 123:400-417

Ban Y (2016) Multitemporal remote sensing. Methods and applications, vol 1. Remote sensing and
digital image processing. Springer, Berlin

Benz UC, Hofmann P, Willhauck G, Lingenfelder I, Heynen M (2004) Multi-resolution, object-
oriented fuzzy analysis of remote sensing data for GIS-ready information. ISPRS J Photogramm
Remote Sens 58(3):239-258

Bolin D, Lindstrom J, Eklundh L, Lindgren F (2009) Fast estimation of spatially dependent temporal
vegetation trends using Gaussian Markov random fields. Comput Stat Data Anal 53(8):2885—
2896

Brown PE (2015) Model-based geostatistics the easy way. J Stat Softw 63(12):1-24. http://www.
jstatsoft.org/v63/i12/

Cameletti M, Ignaccolo R, Bande S (2011) Comparing spatio-temporal models for particulate mat-
ter in Piemonte. Environmetrics 22(8):985-996

Cameletti M, Lindgren F, Simpson D, Rue H (2013) Spatio-temporal modeling of particulate matter
concentration through the SPDE approach. AStA Adv Stat Anal 97(2):109-131

Christensen O, Ribeiro PJ (2002) geoRglm - a package for generalised linear spatial models. R-news
2(2):26-28. http://cran.R-project.org/doc/Rnews. ISSN 1609-3631

Cliff AD, Ord JK (1973) Spatial autocorrelation, vol 5. Pion, London

Cressie N, Johannesson G (2008) Fixed rank kriging for very large spatial data sets. J R Stat Soci:
Ser B (Stat Methodol) 70(1):209-226

Cressie N, Wikle CK (2015) Statistics for spatio-temporal data. Wiley, New York

Curran PJ, Atkinson PM (1998) Geostatistics and remote sensing. Prog Phys Geogr 22(1):61-78

De Iaco S, Myers DE, Posa D (2002) Nonseparable space-time covariance models: some parametric
families. Math Geol 34(1):23-42


http://www.jstatsoft.org/v63/i12/
http://www.jstatsoft.org/v63/i12/
http://cran.R-project.org/doc/Rnews

13 An Introduction to the Spatio-Temporal Analysis ... 251

Eerens H, Haesen D, Rembold F, Urbano F, Tote C, Bydekerke L (2014) Image time series pro-
cessing for agriculture monitoring. Environ Model Softw 53:154-162

Evans JS (2016) spatialEco. http://CRAN.R-project.org/package=spatialEco, R package version
0.0.1-4

Fasso A, Cameletti M (2009) The EM algorithm in a distributed computing environment for mod-
elling environmental space-time data. Environ Model Softw 24(9):1027-1035

Finley AO, Banerjee S, Carlin BP (2007) spBayes: an R package for univariate and multivariate
hierarchical point-referenced spatial models. J Stat Softw 19(4):1-24. http://www.jstatsoft.org/
v19/i04/

Forkel M, Carvalhais N, Verbesselt J, Mahecha MD, Neigh CS, Reichstein M (2013) Trend change
detection in NDVI time series: effects of inter-annual variability and methodology. Remote Sens
5(5):2113-2144

Gasch CK, Hengl T, Griler B, Meyer H, Magney TS, Brown DJ (2015) Spatio-temporal interpola-
tion of soil water, temperature, and electrical conductivity in 3D + T: the cook agronomy farm
data set. Spat Stat 14:70-90

Gerber F, Furrer R, Schaepman-Strub G, de Jong R, Schaecpman ME (2016) Predicting missing
values in spatio-temporal satellite data. arXiv:1605.01038

GLCF (2017) Global land cover facility. http://glcf.umd.edu/data/landsat/

Goslee SC (2011) Analyzing remote sensing data in R: the landsat package. J Stat Softw 43(4):1-25.
http://www.jstatsoft.org/v43/i04/

Holben BN (1986) Characteristics of maximum-value composite images from temporal AVHRR
data. Int J Remote Sens 7(11):1417-1434

Jiménez-Muiioz JC, Sobrino JA (2003) A generalized single-channel method for retrieving land
surface temperature from remote sensing data. J] Geophys Res: Atmos 108 (D22)

Jin L, Heap AD (2014) Spatial interpolation methods applied in the environmental sciences: a
review. Environ Model Softw 53:173-189

Jonsson P, Eklundh L (2004) Timesat a program for analyzing time-series of satellite sensor data.
Comput Geosci 30(8):833-845

Kang EL, Cressie N, Shi T (2010) Using temporal variability to improve spatial mapping with
application to satellite data. Can J Stat 38(2):271-289

Klisch A, Atzberger C (2016) Operational drought monitoring in Kenya using modis NDVI time
series. Remote Sens 8(4):267

LiJ, Heap AD (2011) A review of comparative studies of spatial interpolation methods in environ-
mental sciences: performance and impact factors. Ecol Inform 6(3):228-241

Liu Y, Li Y, Li S, Motesharrei S (2015) Spatial and temporal patterns of global NDVI trends:
correlations with climate and human factors. Remote Sens 7(10):13,233-13,250

Maselli F, Papale D, Chiesi M, Matteucci G, Angeli L, Raschi A, Seufert G (2014) Operational
monitoring of daily evapotranspiration by the combination of MODIS NDVI and ground mete-
orological data: application and evaluation in Central Italy. Remote Sens Environ 152:279-290

Matzke NJ (2013) modiscloud: an R Package for processing MODIS Level 2 Cloud Mask prod-
ucts. University of California, Berkeley, Berkeley, CA, http://cran.r-project.org/web/packages/
modiscloud/index.html, this code was developed for the following paper: Goldsmith, Gregory;
Matzke, Nicholas J.; Dawson, Todd (2013). The incidence and implications of clouds for cloud
forest plant water relations. Ecol Lett, 16(3), 307-314. https://doi.org/10.1111/ele.12039

Maus V, Camara G, Cartaxo R, Sanchez A, Ramos FM, de Queiroz GR (2016) A time-weighted
dynamic time warping method for land-use and land-cover mapping. IEEE J Sel Top Appl Earth
Obs Remote Sens 9(8):3729-3739. https://doi.org/10.1109/JSTARS.2016.2517118

Melo C, Santacruz A, Melo O (2012) geospt: an R package for spatial statistics. http://geospt.r-
forge.r-project.org/, R package version 1.0-0

Militino A, Ugarte M, Goicoa T, Genton M (2015) Interpolation of daily rainfall using spatiotem-
poral models and clustering. Int J Climatol 35(7):1453-1464

Militino AF, Ugarte MD, Pérez-Goya U (2017) Stochastic spatio-temporal models for analysing
NDVI distribution of GIMMS NDVI3g images. Remote Sens 9(1):76


http://CRAN.R-project.org/package=spatialEco
http://www.jstatsoft.org/v19/i04/
http://www.jstatsoft.org/v19/i04/
http://arxiv.org/abs/1605.01038
http://glcf.umd.edu/data/landsat/
http://www.jstatsoft.org/v43/i04/
http://cran.r-project.org/web/packages/modiscloud/index.html
http://cran.r-project.org/web/packages/modiscloud/index.html
https://doi.org/10.1111/ele.12039
https://doi.org/10.1109/JSTARS.2016.2517118
http://geospt.r-forge.r-project.org/
http://geospt.r-forge.r-project.org/

252 A. F. Militino et al.

MODIS (2017) https://modis.gsfc.nasa.gov/about/

Nauss T, Meyer H, Detsch F, Appelhans T (2015) Manipulating satellite data with satellite. www.
environmentalinformatics-marburg.de

Nguyen H, Katzfuss M, Cressie N, Braverman A (2014) Spatio-temporal data fusion for very large
remote sensing datasets. Technometrics 56(2):174—185

NOAA (2017) National Oceanic and Atmospheric Administration. https://www.nesdis.noaa.gov/

Pebesma E et al (2012) Spacetime: spatio-temporal data in R. J Stat Softw 51(7):1-30

Pebesma EJ (2004) Multivariable geostatistics in S: the gstat package. Comput Geosci 30(7):683—
691

Phaedon CK, André GJ (1999) Geostatistical spacetime models: a review. Math Geol 31(6):651—
684

Qin Z, Karnieli A, Berliner P (2001) A mono-window algorithm for retrieving land surface temper-
ature from landsat TM data and its application to the Israel-Egypt border region. Int J Remote
Sens 22(18):3719-3746

R Core Team (2017) R: a language and environment for statistical computing. R Foundation for
Statistical Computing, Vienna, Austria, https://www.R-project.org/

Ribeiro PJ Jr, Diggle PJ et al (2001) geoR: a package for geostatistical analysis. R news 1(2):14-18

Ripley BD (1981) Spatial statistics, vol 575. Wiley, New York

Roerink G, Menenti M, Verhoef W (2000) Reconstructing cloudfree NDVI composites using Fouri-
er analysis of time series. Int J] Remote Sens 21(9):1911-1917

Rouse J Jr, Haas R, Schell J, Deering D (1974) Monitoring vegetation systems in the Great Plains
with ERTS. NASA special publication 351:309

Roy D, Kovalskyy V, Zhang H, Vermote E, Yan L, Kumar S, Egorov A (2016) Characterization of
landsat-7 to landsat-8 reflective wavelength and normalized difference vegetation index conti-
nuity. Remote Sens Environ 185:57-70

Rue H, Martino S, Chopin N (2009) Approximate Bayesian inference for latent Gaussian models by
using integrated nested laplace approximations. J R Stat Soc: Ser B (Stat Methodol) 71(2):319—
392

Sagar DB, Je Serra (2010) Spacial issue on spatial information retrieval, analysis, reasoning and
modelling. Int J Remote Sens 31(22):5747-6032

Schlather M, Malinowski A, Menck PJ, Oesting M, Strokorb K (2015) Analysis, simulation and
prediction of multivariate random fields with package random fields. J Stat Softw 63(8):1-25.
http://www.jstatsoft.org/v63/i08/

Slayback DA, Pinzon JE, Los SO, Tucker CJ (2003) Northern hemisphere photosynthetic trends
1982-99. Glob Chang Biol 9(1):1-15

Sobrino J, Julien Y (2011) Global trends in NDVI-derived parameters obtained from gimms data.
Int J Remote Sens 32(15):4267-4279

Sobrino JA, Jiménez-Muiioz JC, Paolini L (2004) Land surface temperature retrieval from Landsat
TM 5. Remote Sens Environ 90(4):434—440

Stein A, van der Meer FD, Gorte B (1999) Spatial statistics for remote sensing, vol 1. Springer
Science & Business Media

Survey UG (2015) Landsat 8 (18) data users handbook. US geological survey, Version 10(97p):1-97

Tucker CJ, Pinzon JE, Brown ME, Slayback DA, Pak EW, Mahoney R, Vermote EF, El Saleous
N (2005) An extended avhrr 8-km NDVI dataset compatible with MODIS and spot vegetation
NDVI data. Int J Remote Sens 26(20):4485-4498

Tiishaus J, Dubovyk O, Khamzina A, Menz G (2014) Comparison of medium spatial resolution
ENVISAT-MERIS and terra-MODIS time series for vegetation decline analysis: a case study in
Central Asia. Remote Sens 6(6):5238-5256

Vancutsem C, Ceccato P, Dinku T, Connor SJ (2010) Evaluation of MODIS land surface tempera-
ture data to estimate air temperature in different ecosystems over Africa. Remote Sens Environ
114(2):449-465

Venables WN, Ripley BD (2002) Modern applied statistics with S, 4th edn. Springer, New York.
http://www.stats.ox.ac.uk/pub/MASS4. ISBN 0-387-95457-0


https://modis.gsfc.nasa.gov/about/
www.environmentalinformatics-marburg.de
www.environmentalinformatics-marburg.de
https://www.nesdis.noaa.gov/
https://www.R-project.org/
http://www.jstatsoft.org/v63/i08/
http://www.stats.ox.ac.uk/pub/MASS4

13 An Introduction to the Spatio-Temporal Analysis ... 253

Verger A, Baret F, Weiss M, Kandasamy S, Vermote E (2013) The CACAO method for smoothing,
gap filling, and characterizing seasonal anomalies in satellite time series. IEEE Trans Geosci
Remote Sens 51(4):1963-1972

Viovy N, Arino O, Belward A (1992) The best index slope extraction (bise): a method for reducing
noise in NDVI time-series. Int J Remote Sens 13(8):1585-1590

Wackernagel H (1995) Multivariate geostatistics: an introduction with applications. Springer Sci-
ence & Business Media

Wang R, Cherkauer K, Bowling L (2016) Corn response to climate stress detected with satellite-
based NDVI time series. Remote Sens 8(4):269

Open Access This chapter is licensed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license and
indicate if changes were made.

The images or other third party material in this chapter are included in the chapter’s Creative
Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter’s Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.


http://creativecommons.org/licenses/by/4.0/

	13 An Introduction to the Spatio-Temporal Analysis of Satellite Remote Sensing Data for Geostatisticians
	13.1 Introduction
	13.2 Satellite Images
	13.2.1 Access and Analysis of Satellite Images with R

	13.3 Derived Variables from Remote Sensing Data
	13.4 Pre-processing
	13.5 Spatial Interpolation
	13.6 Spatio-Temporal Interpolation
	13.6.1 Geostatistical R Packages

	13.7 Conclusions
	References




