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RESUMEN 

En la actualidad, el seguimiento de la dinámica de los procesos medio ambientales está 

considerado como un punto de gran interés en el campo medioambiental. La cobertura espacio 

temporal de los datos de teledetección proporciona información continua con una alta frecuencia 

temporal, permitiendo el análisis de la evolución de los ecosistemas desde diferentes escalas 

espacio-temporales. Aunque el valor de la teledetección ha sido ampliamente probado, en la 

actualidad solo existe un número reducido de metodologías que permiten su análisis de una 

forma cuantitativa. 

En la presente tesis se propone un esquema de trabajo para explotar las series 

temporales de datos de teledetección, basado en la combinación del análisis estadístico de series 

de tiempo y la fenometría. El objetivo principal es demostrar el uso de las series temporales de 

datos de teledetección para analizar la dinámica de variables medio ambientales de una forma 

cuantitativa. Los objetivos específicos son: (1) evaluar dichas variables medio ambientales y (2) 

desarrollar modelos empíricos para predecir su comportamiento futuro. Estos objetivos se 

materializan en cuatro aplicaciones cuyos objetivos específicos son: (1) evaluar y cartografiar 

estados fenológicos del cultivo del algodón mediante análisis espectral y fenometría, (2) evaluar y 

modelizar la estacionalidad de incendios forestales en dos regiones bioclimáticas mediante 

modelos dinámicos, (3) predecir el riesgo de incendios forestales a nivel pixel utilizando modelos 

dinámicos y (4) evaluar el funcionamiento de la vegetación en base a la autocorrelación temporal 

y la fenometría. 

Los resultados de esta tesis muestran la utilidad del ajuste de funciones para modelizar 

los índices espectrales AS1 y AS2. Los parámetros fenológicos derivados del ajuste de funciones 

permiten la identificación de distintos estados fenológicos del cultivo del algodón. El análisis 

espectral ha demostrado, de una forma cuantitativa, la presencia de un ciclo en el índice AS2 y 

de dos ciclos en el AS1 así como el comportamiento unimodal y bimodal de la estacionalidad de 

incendios en las regiones mediterránea y templada respectivamente. Modelos autorregresivos 

han sido utilizados para caracterizar la dinámica de la estacionalidad de incendios y para 

predecir de una forma muy precisa el riesgo de incendios forestales a nivel pixel. Ha sido 

demostrada la utilidad de la autocorrelación temporal para definir y caracterizar el 

funcionamiento de la vegetación a nivel pixel. Finalmente el concepto “Optical Functional Type” 

ha sido definido, donde se propone que los pixeles deberían ser considerados como unidades 

temporales y analizados en función de su dinámica temporal.  
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SUMMARY 

A good understanding of land surface processes is considered as a key subject in 

environmental sciences. The spatial-temporal coverage of remote sensing data provides 

continuous observations with a high temporal frequency allowing the assessment of ecosystem 

evolution at different temporal and spatial scales. Although the value of remote sensing time 

series has been firmly proved, only few time series methods have been developed for analyzing 

this data in a quantitative and continuous manner.  

In the present dissertation a working framework to exploit Remote Sensing time series is 

proposed based on the combination of Time Series Analysis and phenometric approach. The main 

goal is to demonstrate the use of remote sensing time series to analyze quantitatively 

environmental variable dynamics. The specific objectives are (1) to assess environmental variables 

based on remote sensing time series and (2) to develop empirical models to forecast 

environmental variables. These objectives have been achieved in four applications which specific 

objectives are (1) assessing and mapping cotton crop phenological stages using spectral and 

phenometric analyses, (2) assessing and modeling fire seasonality in two different ecoregions by 

dynamic models, (3) forecasting forest fire risk on a pixel basis by dynamic models, and (4) 

assessing vegetation functioning based on temporal autocorrelation and phenometric analysis. 

The results of this dissertation show the usefulness of function fitting procedures to 

model AS1 and AS2. Phenometrics derived from function fitting procedure makes it possible to 

identify cotton crop phenological stages. Spectral analysis has demonstrated quantitatively the 

presence of one cycle in AS2 and two in AS1 and the unimodal and bimodal behaviour of fire 

seasonality in the Mediterranean and temperate ecoregions respectively. Autoregressive models 

has been used to characterize the dynamics of fire seasonality in two ecoregions and to forecasts 

accurately fire risk on a pixel basis. The usefulness of temporal autocorrelation to define and 

characterized land surface functioning has been demonstrated. And finally the “Optical Functional 

Types” concept has been proposed, in this approach pixels could be as temporal unities based on 

its temporal dynamics or functioning.   
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1. INTRODUCTION 

A good understanding of land surface processes at large scales is a key issue in 

global environmental monitoring. The assessment of the dynamics of environmental 

variables makes it possible to understand their role within the earth system and to 

forecast its future behavior and responses to environmental disturbances. Remote 

sensing (RS) provides continuous land surface observations with a high temporal 

frequency which makes it possible to create a working framework in which multi-

temporal analysis of spectral information can be used to characterize and monitor land 

surface (Liang et al. 2009, White & Nemani 2006) at different temporal and spatial scales 

(Tucker et al., 2001, Zhang et al., 2003). Sensors such as the Advanced Very High 

Resolution Radiometer (AVHRR), VEGETATION or the Moderate Resolution Imaging 

Spectroradiometer (MODIS) provide data with the appropriate temporal and spatial 

resolution to carry out these studies. In addition, it is expected that in a near future new 

sensors with better spatial resolution and equivalent temporal frequency will be available 

(Berger et al., 2012). 

To a great extent, the exploitation of remote sensing data for environmental and 

land surface processes monitoring relies on vegetation functioning and structure. In the 

Functioning approach structural properties are linked to eco-physiological traits, (Ustin et 

al., 2010) thus general ecosystem dynamics as well as responses to resource availability 

and disturbances are supposed to be detectable from remote sensors. In fact remote 

sensing time series have been used in different field such as crop monitoring (Zhang et al., 

2005), land cover classification (Zhang et al., 2008), phenology assessment (Beck et al., 

2007), land degradation (Lambin et al., 2001), climate change impact to vegetation (White 

et al., 2005), among others. However, although the value of remote sensing time series 

has been proved, operative methods to analyze RS time series quantitatively in a spatially 

continuous framework are not common.  

The Phenometric approach is based on the assessment of the land surface 

dynamics by defining threshold values in functions fitted to RS time series, the so-called 

“phenometrics”. In this approach ecosystem functioning is represented by a set of metrics 
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generally derived from NDVI or NDWI time series (Delbart et al., 2005). Common 

parameters estimated are transition dates between phenophases, such as onset, end, and 

length of growing season, (Jenkins et al., 2002, Moulin et al., 1997, Eklundh et al., 2009) 

as well as others related to ecosystem production. Satellite based phenometrics analysis 

have been used to carry out phenological classifications (Lloyd, 1990), to analyze the 

inter-annual variability of vegetation dynamics in relation to climatic variables (Paruelo et 

al., 1998, Paruelo et al., 2001) or to characterize vegetation dynamics in different biomes 

(Steenkamp et al., 2008) or at regional scales (Pettorelli et al., 2005). 

The TIMESAT software was developed (Jönsson & Eklundh, 2002, Jönsson & 

Eklundh, 2004) for extracting phenometrics from satellite time series in an operative way. 

TIMESAT was used, for instance, to monitor vegetation dynamics in Scandinavian forest 

(Beck et al., 2007) or for mapping insect defoliation in Scot pine (Eklundh et al., 2009). 

This tool has contributed significantly to the phenometric approach, specifically in remote 

sensing because it makes possible to apply these methodologies operatively. While 

TIMESAT has been used extensively to monitor boreal forests, applications in 

Mediterranean ecosystems and agriculture are not common. 

Statistical Time Series Analysis (TSA) (Box et al., 1994, Hamilton, 1994), in its 

spectral and temporal domains, is a useful tool for identifying, modeling and forecasting 

the dynamics (trends, cycles, periodicities) of variables observed sequentially over time. 

TSA has been used frequently in economy (Harvey, 1981), and less in environmental 

issues such as hydrology (Modarres, 2007, Gemitzi & Stefanopoulos, 2011) agriculture 

(Mariño et al., 1993) or forestry (Telesca et al., 2005). 

TSA has a direct and relevant application in environmental monitoring, especially 

in remote sensing; however it has been barely used in this domain. Some of the 

applications are in the scope of forest fire assessment,(Telesca et al., 2005, Lee et al., 

2006, Riaño et al., 2007), and in general vegetation dynamics (Liang, 2001, Horion et al. 

2013, García et al., 2010) but nothing has been found in agriculture. 

Within the TSA domain, Box and Jenkins (Box & Jenkins, 1970) introduced a 

methodology to variable modeling and forecasting. This methodology involves a ‘labor-
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intensive’ design, which makes it difficult to apply it to a large number of time series (i.e. 

pixels) from spatially continuous remote sensing data. Thus, in remote sensing this 

technique has been usually applied to representative pixels or average series (Huesca et 

al., 2009a). However the spatio-temporal dimension that RS data provides combined with 

TSA, makes possible to develop robust applications to monitor effectively the 

environment on a pixel basis. To achieve this goal operative methods are being developed 

(Han et al., 2010, Fernández-Manso et al., 2011). 

Among the tools used in the B&J methodology the autocorrelation function (ACF) 

(Box et al., 1994), enables a quantitative evaluation of temporal pattern stability (in terms 

of seasonality and periodicities). In the context of RS time series the concept of temporal 

autocorrelation should makes it possible to evaluate land surface functioning on a pixel 

basis.  

Both, the TSA methodologies and the phenometric approach are useful 

procedures to model RS time series in order to monitor land surface processes. While TSA 

is focused on time series general patterns, the phenometric approach addresses the 

identification of event occurrence, specifically throughout the phenological cycle. Thus, 

TSA methods emphasize the “how” (land surface functioning is) instead of the “when” 

(specific events happen). The combination of both methodologies could be an 

appropriate basis for monitoring earth surface processes with a multidimensional view. 

In the present dissertation a working framework to exploit RS time series is 

proposed. In this scheme TSA is used as a tool able to provide synthetic functioning 

information about land surface processes while phenometry analysis makes it possible to 

evaluate the progression of the ecosystem temporal evolution.  

The thesis of our research is that the dynamics of numerous phenomena in 

forestry and agriculture can be identified from a reduced number of synthetic variables 

observed at great scales and analyzed by advanced statistical methods. Its proof is based 

on the following choices: i) definition of variable indicators of each phenomenon; ii) 

selection of the time dimension as the main domain of our research; iii) definition of an 

empirical basis for variables constituted by remote sensing time series; iv) selection of 
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time series analysis methodologies. The dissertation constitutes the basis of the works 

included in the present document 

This dissertation is organized in four applications in which methods are 

demonstrated. These are, (1) to asses cotton crop monitoring bases on one-year time 

series, (2) to model fire seasonality based on average time series, (3) to forecast 2009 

forest fire risk on a pixel basis, and (4) to analyze vegetation pixel functioning. The results 

are presented in the chapters 4, 5, 6 and 7. Table 1.1 shows a summary of the data and 

methodologies used in each of the applications. 

Table 1.1 Summary of the result chapters  
 Ch. 4 Paper 1 Ch 5 Paper 2 Ch. 6 Paper 3 Ch. 7 Paper 4 

Application 
domain Agriculture  Forestry Forestry Forestry 

Data basis MODIS 
MODIS & 

meteorological 
information 

MODIS & 
meteorological 

information 
MODIS 

Generalization 
level 

On a pixel 
basis 

Average pixel  
time series 

On a pixel  
basis 

On a pixel 
basis 

Variables AS1, AS2, 
NDVI  FPINDVI & FPINDWI FPINDWI NDVI 

Methodology TSA/PA  TSA TSA TSA/PA 

PA.phenometric analysis 
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2. OBJECTIVES  

The main goal of this work is to demonstrate the use of remote sensing time series 

to analyze quantitatively environmental variable dynamics. Applications are developed 

specifically in agriculture and forestry.  

The specific objectives are the following:  

(1) To assess environmental variables based on remote sensing time series: 

(a) In terms of trends, cycles, and seasonality by statistical time series analysis. 

(b) In terms of phenology by function fitting and phenometric analysis.  

(2) To develop empirical models in order to: 

(a) Characterize environmental variable dynamics.   

(b) Forecast environmental variables.  

These objectives have been achieved using MODIS based time series as follows: 

(1) Assessing and mapping cotton crop phenological stages using spectral and 
phenometric analyses. 

(2) Assessing and modeling fire seasonality in two different ecoregions by 
autoregressive models.  

(3) Forecasting forest fire risk on a pixel basis by autoregressive models.   

(4) Assessing vegetation functioning based on temporal autocorrelation and 

phenometric analysis. 

 



 

 

CHAPTER 3 

GENERAL MATERIAL AND METHODS 
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3. GENERAL MATERIAL AND METHODS 

3.1.STUDY AREA 

Two study areas were selected. Navarre Autonomic Community in the Iberian 

Peninsula was selected for the forestry applications and San Joaquin Valley, California in 

the agricultural domain. The selection of the second study area is based on the 

requirement of working with homogeneous crop pixels. This is difficult to achieve in a 

temporal context because sensors with high temporal frequency require large pixels for 

which mixing of land cover types is common. To avoid mixing we chose an agricultural 

study area where fields are larger than the 500m MODIS pixels so that it was possible to 

find homogeneous pixels. In the Iberian Peninsula is difficult to find crop field that fulfil 

this requirement. Another requirement was that the pixels to be analyzed were covered 

by a vegetation type that has clear phenological phases. It was fulfilled by choosing cotton 

as the test crop because agricultural practices for its management are known and 

standardized by growers and it goes through distinct phenological phases, and lastly, it is 

well monitored at the field scale to provide independent verification. 

The Iberian Peninsula is located in the limit between the influence of the 

westerlies and the tropical latitudes. Thus, the northern part has a temperate climate 

while the rest presents a typical Mediterranean weather. The study area is Navarre 

province situated in the boundary between these two climates. It occupies an area of 

10,420 km2 and is located on the edge of the Temperate, Alpine and Mediterranean 

ecoregions. The prevailing climate within each ecoregion is similar enough to determine 

similar soil characteristics and potential climax vegetation; hence they show different 

forest fire behaviour. 

Navarre 

The Temperate region is characterized by a warm oceanic climate strongly 

influenced by the Cantabrian Sea. It has high precipitations, mild temperatures and is 

usually the presence of fog. Deciduous forests prevail in this ecoregion (Quercus robur L., 

Quercus petraea (Matts.) Liebl., and Fagus sylvatica. L.) Fires are frequent and generally 
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small in the Temperate region (Vázquez et al., 2002), with occurrence following a bi-

modal pattern with two maxima, one in early spring and the other during late summer-

fall (Vélez, 2000). 

In the Mediterranean ecoregion, 

The 

the climate is distinctly Mediterranean with a 

clear influence of the temperate ecoregion in the Western and a continental influence 

climate in the East. The temperature is higher than in the temperate region and the 

annually precipitation may be less than 400 mm. In addition, Mediterranean climate is 

characterized by a drought period during the summer. Forests in this region are 

characterized by Mediterranean sclerophyllous forests (Quercus ilex L., Quercus coccifera 

L., Pinus sp.) and grasslands. The frequency of medium- and large-scale fires is higher in 

the Mediterranean region, where forest fires follow a uni-modal pattern with an absolute 

maximum in the summer (Vélez, 2000).  

Alpine ecoregion

3.2. MATERIAL 

 is situated in the Pyrenees. Two different areas could be 

distinguished within it; one under a humid continental climate at high altitudes, and a 

second one situated closer to the border of the Mediterranean ecoregion which is a 

transition zone between the continental and the Mediterranean climate. The alpine 

region is dominated by coniferous forests and broad-leaved forest mainly Fagus sylvatica 

L. Forest fires are characterized by a low frequency and a marked seasonal and annual 

variability. Hence, forest fire follows a very irregular pattern. 

The MODIS sensor on the TERRA satellite has seven bands in the optical domain as 

the reflectance product MOD09A1 (i.e. 450 nm (Blue), 555 nm (Green), 645 nm (Red), 860 

nm (NIR), 1240 nm (SWIR1), 1640 nm (SWIR2), and 2130 nm (SWIR3) nm). This MODIS 

product provides reflectance bands at 500-meter resolution in an 8-day composite grid 

level product. Thus, the pixels in each 8-day image contain the best possible observation 

during the 8-day period. The data sets used include reflectance values for Bands 1–7, data 

quality bands, and the day of the year for the selected date’s pixel along with solar, view, 

Remote sensing data  
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and zenith angles. The images were provided by the NASA Distributed Active Archive 

Center in HDF-EOS format (http://redhook.gsfc.nasa.gov/). The MODIS reprojection tool 

(http://edc.usgs.gov/programs/sddm/modisdist/) were use to reproject the images. 

3.3.METHODOLOGY 

Remote sensing data from multispectral sensors is usually summarized in spectral 

indexes. The indexes used in this thesis are computed as follows: 

Spectral vegetation indexes  

(1)Normalized Difference Vegetation Index (Rouse et al., 1974). This index based 

on the VNIR region is highly related to biophysical variables such as leaf area index (LAI) 

and normalized photosynthetically active radiation (FPAR) (Baret & Guyot, 1991). 

ρ ρ
ρ

−
=

+
nir r

nir r

NDVI  

Where, ρnir and ρr represent pixel reflectance in the near infrared and red bands, 

respectively. 

(2)Normalized Difference Water Index (Gao, 1996). This index based on 

shortwave infrared (SWIR) bands is more sensitive to moisture in soil and vegetation than 

VNIR indexes (Fensholt & Sandholt, 2003). 

ρ ρ
ρ ρ

−
=

+
nir swir

nir swir

NDWI  

Where, ρnir and ρswir represent pixel reflectance in the near infrared and SWIR1 

bands, respectively. 

(3)Spectral Shape Indexes: These indexes represent the shape of a multispectral 

(MODIS in this case) reflectance profile in a set of three consecutive bands. The 

mathematical formulation is explained with more detail in the Chapter 4 of this 

manuscript. 

 

http://redhook.gsfc.nasa.gov/�
http://edc.usgs.gov/programs/sddm/modisdist/�
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Remote sensing time series were analyzed in a quantitative manner by means of 

two procedures, (1) the statistical Time Series Analysis (TSA) that considers the whole 

series and (2) the phenometric analysis which only takes into account specific moments of 

the time series. 

Remote sensing time series analysis 

Statistical Time Series Analysis (TSA) 

A time series is a set of observations obtained through repeated measurements 

over time. Statistical time series analysis provides tools and methodologies to analyze, 

model and forecast a variable based on the history of the own variable.  

The methodology proposed by Box & Jenkins (1970) stands out above all TSA 

techniques for its high degree of implementation and efficiency. This methodology 

simultaneously with time series spectral analysis (Priestley, 1983) has been used in this 

thesis to analyze and model the environmental variables that have been studied. 

The goal of the univariate version of Box and Jenkins methodology is to find an 

appropriate model to describe and forecast a variable that reflects the principle of 

parameterization recommended by these authors, i.e, the model should have the 

maximum structural simplicity and the minimum number of parameters. The model 

building process is carried out in five standard stages: identification, estimation, 

validation, forecasting and forecasting evaluation. In the identification stage, the 

stationarity of the series is analyzed; in addition, the order of the autoregressive and 

moving average terms is identified. In the second stage the model coefficients are 

estimated according to the model structure defined in the previous stage. In the third 

step, the model adequacy is verified. Finally, in the last stage the variable is forecasted 

and the model is evaluated predicting its error in order to accept the estimated model. If 

the model is rejected it is necessary to return to the identification stage.  
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Figure 3.1 Box and Jenkins methodology.  
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I. Identification stage  

A time series (Yt) is considered as one single stochastic process (i.e. a set of time-

dependant random variables). This stochastic series can be represented as a process that 

contains autoregressive and moving averages terms (ARIMA models) as follows: 

1 1 2 2 1 1 2 2φ φ φ ε θ ε θ ε θ ε− − − − − −= + + + + + + + +... ...t t t p t p t t t q t qy y y y                 (3.1) 

Where 

ΦP: Autoregressive parameter of order p 

θq: Moving average parameter of order q 

B: Lag operator Byt=yt-1 

εt: White noise 

The Identification stage is carried out in the following stages: 

1.-Analysis of stationarity and seasonality of the series.

To fulfil the stationarity condition of the ARIMA model, the unit roots of the 

characteristic polynomial have to be outside the unit circle in order. 

 Its purpose is to determine 

the existence in the time series of trends, seasonality, time-dependent variance, 

structural change, outliers, or other key components to understand the dynamics of the 

times series. In addition, if it is necessary the data will be transformed to achieve the 

stationarity in the series. 

2
1 21 0φ φ φ− − − − =... p

pB B B                                                                                     (3.2) 

In addition, a stationary process has a constant mean in the long term, a finite and 

constant variance over time and its autocorrelation decreases rapidly with time, verifying 

the following relationships: 
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{ }  t yE y y tµ= = ∀  

σ− = < ∞ ∀2 2{( ) }tE y y t                                                                                          (3.3) 

{( )( )} ( )t k t kE y y y y t tγ+ − − = ∀  

2.- Once the stationarity of the time series is proved

2.1 The first step is carried out by the following phases: 

, the ARIMA (p,d,q) process is 

identified. 2.1) In a first step, it is identified through iterative formulation of different 

autoregressive and moving average orders. 2.2) Secondly, the orders ‘p, d, q’ are 

determined based on the autocorrelation and partial autocorrelation functions. 

2.1.1. By the analysis of the basic descriptive statistics (mean, variance, 

covariance...) and the original series plots. 

2.1.2. By the examination of the autocorrelation and partial autocorrelation 

functions. The autocorrelation function plot (or correlogram) is the first source of 

information used to verify the stationarity of a time series. These functions are built by 

the respective sequences of the autocorrelation coefficients, and are calculated through 

the following expressions: 

Autocorrelation function (ACF): 

1

2

1

−
= +

=

− −
=

−

∑

∑


( )( )

( )

N

t t k
t k

k N

t
t

y y y y
r

y y
                                                                                       (3.4) 

Partial autocorrelation function (PACF): 

φk = r1                                       for k=1 

1

1
1
1

1
1

1

φ
φ

φ

−

− −
=
−

−
=

−
=

−

∑

∑

,
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k k j k j
j

k k

k j j
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r r

r
 for k>1                                                                          (3.5) 
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where: φk ,j = φk -1,j - φkk φk-1,k-j;  for j = 1, 2, …, k-1 

In general, if the autocorrelation coefficients from the first lag do not tend to zero, 

the time series can be considered as non-stationary. In other hand, the existence of 

significant coefficients rk and φkk for a given frequency indicates the presence of a 

seasonal component and suggests the seasonality order (s = 12 for monthly data). 

Assuming that at a lag k the autocorrelations will be zero (MA process of order k-

1), an approximation of the variance of the estimated autocorrelation is obtained by the 

next expression: 

τ

−

=

= + ∑
1

2

1

1var( ) (1 2 )
k

k kr r
N

                                                                                                    (3.6) 

Under the assumption that rk follows a normal distribution, the confidence 

intervals at 95% of significance is defined by:  

− +( 1,96 var( ); 1,96 var( ))k kr r                                                                                            (3.7) 

A good approximation of the variance of the estimated partial autocorrelations 

(φkk) is:  

φ =
1ˆvar( )kk N

                                                                                                              (3.8) 

The confidence intervals are calculated as follows:  

±2 / ( )N                                                                                                                     (3.9) 

2.1.3. By the estimation of the Dickey-Fuller test (ADF) (Dickey & Fuller, 1979). It is 

used to determine the existence of one or more unit roots in the series. 

In the representation of the autoregressive process of order p = 1, i.e. AR (1),that 

can be represented as shown:  

µ ρ ε−= + +1t t ty y                                                                                                          

(3.10) 
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where 

μ= constant (c), trend (t), dummy (d) or a combination of c, t, and d 

ρ= AR (1) parameter 

εt    ̴ i.i.d. (0, σ2)  

The process would be stationary depends on the value of the AR parameter. Thus: 

If |ρ| < 1 the time series is stationary  

If |ρ| = 1 the time series is not stationary 

If |ρ| > 1 the time series is explosive 

From this assumption, the ADF test estimates the regression by least squares 

algorithm:  

µ γ ε− −− = ∇ = + +1 1t t t t ty y y y                                                                               (3.11) 

whereγ ρ= −1 

So the test hypotheses are: 

H0: ϒ=0  ρ =1  y is stationary  

H0: ϒ<0  │ρ│ <1  y is not stationary 

The ADF test uses the Student-t statistic to verify the null hypothesis. The 

appropriate probability distribution for the test was estimated by Dickey and Fuller 

(Fuller, 1976).  

2.1.4. By estimating the periodogram based on the principles of the time series 

spectral analysis (Priestley, 1983), in order to identify hidden periodic component in a 

time series. In terms of spectral analysis we can model a generic variable y as the sum of 

its mean, a sinusoidal wave and a white noise: 

µ α ω δ= + + +( ) tY sen t et
                                                                         (3.12) 
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From the trigonometric identity:  

α ω δ ω ω+ = +( ) ( ) cos( )sen t A sen t B t                                                                     (3.13) 

where ω is the Fourier frequency and the amplitude α and the phase δ verify: 

α 2 = A2+B2 

δ = arctan (-B/A) 

The equation 3.12 can be written as:  

µ ω ω= + + +( ) cos( ) tY A sen t B t et
                                                      (3.14) 

By estimating the regression (Eqn 3.14), an F test can be carried out to verify the 

existence of periodic components with the following hypothesis: 

H0: α≠0  The periodic component exists 

H1: α=0  The periodic component does not exist 

The periodogram I(fj ) is defined as follows:  

= +2 2( ) / 2( )j j jI f N A B                                                                                                      (3.15) 

where; 

N = number of observations 

Aj and Bj estimated regression coefficients.  

j= 1, 2, 3, …, q 

q= N/2 if N is even 

q= (N-1)/2 if N is odd 

The estimation of the equation 3.15 for different Fourier frequencies, ωj, allows us 

to obtain the periodogram ordinates I(fj). They represent the proportion of variation of 

the variable (Y) associated with each frequency ωj.  
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The Fisher's kappa and Barlett, Kolgomorov, Smirnov tests (Fuller, 1976) are used 

to determine the existence of a seasonal component and its statistical significance. In 

those tests, the highest periodogram ordinate value I(fj) is compared to the sum or the 

average of all periodogram ordinate values. 

2.2 The second step to identify ARIMA process is carried out in the following 

phases: 

2.2.1. The autocorrelation and partial autocorrelation functions from the 

stationary time series are estimated. The significance of the autocorrelation coefficients 

allows identifying the order of the moving average process. The significance of the partial 

autocorrelation coefficients allows identifying the order of the autoregressive process. 

2.2.2. If the time series has a seasonal component ('s') its periodic behaviour can 

be explained including seasonal autoregressive (Φ) and moving average (Θ) terms and a 

seasonal difference operator (∇s). The result is a multiplicative structure of order (p, d, q) 

x (P, D, Q) whose reduced representation is: 

φ θ εΦ ∇ ∇ = Θ( ) ( ) ( ) ( )s d D s
s s t S tB B y B B                                                                  (3.17) 

The identified model is estimated in the next stage. 

II. Estimation stage 

The aim of this stage is to obtain efficient estimators for the model parameters. 

The coefficients are estimated by a nonlinear least squares algorithm due to the non-

lineal structure of ARIMA models. A more detailed of the estimated procedure is found in 

Box et al., (1994). 

The statistical significance of each coefficient (φi and φj) is analyzed using the 

Student-t statistic, and the model goodness of fit by means of the coefficient Adj-R2. Both 

tests are explained here: 

The Student-t test = coefficient / error standard 
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Hypothesis: 

H0: the estimated coefficients are = 0 

H1: the estimated coefficient are ≠ 0 

Decision rule: 

If the estimated │ ∧

t │< t (n.d.f.)  the H0 is no rejected 

If the estimated │ ∧

t │< t (n.d.f.)  the H0 is no rejected 

The coefficient adj-R2: The decision rule is to select the model whose estimated 

coefficients are statistical significant and the coefficient adj-R2 is maximum. 

12 21 1
TR ( R )
T k

−
= − −

−
                                                                                          (3.18) 

The selection between 

The choice among alternative models is performed using the Akaike information, 

and Schwarz criteria: 

−
=

+
2

2
AIC

T kT
                                                                                                           (3.19) 

= − +2 / ( log ) /SC T k T T                                                                                     

(3.20) 

where:  

π ε ε′= − + +  

 / 2(1 log(2 ) log( / )T T                                                                      (3.21) 

The greatest degree of adjustment is defined by the model that maximize the adj-

R2 and minimize the AIC and SC criteria. The parsimony principle, (i.e. chose a simpler 

model to describe the phenomenon), is used in the selection process. 
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III. Validation stage  

At this stage the quality of the estimated model is analyzed, thus the accuracy of 

the model is also tested and studied. The goal of this stage is to evaluate if the model 

adjustment is statistically correct, or if it is necessary to return to the identification stage.  

The requirement for model adequacy are: (1) the time series residual must be 

white noise, (2) the estimated model must be stationary, (3) the coefficients must be 

statistically significant, non correlated and sufficiently representative of the series and (4) 

the selected model should have the greatest degree of adjustment. 

The most decisive statistical criterion to validate the model is the Q- test by Ljung-

Box, with the null hypothesis that residual has a white noise structure. The test assess 

whether the autocorrelation coefficients of the residual are not significantly different 

from zero as shown in the equations below: 

χ−

=

= + − − −∑ 

1 2 2

1

- - ( ) ( 2) ( ) ( ; . .)
M

k
K

Q L B  k   T T  T k r M p q d f                              (3.22) 

where: 

T: number of observations.  

M = number of the autocorrelation coefficients.  

rk = autocorrelation coefficient at lag k. 

The hypothesis for the test are:  

ρ ρ ρ
ρ ρ ρ

= = = =

≠ ≠ ≠ ≠
0 1 2

1 1 2

: ... 0

: ... 0
M

M

H
H

  

The decision rule is: 

If Q-L-B(k) < X2 (M-p-q) the H0 is not rejected: the residual series is white noise 

If Q-L-B(k) > X2 (M-p-q) the H0 is rejected: the residual series is not white noise 
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If residual are not white noise is because they contain relevant information about 

series, and consequently it is necessary to go back to the identification stage 

If the Q Ljung-Box test fails to reject the adequacy of the model, it can be used to 

forecast the series. 

IV. Forecasting stage  

In this stage the future values of the dependent variable are calculated using the 

estimated model built in the previous stage. The procedure followed in this work is 

explained briefly. See Chapter 5 of Box et al. (1994) for further details. 

As an example, the model selected in the previous stage is considered as a 2nd -

order autoregressive model including an exogenous (or independent) variable Xt: 

α β= + +'  t t tY X u                                                                                                     (3.23) 

ρ ρ ε= + +1 -1 2 -2  t t t tu u u                                                                                             (3.24) 

Where: α, β, ρi are the estimated parameters obtained in the estimated stage, and 

the model error ut follows an AR (2) model.  

If et =Y’t – α’– βX’t is the model residual and assuming that: 1) The model is 

estimated using observations until t = s-1 and 2) The future values of the exogenous 

variable are known, the static and dynamic predictions are calculated for lags t = s, s+1, 

s+2… s+h (with a prediction horizon h) using the following expressions: 

1. Static forecasting: To predict the actual value of the variable, lagged values of 

the variable and its residual are used. 

 

α β ρ ρ

α β ρ ρ

α β ρ ρ

+ +

+ + +

= + + +

= + + +

= + +

'
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s s s s

s s

y X e e

y X e e

y X

                                                                        (3.25) 
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2. Dynamic forecasting: Variable and residual actual lagged values are used until 

the point here they are not available, then the procedure uses the values predicted in the 

previous stages. 

α β ρ ρ

α β ρ ρ

α β ρ ρ

+ +

+ + +

= + + +

= + + +

= + +

'
 1 -1  2 -2

'
1 1  1  2 -1

'
2 2  1 s 1  2 s

ˆˆ  ˆ ˆ ˆ

ˆˆ ˆ ˆ ˆ ˆ

ˆˆ ˆ ˆ+ ˆ ˆ ˆ

s s s s

s s s s

s s

y X e e

y X u e

y X u u

                                                                         (3.26) 

In these expressions: 

α β ′= − −ˆ ˆˆ ˆt t tu Y X                                                                                                              (3.27) 

Ŷt: Dynamic prediction for period t calculated with the estimated model. 

Predicted values from both forecasting methods are the same for the first forecast 

period, and differ for the followings. In addition, the Forecasting error (et(k)) is the 

difference between the variable and its optimal prediction in an ARIMA model: 

E{et(k)} = E{Yt+k-Et{Yt+k}} = 0                                                                                           (3.28) 

In ARIMA models the mathematical expectation of the forecast error is zero, 

because it is the conditional mathematical expectation of the Optimal Predictor variable. 

As Eet(k) = 0, a measure of the prediction error size can be obtained from its 

variance σε. This variance takes into account the two sources of error in the prediction: 

-Residual estimation  

-Coefficients estimation 

The expressions for the prediction error variance are found in Box et al., (1994). 

The (σε
2) is used to calculate the forecast confident interval: 

The forecast CI95% = ŷs ± 1.96 σε  
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V. Forecasting evaluation stage  

At this stage the prediction accuracy is evaluated. If the predictions are not 

minimally accurate it is necessary to go back to the identification step. 

The following statistics are calculated to assess the predictions accuracy with the 

selected model, as well as, to detect the source of error. 

RMSE: Root mean square error 

MAE : Mean absolute error 

MAPE: Mean absolute percentage error 

THEIL U: Theil inequality coefficient U 

The root mean square and the mean absolute errors are dependant on the 

measurement scale of the forecasted variable. These statistics are considered relative, 

and they are used to make a comparison of the predictions obtained by alternative 

models. The smaller is the error the more accurate are the predictions. However, the 

mean absolute percentage error and the U-Theil inequality coefficient are invariant with 

the scale.  

Thus, U-Theil can vary between 0 and 1: 

0 < Theil U < 1  

When the Theil inequality coefficient U equals to zero the prediction is perfect and 

when it is one the prediction is naive. 
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where:  

ˆ ˆy=  y mean (y prediction) 

y = y mean (observed variable) 

y ˆS = y standard desviation 

ŷS = y standard desviation 

r = correlation between y and y 

h = predicted horizon 

The Mean Square Forecast Error (MSFE) can be decomposed as: 
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The proportion of error due to each of the three components of the Mean 

Squared Forecast Error is: 

Bias proportion: 

−
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Variance proportion: 
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Covariance proportion:  

−
=

−∑
ˆ

2

2(1 )
ˆ( ) /

yy

t t

r S S
CVP

y y h                                                                                                  (3.33) 

The bias proportion shows how far the mean of the forecast is from the mean of 

the actual series. The variance proportion illustrates how far the variation of the forecast 

is from the variation of the actual series. The covariance proportion measures the 

remaining unsystematic forecasting error. The sum of the three proportions is equal to 1. 

For an accurate prediction, bias and variance proportion should be small (near zero), and 

most of the error should be concentrate in the covariance proportion. 

Phenometric analysis 

TIMESAT software (Jönsson & Eklundh, 2002, Jönsson & Eklundh, 2004) was 

developed for analysing satellite time series in a quantitative manner. This software was 

originally designed for AVHRR NDVI data but it can be also applied to different types of 

remote sensing sensors and to other types of variables.  

Firstly, noisy satellite time series are smoothed using an adaptive Savitzky-Golay 

filtering method or by means of a function fitting procedure, using an asymmetric 

Gaussian or a double logistic function. Secondly, from the fitted time series a set of 

seasonality parameters are computed. The phenometrics derived from TIMESAT are small 

integral, large integral, right derivate, left derivate, amplitude, maximum value, base 

value, end of the season, length of season, position of middle season, and start of season. 

The explanation of these phenometics is described as follows (Eklundh & Jönsson, 2010):  
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Figure 3.2 Phenometrics (Eklundh & Jönsson, 2010). 

1. Time for the start of the season; “time for which the left edge has increased to 

a user defined level measured from the left minimum level”. 

2. Time for the end of the season; “time for which the right edge has decreased to 

a user defined level measured from the right minimum level”. 

3. Length of the season; “time from the start to the end of the season”. 

4. Base level; “given as the average of the left and right minimum values”. 

5. Time for the mid of the season; “computed as the mean value of the times for 

which, respectively, the left edge has increased to the 80 % level and the right edge has 

decreased to the 80 % level”. 

6. Largest data value for the fitted function during the season; “may occur at a 

different time compared with 5”. 

7. Seasonal amplitude; “difference between the maximum value and the base 

level”. 
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8. Rate of increase at the beginning of the season; “calculated as the ratio of the 

difference between the left 20 % and 80 % levels and the corresponding time difference”. 

9. Rate of decrease at the end of the season; “calculated as the absolute value of 

the ratio of the difference between the right 20 % and 80 % levels and the corresponding 

time difference”. 

10. Large seasonal integral; “integral of the function describing the season from 

the season start to the season end”. 

11. Small seasonal integral; “integral of the difference between the function 

describing the season and the base level from season start to season end”. 
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4. DERIVATION OF PHENOLOGICAL METRICS BY FUNCTION FITTING TO TIME SERIES OF 

SPECTRALSHAPE INDEXES AS1 AND AS2: MAPPING COTTON PHENOLOGICAL STAGES 

USING MODIS TIME SERIES. 

4.1.INTRODUCTION  

The timing and rate of phenological development are important indicators of 

future yield and biomass in crops (Sakamoto et al., 2005, Benedetti & Rossini, 1993, 

McKellip et al., 2005) and natural vegetation (Schwartz, 2003, Badeck et al., 2004). 

Vegetation phenophases are characterized by distinct structural and functional dynamics. 

The availability of high frequency remote sensing (RS) time series allows the 

assessment of ecosystem evolution at different temporal and spatial scales (Tucker et al., 

2001, Zhang et al., 2003). The spatio-temporal scheme that RS data provides makes it an 

invaluable tool for assessing vegetation phenological variability and condition at regional 

scales, because it provides significant information on the spatial coherence of 

phenological patterns, which is difficult to determine at the field scale. 

Remote sensing data from multispectral sensors is usually summarized in spectral 

indexes (Huete et al., 2002) which can be used as the variable in RS time series. The 

principal advantage of indexes is their ease of use and potential to measure known 

functional or structural properties. Another advantage is that indexes tend to decrease 

the contribution of external factors such as from the background and atmosphere in the 

analysis. Their disadvantage is that indexes are usually based on an a priori decision to 

decrease the data dimensionality prior to any evaluation of the information content or 

usefulness of the deleted data. Nevertheless, the indexes are advantageous if their 

information is relevant and is integrated into a framework for exploitation such as a 

temporal scheme.  

The indexes based on the VNIR region such as NDVI (Tucker, 1979) are highly 

related to biophysical variables such as leaf area index (LAI) and normalized 

photosynthetically active radiation (NPAR) (Baret & Guyot, 1991). Thus, they are an 

appropriate basis for assessing ecosystem functioning when vegetation is active. Indexes 



Chapter 4 

 
31 

such as the Normalized Difference Water Index (NDWI), based on shortwave infrared 

(SWIR) bands are more sensitive to moisture in soil and vegetation than VNIR indexes 

(Gao, 1996, Fensholt & Sandholt, 2003, Ghulam et al., 2008). Hüttich et al., (2009) showed 

the importance of the Moderate Resolution Imaging Spectrometer (MODIS) 1230 nm 

band to classify vegetation in arid areas where vegetation cover and LAI are especially 

low, but in general this spectral region has been largely unexploited in the temporal 

context (Trombetti et al., 2008)  

Recently, satellite based phenometrics have been used to assess vegetation 

dynamics at regional scales (Pettorelli et al., 2005). Function fitting procedures are useful 

tools to model RS time series (Zhang et al., 2003, Jönsson & Eklundh, 2002) because of 

their noise and adjacency problem reduction, in addition to their capability for deriving 

phenological metrics in a consistent manner. In this approach, quantitative ecosystem 

phenological and production parameters are represented by a set of metrics generally 

derived from NDVI or NDWI time series (Delbart et al., 2005). These indexes commonly 

show one distinct intra-annual cycle in which largest values occur at maximum green 

cover and low values occur at the beginning and end of the growing season when the 

pixels are dominated by soil or dry matter. The most common phenological parameters 

estimated are the transition dates between phenophases such as onset, end, and length 

of growing season (Hird & McDermid, 2009). Transition dates are identified in a 

qualitative manner by specific changes in the original remote sensing time series or 

functions fitted to the original data. These changes can be defined by relative or absolute 

thresholds (Chen et al., 2001, Jenkins et al., 2002, White et al., 1997); presence of 

inflection points (Moulin et al., 1997) or maximum or minimum index values. In this 

context (Moulin et al., 1997) identified accurately the beginning of the growing season 

but not the beginning of the dormancy state which consequently, resulted in poor maps 

for end of season and length of growing period. This is a common problem since usually 

the NDVI pattern at leaf onset shows a sharp increase while during vegetation senescence 

it shows a slow decrease. This effect could be modeled by adjusting an asymmetric 

Gaussian or a double logistic curve (Jönsson & Eklundh, 2004, Beck et al., 2006).  
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When photosynthesis is not the dominant process in vegetation functioning or at 

least does not dominate the pixel reflectance NDVI does not provide reliable information 

to characterize phenophases. This makes it difficult, for example, to discriminate soil from 

plant detritus (dry matter) which is essential information for estimating soil erosion or 

organic matter turnover (Christopher & Lal, 2009). Indexes developed to characterize the 

non-photosynthetic vegetation (NPV), i.e., the dry foliage and stems, are mainly based on 

narrow-band absorptions derived from hyperspectral data (Nagler et al., 2000, Nagler et 

al., 2003, Daughtry et al., 2004, Serbin et al., 2009). Although progress has been made to 

identify and discriminate NPV from soils using multispectral data (Thoma et al., 2004) this 

method has not been applied in a temporal framework. 

The information content in hyperspectral data is derived from the continuum 

spectrum, defined by broad-band absorptions, and any specific narrow-band absorption 

features that are superimposed on it. In the hyperspectral approach to data analysis, the 

bands are considered as an integrated measurement of the spectrum, so it is the shape of 

the spectrum at specific absorptions (Sunshine & Pieters, 1993) or over wider spectral 

regions (Whiting et al., 2004) that is used as a significant source of information. Although 

in multispectral data, the specific narrow-band absorption features are lost, the general 

shape of the continuum (or pseudo-continuum) remains (Figure 4.1) and it can provide 

information related to the biophysical properties that define broad absorption features 

(e.g., water in the SWIR, and pigments in the VNIR). In multispectral space the shape of 

the continuum can be approximated by the magnitude of the angle created when 

connecting reflectance values from three adjacent spectral channels (Figure 4.2). In 

calculating the angles, each band center is considered to be one vertex of a triangle, so 

that the cosine theorem can be used to calculate the angle value at that specific vertex 

(Figure 4.2) (Palacios-Orueta et al., 2006, Khanna et al., 2007). The angle concept is similar 

to the use of ratio indexes to extract emergent information about the data, but instead of 

using two bands the angles provide information about the relative behavior of the three 

band set which summarizes the shape of the reflectance spectrum over the wavelength 

range of these bands. Thus the angle indexes capture the reflectance magnitude of the 

spectral feature as do traditional indexes, but in relation to the reflectance of the 
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adjacent bands (which are placed to capture other spectral information), which provides 

additional context to the shape indexes. 

 
Figure 4.1.Spectral shape and angles located at MODIS bands central wavelength 

 
Figure 4.2.Calculation of AS1 and AS2 using the cosine theorem 

The new indexes (termed Spectral Shape Indexes, SSI) represent a new paradigm 

in research using multispectral indexes. In this context, several SSI adapted to MODIS 

surface reflectance bands have been proposed (Figure 4.1). Table 4.1 shows the Spectral 

Shape Indexes (SSI) proposed; the third column shows their mathematical value. The AS1 

information content relies on the combination of the spectral shape concept and the use 

of the NIR-SWIR spectral region. The AS1 is centered at 1240 nm, connecting the 860 and 

1640 nm reflectance bands. Since reflectance at 860 nm is highly related to leaf and 

canopy structure and at 1640 nm to moisture content, it is expected that the AS1 
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dynamics responds to the relationship between the vegetation structural properties and 

moisture content over time. The AS2 is centered at 1640 nm connecting 1230 and 2130 

nm reflectance bands; consequently, it is strongly influenced by the broad water 

absorption band at 2800 nm. Thus, it is expected that AS2 will change depending on the 

depth and width of this absorption band and the way it influences the reflectance of soils 

and vegetation having different moisture contents. 

Table 4.1.Spectral Shape Indexes (SSI) proposed. The first column is the name proposed, 
the second column shows the three spectral bands used to calculate the index, the third 
column indicates their mathematical value, and the fourth column is the scientific 
publication in which it has been shown. 
Index name proposed MODIS Bands Value Reference 

AGR Blue-Green-Red αgreen Not demonstrated 

ARED Green-Red-NIR αred Not demonstrated 

ANIR Red-NIR-SWIR1 αNIR Khanna et al. (2007) 

Escribano (2009) 
AS1 NIR-SWIR1-SWIR2 αSWIR1 Palacios-Orueta et al. 

(2008) 
AS2 SWIR1-SWIR2-SWIR3 α SWIR2 Palacios-Orueta et al. 

(2008) 
SANI NIR-SWIR1-SWIR2 α SWIR1 x SWISI (6,2)* Palacios-Orueta et al. 

(2006) 
SASI NIR-SWIR1-SWIR2 α SWIR1  x slope(NIR-SWIR2) Khanna et al. (2007) 

*: Fensholt and Sandholt 2003 

Khanna et al., (2007) demonstrated the sensitivity of SASI (Table 4.1) to soil and 

vegetation moisture. They demonstrated also that ANIR (Table 4.1) is independent of 

moisture using laboratory and modeled leaf and soil spectral datasets. Also, ANIR was 

shown to be more sensitive to sparse vegetation than NDVI in an arid environment 

(Escribano, 2009). In the temporal context Palacios-Orueta et al., (2006) used statistical 

time series analysis and found significant differences between NDVI and SANI (Table 4.1) 

in response to rainfall. Huesca et al., (2009b) showed the usefulness of AS1 time series to 

discriminate three vegetation types.  
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The general objective of this work is to assess the usefulness of the SSI time series 

in crop monitoring. The specific objectives are the following: 

(1)To assess AS1 and AS2 behavior along a cotton crop growing period. 

(2)To test whether function fitting procedures, specifically TIMESAT (Jönsson & 

Eklundh, 2004) can be used to model MODIS AS1, AS2, and NDVI time series for a cotton 

crop. 

(3)To derive objective AS1 and AS2 phenological metrics that can be used to 

monitor cotton phenological stages. 

4.2.MATERIAL AND METHODS  

Two sets of one-year MODIS time series (i.e., composed of 46 composites covering 

the period from 1 January to 31 December) for the study area were used. The original 

composites were re-projected as UTM zone 11 using the MODIS re-projection tool. To 

avoid data that does not correspond to the period of cotton crop evolution, the 

composites before first seed bed preparation were removed (10 composites).  

The time series studied came from 418 pixels located in the San Joaquin Valley, 

California. Four hundred and sixteen series came from pixels cultivated with cotton in 

2009 close to the city of Corcoran (36.03° latitude and -119.72° longitude) (Figure 4.3); 

this area was selected because it includes an extensive area of cotton cultivation during 

that year. The cotton pixels used in our study were selected from the 2009 Cropland Data 

Layer for California from the US Department of Agriculture 

(http://datagateway.nrcs.usda.gov) and were entirely within polygons classified as 

cotton. The second data set includes two cotton pixels from summer 2002 located in the 

AZCAL Properties fields near the City of Lemoore (36.22° latitude and -119.9° longitude) 

(Figure 4.4). All selected pixels were completely within irrigated cotton fields (Pima 

varieties) grown under similar management practices. Since the grower provided crop 

practice application records, the time series could be used to explain and validate the 

dynamics of the indexes in the two data sets. During this year several adjacent fields were 
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planted with cotton, thus pixel time series could be extracted with none or low levels of 

crop mixing.  

 
Figure 4.3.Cotton fields from 2009 close to Corcoran in San Joaquin Valley (CA, USA), field 
boundaries and pixels analyzed. Cropland Data Layer for California from the US 
Department of Agriculture (http://datagateway.nrcs.usda.gov). 

 
Figure 4.4.Fields in the AZCAL properties, and overlay of the field boundaries over a 
MODIS scene.  

 

http://datagateway.nrcs.usda.gov/�
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In the 2002 data set the term DOY (Day of Year) refers to the date of agricultural 

treatments and predicted phenological stages, and the MDOY is the date on which the 

pixel was acquired. When comparing to field data, the MDOY chosen was the closest in 

time after the actual treatment date or the predicted phenological stage date. The term 

MD refers to each MODIS 8-day composite; 36 MDs were used in this study, from MD11 

(DOYs 81to 88) to MD46 (DOYs 361 to 365). This term is particularly useful for describing 

the 2009 dataset results, because of the complexity of using the MDOYs in this dataset. 

AS1 and AS2 were computed for each MD (Figure 4.2) with wavelength in 

nanometers and reflectance multiplied by 10,000 (original MODIS Format). Thus AS1 and 

AS2 ranged from 0 to 3.14 radians and NDVI is unitless and can range from -1 to 1; all 

were rounded to two decimals.  

A local Asymmetric Gaussian (AG) function was fitted to the MODIS AS1, AS2 and 

NDVI time series using TIMESAT (Jönsson & Eklundh, 2004). The MODIS quality control 

data were used to identify poor data (i.e. clouds, cloud shadows, aerosols and striping). In 

the TIMESAT procedure striping, pixels with clouds and cloud shadows were assigned 0 

weight and aerosols 0.5. In addition, TIMESAT outliers (i.e. values outside of the median ± 

1std in a 5 date window) were removed. The goodness of the fit was evaluated by the 

adjusted R2. 

The general pattern of the fitted function for each pixel was assessed in terms of 

the presence and number of maxima and minima. The presence of two local maxima or 

minima indicates that the AG fitted function has the shape of a double cycle through the 

growing period. Spectral analysis, and more precisely periodogram analysis, has been 

used to identify and confirm the presence and number of periodic components in a time 

series, (i.e., a pattern that is repeated periodically) (Hamilton, 1994). In this study a 

synthetic time series was constructed merging the functions for each pixel and a 

periodogram analysis was performed. The statistical significance of the presence of 

repetitive patterns was established using Fisher’s Kappa (FK) and the Barlett-Kolgomorov-

Smirnov (BKS) tests (Fuller, 1976). 
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AG function critical points, maxima (Max), minima (Min), and inflection points (IP) 

were identified for all three indexes. These points indicate the dates when a significant 

change in the dynamics of the process represented by NDVI, AS1 or AS2 happened. 

Specifically the IPs represent the dates when the crop rate of change is largest and the 

function shifts from concave to convex, or vice versa. 

The Max, Min, and IPs date (MD) distribution in the 2009 data set, were explored 

by histograms. In cases when more than one IP were identified within a specific temporal 

range the most significant one was selected. 

There has been substantial research reported in the crop literature on uses of 

phenological stage to determine management practices and recommendations in 

decision support system models. The growth stage of cotton is used to initiate many 

agricultural management decisions including dates of herbicide and pesticide 

applications, irrigation scheduling, and harvest. The growth stage can be anticipated by 

monitoring the influence of temperature on vegetation growth, measured in heat-unit 

accumulation (also termed degree-days). In cotton the number of degree-days is 

calculated as the number of days in which the average air temperature is 1°C above the 

base temperature of 15.55 ºC (Hutmacher, 2002). In this study accumulated heat units 

were computed from the date of plant emergence through the end of September to 

estimate the specific growth stages of the cotton. Daily temperature data for 2002 were 

obtained from the California Irrigation Management Information System (CIMIS), 

Stratford Weather station (http://www.cimis.water.ca.gov/cimis). This weather station is 

within 8 km of the cotton fields, within the same orographic zone. Degree-days were 

accumulated for daily mean air temperatures equal to and above 16.6 ºC for 

corresponding MODIS acquisition dates (MDOY). 

The reproductive dynamics of cotton are divided into the following stages: (1) 

seedling emergence to First Square (fruiting bud), (2) First Square to First Bloom, (3) First 

Bloom to Peak Bloom, (4) Peak Bloom to First Open Boll (fruit), and (5) First Open Boll to 

60% Open Bolls. Table 4.2 shows the range in heat units and the number of days needed 

in the San Joaquin Valley for cotton to reach these growth stages (Hutmacher, 2002). The 
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table also shows accumulated heat units for the AZCAL site and predicted timing of 

growth stages. 

Table 4.2. Approximate heat units and number of days from emergence to specific 
growth stage for San Joaquín Valley (SJV) (columns 2 and 3).  Same values calculated for 
the AZCAL farms (Column 4). 
Growth 
Stage 

Heat Units from Emergence 
Range SJV 

Number of days from Emergence 
Range SJV 

Heat Units from Emergence 
AZCAL farm 

First Square 425-500 35-55 500.86 

First Bloom 750-900 60-82 901.32 

Peak Bloom 1350-1500 82-88 1498.44 

First Open Boll 1650-1850 120-130 1852.74 

60% Open Boll 2200-2350 155-165 2341.14 

Since crop evolution is also conditioned by the type of cropping practices and 

dates of application, the cotton crop stages in 2002 were determined by linking local 

climatic data and producer recorded management practices. Table 4.3 shows the 

predicted crop stage dates as well as important management practices and application 

dates for the cotton fields in the AZCAL properties. 
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Table 4.3.Cropping practices and timing from 1st seed bed preparation to tillage in the 
Sheely farms fields 6.1 and 5.2. The DOY is the day of the year of application; the MDOY is 
the day of the year corresponding to the first MODIS scene acquired after the treatment. 
The MD is the MODIS scene index. 

Cropping practice  
and phenophases 

Field 5.2 Field 6.1 

Date DOY MDOY MD Date DOY MDOY MD 

1st seed bed preparation March20th  79 88 11 March04th 63 70 9 

2nd seed bed preparation April 3rd 93 102 13 March18th 77 88 11 

Sowing April 3rd 93 102 13 April 3rd 93 102 13 

Emergence April 17th 107 109 14 April 17th 107 109 14 

First square June 6th 157 166 21 June 6th 157 166 21 

First Bloom June 29th 180 189 24 June 29th 180 189 24 

Peak bloom July 24th 205 214 27 July 24th 205 214 27 

First Open boll Aug 16th 228 230 29 Aug 16th 228 230 29 

Last irrigation August26th 238 246 31 Aug 31st 243 246 31 

60% open boll Sept 26th 269 278 34 Sept 26th 269 278 35 
First Defoliant 
Application Oct 08th 281 282 36 Oct 03rd 276 278 35 

Second Defoliant 
Application Oct 16th 289 294 37 Oct 11th 284 294 37 

Harvest Oct 29th 302 310 39 Oct 26th 299 301 38 

Tillage Nov 12th 316 322 41 Nov 07th 311 317 40 

Phenological stage maps were compiled based on the occurrence date of singular 

points that are coincident with dates of predicted phenological stages or management 

practices.  

The softwares used for the image analysis were ENVI 4.2, Excel, and ARCGIS 9.2. 
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4.3.RESULTS  

AG functions were fitted to 416 NDVI, AS1, and AS2 time series from the 2009 data 

set and to two time series from the 2002 data set. The adjusted R2 between the original 

time series and AG fitted functions were 0.73, 0.80, and 0.90 for AS1, AS2, and NDVI 

respectively. Figure 4.5 shows the average of the 2009 time series and AG functions for 

AS1, AS2, and NDVI. 

 
Figure 4.5.Average AS1, AS2, and NDVI original series and fitted function. The x axis 
shows the MD number. 

Periodogram analysis demonstrated the presence and significance of cycles in the 

2009 fitted functions (i.e., 416 pixels). Table 4.4 shows significant periodogram ordinates 

(P) for AS1, AS2, and NDVI, and the results of the Fisher’s Kappa (Fk) and Barlett’s 

Kolgomoroff-Smirnoff (BKS) white noise tests. The maximum periodogram ordinates for 

NDVI and AS2 were found at period 36 (i.e. the number of MDs in the growing season), 

while the ordinates in the remainder periods were completely insignificant. Conversely, 

the periodogram estimated for AS1 exhibited its maximum ordinate at period 18 (i.e. 

36/2), while ordinates for the remainder periods were insignificant. These ordinates 

explained a great proportion of the total variability of the three indexes. The Fisher’s 

Kappa and Barlett-Kolgomorov-Smirnov tests yielded higher values than their respective 1 

and 5% critical values, rejecting the null hypothesis that the indexes were white noise and 
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that they do not contain any periodic component. These results denote the presence of a 

unique cycle in AS2 and NDVI AG functions and a double cycle in AS1 AG function through 

the growing period until tillage. This test confirmed that the shape of the average 

function in the three indexes (Figure 4.5) is representative of the complete data set. 

Table 4.4. Significant periodogram ordinates (P) of NDVI, AS1 and AS2, and results of the 
Fisher’s Kappa (Fk) and Barlett’s Kolgomoroff-Smirnoff (BKS) white noise tests. 
  Period   White noise tests 
Variable 35 17.5 11.67  Fk BKS 
NDVI 28.66* 3.69 0.01       14.33a 0.89a 
AS1 5.56 17.05* 5.30       8.53a 0.70a 
AS2 23.17* 0.70 0.75  11.59a 0.68a 
        All variables were normalized.*: maximum ordinate. a and b denotes rejection of the null hypothesis: ‘the variable is 

white noise’ at the 1% and 5% significance levels of the Fk test, 8.30 and 6.73, and the BKS test 0.28 and 0.24, 
respectively. 

Ninety-six percent and 98% of the AS2 and NDVI AG functions respectively exhibit 

one absolute maximum (AS2_Max and NDVI_Max). Eighty-two percent of the AS1 AG 

functions had two local minima, AS1_Min1 and AS1_Min2, located between MDs 19 and 

24 and MDs 34 and 39 respectively. Hereafter only these pixels are included in the 

analysis (i.e., 341 for AS1, 397 for AS2, and 406 for NDVI). An additional 5% showed only 

AS1_Min2 within the selected range, these pixels have not been included in the analysis. 

Figures 4.6a, 4.6b, and 4.6c show histograms of the AG function singular points. 

Values are in percentage of the total number of pixels represented by each.  
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Figure 4.6.Histograms of AS1, AS2, and NDVI metrics 

The field information for the cotton crop phenological evolution and management 

practices for fields 5.2 and 6.1 cultivated in the AZCAL farms during summer 2002 (Table 

4.3) were compared to the critical points identified in their respective fitted AG functions 

(i.e. Max, Min and IP) as well as to the 2009 data set. Figures 4.7a and 4.7b show the AG 

functions fitted to AS1, AS2, and NDVI time series from seed bed preparation to the end 

of the year (36 MDs); growth stages and management practices are also annotated. The 

coincidence in time between significant crop dates (i.e. MDOYs and MDs of management 

practices and crop stages) and function critical point dates is shown in Table 4.5. Some of 

the metrics shown in Table 4.5 have been used to map specific phenological stages and 

crop practices in 2009 in the study area (Figures 4.8a, 4.8b, 4.8c, 4.8d, and 4.8e). 
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a) 

 
b)      

Figure 4.7.Original annual profiles and Local AG functions for NDVI, AS1, and AS2 from 
Field 5.2 (a) and 6.1 (b).  The x axis shows the MDOY, that is, the exact DOY when the 
pixel was acquired. However the points are located at equal distances to be according to 
TIMESAT procedure. Phenological stages and management practices are annotated.  
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Table 4.5. Timing of the metrics derived from the local AG function fitted to the NDVI, AS1, and AS2 time series for the fields 5.2, and 6.1. The 
meaning of the acronym can be found in the list of acronyms. *The AS1_Min2 is coincident in time with one MD before harvest. **straight line 
four dates after. *** the MD correspond to the most frequent value in the distribution. 

   Crop structural 
changes  Full cover crop biochemical  

changes  Senescent crop  Bare soil 

Field Index  First Square  First Bloom Peak bloom  First defoliant 
application Harvest*  Tillage 

   Metric (MD;MDOY)  Metric   
(MD;MDOY) Metric (MD;MDOY)  Metric    (MD;MDOY) Metric (MD;MDOY)  Metric 

(MD;MDOY) 
            

5.2 
 

NDVI    NDVI_IP1 
(23;180)   NDVI_IP2 

(35;278)    
           

AS1  AS1_Min1 (21:166)  AS1_IP2 
(24;189)   AS1_IP3 

(36;282) 
AS1_Min2 
(38;301)  AS1_IP4 

(41;322) 
           

AS2          AS2_IP2 
(41;322) 

6.1 

NDVI    NDVI_IP1 
(23;180)   NDVI_IP2  

(34;269**)    

           

AS1  AS1_Min1 (21;166)  AS1_IP2    
(23;180)   AS1_IP3 

(35;278) 
AS1_Min     
(37;294)  AS1_IP4 

(41;322) 
           

AS2          AS2_IP2 
(40;317) 

2009 data 
(***) 

NDVI    NDVI_IP1 
(22)   NDVI_IP2     (36)    

           

AS1  AS1_Min1  
(21)  AS1_IP2 

(24)   AS1_IP3 
(34) 

AS1_Min2 
(36)  AS1_IP4 (39) 

           

AS2  AS2_IP1 
(20)        AS2_IP2 

(38) 
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Figure 4.8.Maps of cotton crop stages: First Square, First Bloom, First defoliant 
application, Harvest, and Tillage  
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4.4.DISCUSSION 

It was possible to model the three indexes by an AG fitting function procedure 

with a good adjustment, in spite of the noise present in the time series; this means that 

no significant information is lost in the fitting procedure.  

NDVI showed the best adjustment, results from AS2 and AS1 also showed high R2 

values (0.8 and 0.73 for AS2 and AS1 respectively). Higher R2 values in NDVI could be 

explained in terms of data quality, because SWIR1 and SWIR2 MODIS bands have a higher 

level of noise than the R and NIR bands. Although data quality flags were applied, noise 

still remained. In addition, the fact that TIMESAT was developed specifically for NDVI 

must result in better adjustment, as shown above. TIMESAT is commonly used to model 

NDVI in natural environments, in this study we show that it also can be applied to model 

crop evolution; however result showed that an absolute maximum could not be located 

using a Gaussian fitting. The AS1 pattern is more variable than the others which makes 

the fitting procedure more complex; in this case three sources of errors were identified: 

(1) when low quality values were coincident with or close to AS1_Min1 or AS1_Min2, so 

they could not be identified; (2) when the significance of AS1_Min1 is low and it is 

completely smoothed by the fitting procedure; (3) when AS1_Min1 decreases or 

increases were too sharp and therefore it was identified as an outlier. 

The shape of the average AG fitted function (Figure 4.5) in NDVI and AS2 showed a 

clear trend which monotonically increased at the beginning of the growing season and 

decreased at the end; however AS2 produced a flatter shape during the middle of the 

growing period, which indicates that during this period it did not detect a change in crop 

condition, while NDVI did. The average AS1 AG function had a completely different trend 

with two local minima at the beginning and at the end of the growing period and high 

values through the middle of the growing season, before emergence, and after tillage. 

These results suggest that AS1 is able to capture a significant amount of temporal crop 

variability through the cropping period. 
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Periodogram and histograms analysis corroborated the consistency of the 

temporal patterns (i.e., the presence of one maximum and one cycle in AS2 and NDVI and 

two minima and two cycles in AS1) and that the average AG functions were 

representative of the whole data set. In general, histograms exhibit the shape of a 

Gaussian distribution with few overlapping dates. Histogram amplitude is explained by 

the variability due to the function fitting procedure together with the temporal variability 

in management practices. AS1 metrics except AS1_IP1 and AS1_Max are the ones with 

lower variation coefficient. 

Figure 4.9a shows the MODIS reflectance profiles since Planting to First Bloom in 

field 5.2. Ninety-nine percent of the pixels showed AS1_Min between May 25th and July 

4th (Figure 4.6). In the 2002 fields AS1_Min1 occurred between June 10th and 17th which is 

concurrent in time with the weather predicted FS stage of June 6th (DOY 157). Due to the 

compositing process the first MODIS scene, in which this stage should be detected with 

certainty, is MDOY 166 (MD 21). This metric denotes a reversing trend in canopy 

reflectance as a response to its growth dynamics. Before FS stage leaf area development 

depends on emergence and expansion rates of pre-fruiting leaves, which unfold much 

slower than fruiting leaves (Reddy & Reddy, 1998). At this moment, pixel reflectance 

results from the combination of soil and crop reflectance. The presence of the crop exerts 

an influence on the SWIR due to plant water absorption, and on the NIR due to scattering 

from the structure. While NIR and SWIR1 reflectance increased at similar rates, SWIR2 

reflectance was prevented from increasing due to the crops water content (because 

reflectance in this wavelength is more sensitive than in SWIR1); this caused AS1 to 

decrease. After FS the rate of leaf unfolding and expansion is at its greatest resulting in an 

abrupt increase of LAI, NIR reflectance, and AS1. (Ko et al., 2006) found that the largest 

increase in NIR reflectance in cotton was after DOY 170, in agreement with our results 

(the AS1 minimum occurs at MDOY 166). 

During this period an inflection point occurs in AS2 (AS2_ IP1) that is close in time 

to AS1_Min, indicating that the AS1 change in trend direction is correlated with rapid 
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growth in AS2. In the 2009 dataset 93% of the pixels showed AS2_IP1 between June 10th 

and 17th (Figure 4.6), but the average is located one MD earlier than AS1_Min1. 

Eighty-four percent of the pixels showed AS1_IP2 between June 18th and July 19th 

with the average located between June 27th and July 3rd (Figure 4.6). In the 2002 field 

data FB is estimated to have been at this time in both fields. The high rate of AS1 change 

could indicate the transition from increasing canopy cover to biochemical evolution at the 

time of full canopy cover (Table 4.5). The NDVI function also shows an IP during this 

period, but its timing is stretched between the AS1_Min1 and AS1_IP2. 

Figure 4.9b, shows the evolution of the MODIS spectral profiles for Field 5.2 from 

PB to the second defoliant application. The DOY and values of AS1 and AS2 are also 

annotated.  

Maximum index values appear during the middle of the season, when reflectance 

is highest and variability is minimal, although an absolute maximum could not be 

identified clearly in any of the three AG fitted index functions. During this period 

variability in index values must be mostly related to secondary changes in canopy 

chemistry such as aging leaves and flowering with nutrient translocation from leaves to 

reproductive structures (Ritchie et al., 2004). With full green cover high NIR scattering 

together with strong SWIR 2 absorption, results in indexes with high values. 

AS1_IP3 occurs between September 14th and October 15th in 92% of the series, 

and in 93% of the NDVI series NDVI_IP2 is located between September 6th and October 

23rd (Figure 4.6). Field data show that AS1_IP3 appears just after first defoliant application 

in both fields while NDVI_IP2 is located one MD earlier. This moment approximate the 

time to 60% open boll. It seems that the greatest AS1 decreasing rate is denoting the 

cessation of irrigation in preparation for harvest together with defoliant application. This 

pattern agrees with (Khanna et al., 2007) who showed, using radiative transfer model, 

that SWIR1 decreased when equivalent water thickness increased.  

Figure 4.9c, shows the evolution of the MODIS spectral profiles for Field 5.2 from 

the MD after second defoliant application to the MD after tillage. 
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AS1_Min2 occurs between September 30th and October 31st in 90% of pixels 

(Figure 4.6). In the field data, this metric occurred in both cases just before harvest. This 

may indicate that this agricultural practice was accomplished within the time period 

between the MD corresponding to AS1_Min2 and the next one. At this time, NPV 

dominates the pixel because the plant has completely dried, exposing the open bolls of 

white cotton lint to optical measurements. Thus, AS1 values are low because of the 

significant decrease of NIR scattering, a consequence of the collapse of the cell structure, 

together with a smaller increase of the SWIR due to the reduction of water content. After 

harvest the increase in AS1 reflectance is probably due to the high levels of disturbance 

causing the soil to become partly exposed to optical measurements.  

AS1_IP4 occurs between October 16th and November 24th in 94% of the pixels. 

Field data show that AS1_IP4 corresponds to the first MODIS composite after primary 

tillage. This indicates a drastic change in the dynamics of the index (i.e., it transitions from 

a strongly increasing trend to a slow growth) that is probably due to the dominance of soil 

in the pixel when plant residue is turned underneath the soil surface with primary tillage. 

While the series from 2002 show AS2_IP2 concurrent in time with AS1_IP4, AS2_IP2 

histogram is wider than AS1_IP4 histogram, and the average position is closer to 

AS1_Min2. 
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a)  

b)  

    
c) 

Figure 4.9.MODIS seven band reflectance at several crop stages from field 5.2. From 
emergence to FB (a), from PB to second defoliant application (b), and from the date after 
second defoliant application to the date after tillage (c).  

The phenophases and practices detected by the metrics used are shown in Table 

4.5, among them, the metrics with better agreement to field observations and lower 

variation coefficient have been used to map these phenological stages in cotton. Figures 

4.8a, 4.8b, 4.8c, 4.8d, and 4.8e show maps for FS (AS1_Min1), FB (AS1_IP2), defoliant 

application/60% open boll (AS1_IP3), harvest (AS1_Min2), and tillage (AS1_IP4). White 

pixels in the maps are those in which AS1 functions were not adjusted correctly. 
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Maps show a coherent spatial distribution with adjacent pixels having the same 

MD or a difference of one MD. Due to the compositing procedure a one MD difference 

could range from 1 to 16 days. Maps of early growth stages (i.e., FS and FB) show 

differences in crop progression among groups of pixels corresponding to different zones 

within the study area. In both cases, the cotton crop is more advanced in the south east 

and central fields, while in areas to the east, west and north the crop is delayed. The 

effect of defoliant application is first shown by AS1_IP3; in this case, again the south east 

fields show it occurring during the last week of September, while in the rest of the area it 

extends until the first week of October; in the northern fields it is found more often 

during the first week of October. Harvest seems to be completed later (i.e., end of 

October) in the west than in the other fields. Tillage maps show higher spatial variability 

in the central fields, but in this case only the west fields show a clearly consistent delay, 

with tillage completed in the first 15 days of November. 

Results show that the metrics found in the three indexes are consistent between 

each other. AS1 links the VIS/NIR and SWIR2 spectral regions which are responding to 

different biophysical processes. The combination of these different responses results in a 

drastic change in its dynamics and the presence of two minima. The information content 

of AS2 relies on the high values at the time when vegetation is dominant, either 

photosynthetically active or dry, and on low values when soil dominates the pixel. 

Although these differences are not large, they are highly consistent, which could make 

this index a robust estimator of NPV or soil in a temporal framework. Thus, the potential 

of AS1 and AS2 to discriminate among phenophases combined with the capability of NDVI 

to estimate biophysical parameters, such as FPAR and LAI, would allow assessing 

phenological phases and processes more accurately.  
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4.5.CONCLUSIONS 

This study has shown that the SWIR contains important information in the 

temporal domain for monitoring the land surface and phenological patterns during 

periods when photosynthetic activity is not dominant. Specifically the reflectance at 1230 

nm (SWIR1) was shown to be a key observation for agricultural studies that can be 

extended to other environmental studies, because it links the dynamics of the NIR and 

SWIR2 regions. 

Results show that AS2 and AS1 summarize significant agriculturally important 

spectral information, which has been also shown by other authors for vegetation 

generally (Khana et al. 2007). In this case AS1 and AS2 show a coherent progression 

during the growing period that is consistent with the phenological stages of cotton. 

The usefulness of function fitting procedures to model AS1 and AS2 has been 

shown, which here accurately represents the progression of crop development and that it 

can be used to derive phenological metrics from RS time series. This indicates that this 

new approach can be used to monitor cotton crop development with sufficient detail to 

make key management decisions on irrigation and harvest. 

Further research is needed to fully assess the behavior of these indexes in other 

land cover types with different dynamics and their response to external factors. 

Specific results found in this study are the following: 

(1) The presence of one maximum in AS2 function and two minima in AS1 in the 

cotton crop was quantitatively demonstrated. 

(2) An asymmetric Gaussian function was used to model the time series of the 

three indexes with accuracy.  

(3) Phenological metrics derived from the fitted Gaussian function by TIMESAT 

accurately represent significant transition dates in the cotton crop; this information 

provides a basis to allow accurate monitoring of phenophases and cropping practices.  
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5. ASSESSMENT OF FOREST FIRE SEASONALITY USING MODIS FIRE POTENTIAL: A TIME 

SERIES APPROACH 

5.1.INTRODUCTION 

Forest fires, as a natural disturbance element, are an essential component to the 

functioning of many ecosystems. The last few decades, however, have brought a 

significant increase in wildfire activity in many areas of the world (Piñol et al., 1998, 

Pausas, 2004, Pierce & Meyer, 2008). This results in an unbalance of fire pressure and 

ecosystem recovery which leads to landscape fragmentation and degradation triggering. 

Moreover, forest fires are a major source of carbon dioxide emissions, with a substantial 

effect on the global carbon budget (Spracklen et al., 2007).  

The primary causes of increased fire activity are the rise in temperatures over the 

last few decades and direct human-induced changes in land use and fire suppression, 

with the concomitant effect on vegetation patterns (Running, 2006). The abandonment of 

farmland and the forest as a source of wood in conjunction with fire suppression have 

resulted in large amounts of accumulated biomass and in a change of fuel characteristics 

with an increase of horizontal and vertical continuity. 

Fire regime is a concept used to classify fires in terms of occurrence and 

characteristics. Sugihara et al., (2006) describes fire regimes using three groups of 

attributes of fire patterns grouped into temporal (seasonality and fire return interval), 

spatial (size and spatial complexity) and magnitude (intensity, severity and type) 

variables. 

While specific fires are caused by different reasons general fire regimes are 

primarily climate-driven (Westerling et al., 2006, Taylor et al., 2008). Paleoclimatic studies 

have shown that periods of maximum number of fires concurred with drought periods 

(Clark, 1988), and that increases in fire activity are a direct response to a change in 

climate. In the long term climate affects fire regime because similar climatic conditions 

determine similar characteristics of soil and fuel amount and distribution, and 

consequently, similar forest fire behaviour (Velez, 2000, Pyne et al., 1996). In the short 
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term variation in moisture, rising temperatures, and the frequency and length of drought, 

have a direct effect on vegetation growth and moisture status (Morgan et al., 2008). 

Among other factors, the amount of fine dead fuel is closely related to fire occurrence 

(Pedrosa et al., 2006) because high moisture content increases the heat needed for 

ignition (Pyne et al., 1996).  

Current climate change projections for the Iberian Peninsula, predict an increase 

in temperature mainly in summers, longer and more intense droughts, and slightly wetter 

winters. Thus, most studies and modelling efforts forecast a significant increase in the 

number and intensity of fires in most of the climatic change scenarios (Fried et al., 2004). 

Nonetheless, vulnerability to changes in fire regimes is expected to be different among 

ecosystems. Sherriff & Veblen, (2008) reported that the climatic influence on fire regimes 

varies from one elevation zone to another within a ponderosa pine region. Westerling & 

Bryant, (2008) showed that climate change scenarios that favour hot and dry extremes 

may produce opposite results in moisture limited vs. energy limited fire regimes.  

While both changing climate and fire exclusion policies are increasing fire activity, 

quantifying which factor has the stronger influence is fraught with complexity (Running, 

2006). Some insight can be gained, however, from a quantitative analysis of alterations in 

fire regimes. This is no simple matter either, because fire regime is a multi-faceted 

variable (Whelan, 1995) whose variations are expected to appear gradually and slight 

changes will have to be identified. 

Seasonality is a description of when fires occur during the year (Sugihara et al., 

2006). This component of fire regime plays a crucial role in the impact that fire has on the 

ecosystem structure and function, by affecting and modifying phenological patterns and 

species composition (Flannigan et al., 2000). Furthermore, seasonality is the sole 

component of fire regime in which climate has a greater impact than human activities, 

and is directly affected by climate change. Subtle changes in the fire season can only be 

accurately assessed if tools geared to quantitative analysis can be developed (Pyne et al., 

1996). 
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Most studies characterize forest fires temporal patterns, using time series of 

historical data on forest fire occurrence (Lee et al., 2006, Taylor et al., 2008) and amount 

of area burned on different time scales (Clark, 1988, Riano et al., 2007, Pereira et al., 

2005). Sociological factors have been shown to have a significant influence on fire 

occurrence in many regions. Bartlein et al., (2008), for instance, found a clear annual cycle 

for fires caused by lightning, whereas fires due to other causes exhibited no such clear 

pattern. This is common in the Mediterranean areas where forest fire occurrence is not 

easily forecasted because of the influence of human activity (Roder et al., 2008). 

However, since as a general rule high fire risk periods are shown to concur with the fire 

season, assessing the susceptibility of vegetation to ignition would provide realistic 

information from which to identify that season. One suitable approach to characterize fire 

season might, then, be the use of fire potential indexes. Designed to quantitatively 

estimate fire potential, these indexes usually integrate a suite of variables that 

encompass the main factors involved in the initiation and spread of forest fires. Such 

variables, that are related to fuel (i.e. characteristics and amount) and weather 

conditions, are more predictable than sociological factors.  

Meteorological indexes take into account weather conditions, and their influence 

on fine dead fuel (Viegas et al., 2001, Aguado et al., 2003) whose moisture content is 

almost in equilibrium with atmospheric moisture. Conversely, they do not evaluate the 

life vegetation status which plays an important role in the spread of fire. The Fire 

Potential Index (FPI) (Burgan et al., 1998), designed to estimate the susceptibility of 

vegetation to ignition, integrates meteorological factors (i.e. temperature and relative 

humidity), land use variables (fuel maps), and live vegetation status (i.e. Avanced Very 

High Resolution Radiometer (AVHRR) NDVI time series). FPI has been successfully 

validated in California and Nevada (Burgan et al., 1998), four Mediterranean countries 

(Sebastián-López et al., 2002) and Kalimantan Island, Indonesia (Sudiana et al., 2003). 

Moreover, FPI based on VARI index (Visible Atmospherically Resistant Index), computed 

by (Schneider et al., 2008) exhibited a good relationship to fire occurrence in southern 

California.  
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Time series analysis (TSA) (Box et al., 1994, Hamilton, 1994) is a useful tool for 

identifying, modelling and forecasting the dynamics (trends, cycles, periodicities) of 

variables observed sequentially over time. This statistical technique has proven to be 

useful for analyzing forest fire occurrences and burned area dynamics (Telesca et al., 

2005, Armstrong, 1999, Telesca & Lasaponara, 2006, Lee et al., 2006). More specifically 

Stow et al., (2005) used regression analysis to compare three MODIS-derived normalized 

difference indices to monitor fuel moisture content for fire potential assessment, while 

Carmona-Moreno et al., (2005) employed periodogram analysis to verify a predominant 

annual burning cycle in the global fire calendar. The analysis of dynamic relationships 

among variables is of particular interest to time series researchers in many scientific 

domains. The Granger causality test (Granger, 1969, Geweke, 1984) represents an 

efficient approach to investigate this type of relationships in environmental sciences 

(Kaufmann & Stern, 1997, Kaufmann et al., 2004, D’arraigo et al., 2004). 

The present paper proposes a time series analysis approach to assess and model 

the fire season in two ecoregions based on fire potential behaviour, as explained by a 

modified FPI. Rather than AVHRR composites, the data use were provided by the 

Moderate Resolution Imaging Spectroradiometer (MODIS) whose spatial and spectral 

resolution is better suited to this purpose. In particular, the availability of the Short Wave 

Infrared Range (SWIR) in MODIS data allows estimating moisture-related indices such as 

the Normalized Difference Water Index (NDWI, (Gao, 1996)). This index has proven to 

bear a good relationship with vegetation water content (Ceccato et al., 2001, Zarco-

Tejada, 2003, Maki et al., 2004, Verbesselt et al., 2007), an essential parameter for 

estimating susceptibility to the spread of fire. Thus, we propose to test NDWI to 

substitute NDVI in FPI. The specific objectives of this work are:  

(1) To assess the ability of the fire potential index time series to estimate fire 

seasonality in two ecoregions on the Iberian Peninsula in the period 2001-2005. 

(2) To test the potential of TSA to characterize fire seasonality differences 

between ecoregions based on the characteristics of the periodic components. 
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(3) To test the potential of TSA to quantify slight differences in seasonality 

estimation when using FPINDVI versus FPINDWI time series. 

(4) To develop empirical models to describe and estimate fire season dynamics 

identified in the previous stages. 

5.2.STUDY AREA AND DATA 

The general characteristics of the study area (Navarre), have been explained in 

chapter 3 (Figure 5.1).  

Study area 

 
Figure 5.1.Site map of the study area. 

Daily maximum temperature and minimum relative humidity were obtained from 

thirty four weather stations distributed across the area of study. Eight-day averages for 

these two variables were calculated to harmonize the climatic data and MODIS 

frequencies and preclude the appearance of anomalous values. 

Climatic data and fuel types map  

Maximum temperature and minimum relative humidity data were interpolated to 

work with spatially continuous climatic information. Universal kriging was the procedure 

used for temperature (Benavides et al., 2007) with elevation as auxiliary variable using 

the ordinary least square residuals for the variogram fitting (Cressie, 1993), while linear 

regression was applied in the case of relative humidity with latitude, temperature and 

elevation as independent variables. The applicability of such relatively simple 
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interpolation methods contributed to index functionality; nonetheless, this approach was 

expected to be more accurate than the one used by Burgan (inverse distance weight). 

The map of fuel types was furnished by the Ministry of Agriculture, Food and 

Environment (http://www.magrama.gob.es/es/). The map (scale, 1:200,000) is composed 

by the 13 BEHAVE model fuel types (Burgan & Rothermel, 1984) adapted to the Iberian 

Peninsula. All the fuel types except 11, 12 and 13 are present in the study region. Each 

fuel type has associated an extinction moisture value used to compute the fuel moisture 

content (FMC) component of FPI. 

The study period covered from January 2001 to December 2005, the time series 

consisted in two hundred and thirty 8-day composite MODIS surface-reflectance products 

(MODA09). The MODIS reprojection tool was used to re-project the mosaic to UTM zone 

30. 

Remote sensing information 

The NDVI (Normalized Difference Vegetation Index; (Rouse et al., 1974)) and the 

NDWI (Normalized Difference Water Index; (Gao, 1996)) were computed for each date 

and a time series was compiled for each index.  

Forest fire statistics, used to compare FPI with fire occurrence, were provided by 

the Government of Navarra Autonomic Community through the “Sistema de Información 

Territorial de Navarra (SITNA)”. Information used includes fire date and township where 

the fire happened for the period 2002-2004. The townships straddling two regions were 

excluded to avoid data repetition.  

Forest fire statistics 
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5.3.METHODOLOGY 

The fire potential index, FPI, estimates the susceptibility of vegetation to ignition 

on a scale of 0 to 100, but takes no account of the likelihood of the existence of a source 

of ignition. 

Model definition 

The model inputs are: extinction moisture from fuel type map, ten-hour time lag 

dead fuel moisture values and percentage of vegetation cover. The model output is a 

regional forest fire potential index with a spatial resolution of 500 meters, updated every 

eight days. In the present paper, two indexes are defined, the FPINDVI and FPINDWI (i.e. the 

fire potential index based on the NDVI and on the NDWI, respectively). Both were 

estimated for the Mediterranean (M) and Temperate (T) ecoregions (the suffixes M and T 

on the acronyms indicate the origin of the data).  

The FPI was defined by (Burgan et al., 1998) as follows: 

( ) ( )VCFMCFPI −×−×= 11100                                                                            (5.1) 

FMC is the ratio between ten-hour-time lag dead fine fuel moisture, (FMC10HR 

(%) (Fosberg & Deeming, 1971) and the extinction moisture (H.EXT (%)). VC is the 

percentage of vegetation cover (0-1), which depends on the maximum percentage of live 

vegetation, VCMAX, and the relative greenness, RG. These variables are defined in 

Equations 5.2 to 5.10.  

Dead fine fuel is composed by small branches with a diameter of 0.6 to 2.5 cm 

(Anderson, 1985). Dead fine fuel moisture tends toward equilibrium with atmospheric 

moisture which changes continuously. The humidity of the fine and dead fuel is calculated 

according to equation 5.2. 

EMCHRFMC ×= 28.110                                                                                       (5.2) 

where EMC (%) is the equilibrium moisture content. 
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Equilibrium moisture is unique for each temperature/relative humidity 

combination. The algorithms used were developed by (Fosberg & Deeming, 1971) (Eqns. 

5.3, 5.4, and 5.5): 

THEMC ×−×+= 014784.0160107.022749.2         if 10% ≤ H ≤ 50%                      (5.3) 

HTHHEMC ×−××−×+= 483199.000035.0005565.00606.21 2
    if H ≥ 50%  (5.4) 

THHEMC ××−×+= 000578.0281073.003229.0                     if H ≤ 10%               (5.5) 

where H (%) is the relative humidity and T (ºC) the air temperature (Fosberg & 

Deeming, 1971). 

Dead fuel moisture is limited by the extinction moisture, which is defined to be the 

dead fuel moisture at which a fire will not spread (Rothermel, 1972). This variable is 

constant for each fuel type. This variable was derived from the map of fuel types 

furnished by Spanish Ministry of Agriculture, Food and Environment.  

The live vegetation content, VC, is defined as follows: 

RGVCVC MAX ×=                                                                                                     (5.6) 

where VCMAX is the maximum percentage of live vegetation in each pixel during 

the study period, and RG is the relative greenness (Burgan & Hartford, 1993). 

The VCMAX is calculated for each pixel from the vegetation index used (NDVI or 

NDWI) as follows:  











×+=
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MAX
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50.025.0
                                                              (5.7) 
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where NDVIMAX and NDWIMAX are the maximum NDVI and NDWI in a given location 

during the study period; and NDVIABS_MAX and NDWIABS_ MAX  are the absolute maximum 

NDVI and NDWI values for all locations in the study area during such period. 

The VCMAX ranges from 0.25 to 0.75 based on the maximum and minimum values 

used for this variable by NFDRS (National Fire danger Rating System). 

The Relative greenness (RGNDVI and RGNDWI) (Burgan & Hartford, 1993) is a proxy 

for moisture and the percentage the live vegetation cover. This variable is defined as 

follows: 

MIN
NDVI

MAX MIN

NDVI NDVI
RG

NDVI NDVI
 −

=  −                                                                     (5.9) 

MIN
NDWI

MAX MIN

NDWI NDWI
RG

NDWI NDWI
 −

=  −                                                                (5.10) 

where NDVIMAX (or NDWIMAX) and NDVIMIN (or NDWIMIN) are, respectively, the 

maximum and minimum value of NDVI (or NDWI) for a pixel in any given time interval 

during the study period. 

Time series analysis (Box et al., 1994) was used to quantitatively assess the fire 

potential index (FPI) behaviour over time at each ecoregion. The FPI dynamics was 

analyzed with Buys-Ballot tables (Buys-Ballot, 1847). The dynamic relationships between 

the number of fires (NFIRES) and the FPI’S during period 2002-04 in the Mediterranean 

and Temperate regions were investigated by means of Granger causality tests (Granger, 

1969) using the alternative tests introduced by Geweke, (1984). According to Granger, 

(1969) “… Yt is causing Xt (Yt →Xt) if we are better able to predict Xt using all available 

information than if the information apart from Yt had been used”. In the test two 

dynamic regressions are used to explain NFIRES, one of them containing the sum of 

several lags of NFIRES and the other containing in addition the sum of several lags of FPI. 

Time series analysis 
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The residual sum of squares of these two regressions is used to calculate the statistics for 

the test. The null hypothesis (H0) for test is: ‘past values (at different lags) of FPINDWI or 

FPINDVI cannot help to predict NFIRES in the corresponding region’. The statistic for the 

test is an F-statistic for the joint hypothesis that all coefficients on the lagged values of 

FPINDWI or FPINDVI are zero.  

The presence of periodic components in the FPI was detected by means of 

periodogram analysis (Hamilton, 1994). Specifically, the Fisher’s Kappa (Fk) and Barlett’s 

Kolgomoroff-Smirnoff (BKS) statistics (Fuller, 1976) were used to test whether the indices 

contained a significant periodicity or they were a sequence of independent random 

variables with zero mean and variance σ2 (i.e. white noise). Fire potential index dynamics 

was investigated by means of autoregressive models (Box et al., 1994). The periodogram 

and the autocorrelation functions of each index were analyzed to find the order of lag to 

be included in the autoregressions. The Standard AIC and SBC selection criteria (Hamilton, 

1994) were applied in each case to choose the most suitable model. Model adequacy was 

evaluated by means of the Ljung-Box Q statistic (Ljung & Box, 1978). The simulation 

accuracy of the selected models was assessed via ex post static simulation of each FPI in 

both regions, using the Theil, (1971) inequality coefficient U. A more accurate assessment 

may be obtained from the analysis of coefficient U proportions, bias, variance and 

covariance (UB, UV, and UC, respectively).  
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5.4.RESULTS  

The average FPI time series were calculated for each ecoregion for the period 

running from January 2001 to December 2005 (Figure 5.2).  

FPI dynamics  

 
a) 

 
b) 

Figure 5.2.FPINDVI and FPINDWI time series during period 2001-05: (a) Mediterranean 
region (FPINDWIM: , FPINDVIM: ), (b) Temperate region (FPINDWIT: , FPINDVIT: 

). 

In general terms, the temperate ecosystems present higher forest fire potential 

than the Mediterranean ecosystems except in summer. In the Mediterranean region, 

FPINDVIM and FPINDWIM values (Figure 5.2a) were found to be highest for June-August and 

lowest for November-February. FPINDVIT and FPINDWIT time series (Figure 5.2b) for the 

temperate ecoregion show two maxima in March and August.  

FPI intra-annual dynamics were analyzed by means of Buys-Ballot tables (i.e. 5 

year average for each eight-day composite). These averages were normalized to facilitate 

the comparison between FPINDVI and FPINDWI for each region (Figure 5.3). 
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a)                                                                                 b) 

Figure 5.3.FPI normalized five year average (2001-2005) for each eight-day composite: (a) 
FPINDVIT: ; FPINDVIM: ; (b) FPINDWIT: ; FPINDWIM: . 

In the Mediterranean region, the values of both FPINDWIM and FPINDVIM show an 

annual cycle rising from winter to summer, peaking during July-August, and declining 

from fall to winter (Figure 5.3). The high fire potential lasted (period when FPI was higher 

than the annual mean) from May through September. While the overall pattern was 

similar in the two indexes, the range of variation (difference between the maximum and 

minimum values higher than the annual mean) was larger in FPINDWIM than FPINDVIM 

(13.99 vs. 11.95). 

In the Temperate ecosystems (Figure 5.3), FPINDWIT showed two high fire potential 

periods that lasted from March to April and from June-November. FPINDVIT showed high 

potential from March to April and June through September. In both cases maximum 

values happened in March and August. The range of variation in spring and fall was higher 

in FPINDWIT (7.9 and 9.29) than in FPINDVIT (3.41 and 5.23), suggesting that the double cycle 

was more evident in FPINDWIT.  
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The monthly evolution of the FPI´s and the number of forest fires (NFIRES) during 

period 2002-04 is shown in figure 5.4.  

Dynamic relationships between fire potential index and fire occurrence for the period  

2002-2004 

 
a)                                                                                 b) 

Figure 5.4.Plots of the number of forest fires (NFIRES:  ) and the FPIs estimated using 
eight-day MODIS data during period 2002–04 and their periodogram: (a) Mediterranean 
region (FPINDWIM:  , and FPINDVIM: ); (b) Temperate region (FPINDWIT:  , and 
FPINDVIT:  ). 

Fire occurrence (NFIRESM) and both FPINDVIM, FPINDWIM in the Mediterranean 

region exhibited a uni-modal pattern characterised by maximum number in summer (Jun-

August). The number forest fires in the temperate region (NFIREST) exhibited a bi-modal 

evolution (Figure 5.4.b), with two narrow and irregular cycles per year, whose maxima 

occurred in spring (February or March) and summer (August). The FPINDWIT also exhibited 

a bi-modal evolution, with maximum values in spring (March) and late summer (August or 

September, October). The FPINDVIT does not exhibit such a clear double cycle during these 

three years (Figure 5.4.b).  

Results from the Granger causality tests show that in the Mediterranean region, 

the null hypothesis (H0) can be rejected for lags 1 through 19 for FPINDVIM and lags 1 

through 21 for FPINDWIM (Table 5.1) which means that both FPINDVIM and FPINDWIM can 

improve the prediction of NFIRESM. On the other hand the null hypothesis (H0) cannot be 

rejected for lags 20 through 45 for FPINDVIM and lags 22 through 45 for FPINDWIM. In the 

Temperate region the null hypothesis (H0) cannot be rejected for FPINDVIT at any lag length 
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meaning that FPINDVIT cannot help to predict NFIRESAT (Table 5.1). On the contrary the 

null hypothesis (H0) can be rejected for lags 10 and 15 through 20 for FPINDWIAT, indicating 

that at these horizons this variable can help in the explanation and prediction of NFIREST.  

Table 5.1.Results of the tests of Granger causality from FPINDWI and FPINDVI to NFIRES in 
the Mediterranean and Temperate regions. 
Dynamic relationship K 

1 3 5 7 11 15 19 21 

FPINDWIM→NFIRESM 

35.90 
(0.00) 

8.38 
(0.00) 

4.79 
(0.00) 

3.89 
(0.00) 

3.81 
(0.00) 

2.85 
(0.00) 

1.88 
(0.03) 

1.75 
(0.04) 

k 
23 25 30 33 37 41 44 45 
1.52 
(0.10) 

1.50 
(0.10) 

1.12 
(0.36) 

1.22 
(0.28) 

1.04 
(0.46) 

0.66 
(0.85) 

2.12 
(0.21) 

1.60 
(0.46) 

 
k 
1 3 5 7 11 15 19 21 

FPINDVIM→NFIRESM 

32.65 
(0.00) 

7.13 
(0.00) 

4.10 
(0.00) 

3.51 
(0.00) 

3.55 
(0.00) 

2.57 
(0.00) 

1.76 
(0.04) 

1.55 
(0.09) 

k 
23 25 30 33 37 41 44 45 
1.35 
(0.17) 

1.34 
(0.17) 

0.97 
(0.53) 

0.98 
(0.53) 

0.87 
(0.65) 

0.61 
(0.89) 

2.15 
(0.20) 

2.45 
(0.33) 

 
k 
1 3 5 7 10 15 17 19 

FPINDWIT→NFIRESAT 

0.78 
(038) 

1.28 
(0.28) 

1.27 
(0.28) 

1.72 
(0.11) 

2.09 
(0.03) 

1.87 
(0.04) 

1.84 
(0.04) 

1.90 
(0.03) 

k 
20 21 23 30 35 41 44 45 
1.77 
(0.04) 

1.60 
(0.07) 

1.34 
(0.18) 

1.16 
(0.32) 

0.93 
(0.59) 

0.57 
(0.92) 

0.71 
(0.76) 

5.28 
(0.17) 

 
k 
1 3 5 7 11 15 19 21 

FPINDVIT→NFIRESAT  

0.10 
(0.75) 

0.01 
(0.99) 

0.11 
(0.99) 

0.23 
(0.98) 

0.72 
(0.72) 

0.82 
(0.66) 

0.86 
(0.64) 

0.77 
(0.74) 

k 
23 25 30 33 37 41 44 45 
0.77 
(0.75) 

0.74 
(0.80) 

0.83 
(0.71) 

1.18 
(0.31) 

1.28 
(0.26) 

1.40 
(0.25) 

1.09 
(0.52) 

3.43 
(0.25) 

k: number of lags included in the test regression. 1st row: result of the Granger causality test; 2nd row, between 
parentheses: P-value of the null hypothesis: i.e. “past values of FPINDWI (or FPINDVI) cannot help the explanation and 
prediction of NFIRES in the corresponding region”. 
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The FPINDWIM and FPINDVIM periodograms for the Mediterranean region showed a 

peak at period 46 (Figure 5.5.a). This period is associated with a fundamental frequency 

of 2π/46 (i.e. 1 cycle in 46 8-day composites). There is a secondary peak observed at 

period 23 that is the 1st harmonic of the fundamental frequency. The differences 

between the FPINDWIM and FPINDVIM periodogram ordinates at period 46 (Figure 5.5a) 

disappeared when the data were normalized (Table 5.2), indicating that the variance 

explained by the two indexes is equivalent. The variance associated with the periodic 

component represents the 73% of the total FPINDWIM and FPINDVIM variance (see ΣP, Table 

5.2).  

Spectral analysis of the FPI time series  

Fisher’s kappa (Fk) and Barlett’s Kolgomoroff-Smirnoff (BKS) white noise tests for 

FPINDWIM and FPINDVIM (Table 5.3) yielded values greater than the respective critical 

values, indicating that their periodic components (i.e. the annual cycle) were highly 

significant.  

In the temperate ecoregion, FPINDWIT and FPINDVIT periodograms (Figure 5.5b) 

exhibited a major peak at period 46 (i.e. fundamental frequency 2π/46 corresponding to 

the yearly vegetation cycle) and a minor peak at period 23 (i.e. the 1st harmonic of the 

fundamental frequency). In the periodograms for the raw data, the ordinate at period 46 

was significantly higher in the FPINDWIT than in the FPINDVIT (Figure 5.5b). This difference 

was still significant for the normalized data (60.35 vs. 30.60, Table 5.2). The variance 

associated with period 46 accounted for 26% of the total FPINDWIT variance and the 13% of 

the total FPINDVIT variance (Table 5.2).  

The Fk and BKS white noise tests for FPINDWIT and FPINDVIT yielded values greater 

than the respective critical values (Table 5.3), evidencing the significance of the periodic 

component at period 46. Both tests yielded higher values for FPINDWIT than for FPINDVIT 

which corroborated the greater significance of the periodic component in FPINDWIT. 

Significant proportions of the FPINDWIT and FPINDVIT variance, 6% and 3% 

respectively, were associated with period 19.17, and its harmonics, 38.33 and 57.50 
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(Table 5.2). Such results suggest the presence of a secondary periodic component at 

period 19.17 corresponding with an intra-annual cycle within the general inter-annual 

cycle. Fk and BKS in this case were not significant because this secondary cycle is strongly 

masked by the inter-annual cycle. 

 
a)                                                                                   b)     

Figure 5.5.Eight-day FPI periodograms: (a) Mediterranean region: FPINDWIM: , 
FPINDVIM: ; (b) Temperate region: FPINDWIT: , FPINDVIT: . 

Table 5.2. Significant FPI periodogram ordinates (P) in the Mediterranean (M) and 
Temperate (T) ecoregion in the period 2001-05. 
   Period   
Bioclimatic Region Variable 46 23 19.17 ΣP 

Mediterranean FPINDVIM 167.18 24.36 - 228.75 
FPINDWIM 167.22 22.78 - 228.83 

Temperate FPINDVIT 30.60 20.04 2.37 228.02 
FPINDWIT 60.35 21.76 3.69 228.50 

ΣP: Sum of all periodogram ordinates. All variables were normalized. 

Table 5.3. Fisher’s Kappa (Fk) and Barlett’s Kolgomoroff-Smirnoff (BKS) white noise test 
results for FPINDVI and FPINDWI in the Mediterranean and Temperate ecoregions. 
  White noise test 
Bioclimatic region Variable Fk BKS 

Mediterranean 
FPINDVIM 83.32 0.78 
FPINDWIM 83.31 0.78 

Temperate 
FPINDVIT 15.30 0.30 
FPINDWIT 30.11 0.40 

The critical values for the Fk and BKS tests at the 1% and 5% significance levels were 7.505 and 9.019, and 0.153 and 
0.127, respectively.  
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FPI dynamics can be adequately represented by an autoregressive model that 

includes both short-term (i.e. previous intra-annual periods) and long-term (i.e. one year 

ago) information (Eqn. 5.11): 

Dynamic modelling of the FPI time series 

t

s

i
it

j
it FPIFPI j εβα ++= ∑

=
−

1                                                                               (5.11) 

where αj is the intercept term (j = 1 or 2, 3, and 4, if the dependent variable is, 

respectively, FPINDWIM, FPINDVIM, FPINDWIT or FPINDVIT); βji are the autoregression 

coefficients for the respective FPIs (i = 1, 2, … s = 46); and εt is the uncorrelated residual 

term.  

The same autoregression model was selected for both FPIs in the Mediterranean 

ecoregion, while in the temperate region two different autoregressions with several 

common terms were selected. The estimates are given in Table 5.4. The presence of 

trends in the original series has been rejected for all the FPIs by means of Dickey-Fuller 

(Dickey & Fuller, 1979) unit root tests. 
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Table 5.4. Estimated equations for FPINDWIM, FPINDVIM, FPINDWIT and FPINDVIT. 
    Model diagnostic 

check Dependent 
variable (j) Int. lags (t-i)  

  t-1 t-2 t-3 t-18 t-20  t-42 t-45 t-46  F QLB(23) QLB(46) 
               

FPINDWIM 
-0.15 0.36  0.19     0.46   290.5 21.4 48.8 
(-0.25) (6.24)  (3.74)     (9.25)   (0.00) (0.56) (0.36) 

               

FPINDVIM 
-0.09 0.32  0.20     0.49   317.6 29.1 53.8 
(-0.20) (5.50)  (4.12)     (10.19)   (0.00) (0.18) (0.20) 

               

FPINDWIT 
12.55 0.44   -0.15     0.20  31.3 11.4 40.9 
(4.41) (6.65)   (-2.36)     (2.81)  (0.00) (0.98) (0.69) 

               

FPINDVIT 
9.04 0.21 0.21   -0.14  -0.09  0.26  12.8 15.5 34.7 
(4.19) (2.88) (3.09)   (-2.11)  (-1.36)  (3.77)  (0.00) (0.88) (0.89) 

               
Int.: intercept; for each variable the 1st row shows the estimated autoregressive coefficients and the 2nd row, in 
parenthesis, the t-test estimates. F = sample F-test for the null hypothesis that the coefficients for all the variables in 
Eqn 11 jointly equal zero; QLB(k) = Ljung-Box test at lag k for the null hypothesis that there is no autocorrelation in model 
residuals up to lag k. The null hypothesis probability for the F and QLB(k) tests is included below their respective values, in 
parentheses. 

In the Mediterranean region, the estimation of models yielded significant 

estimates for all autoregressive coefficients (see the t and F tests). These coefficients 

showed the FPI to be positively correlated to its preceding values (lags 1 and 3) and the 

FPI from the preceding year (i.e.,lag 45). Autocorrelation in the autoregression residuals 

for both indexes was rejected by the Ljung-Box Q test (Ljung & Box, 1978) with a high 

probability in the case of regular and seasonal (23, 42, 96…) lags. 

FPI dynamics in the temperate region can be explained as a function of its values 

in the recent past (lag 1), its values at 18th lag  (FPINDWIT) or 20th lag (FPINDVIT) and its 

values in the preceding year (lags 42 and 46) (Table 5.4). All coefficients for both indexes 

were significant (see t and F tests) except the coefficient for FPINDVIT t-42. These results 

confirm the intraannual cycle suggested by the spectral analysis. 

Autocorrelation in the autoregression residuals for both indexes was rejected with 

a high probability in the regular and seasonal (23, 46, 92 …) lags by the Ljung-Box Q test 

results. Autoregressive coefficient estimates showed the FPI to be positively correlated to 
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its short-term (lags 1 or 2) and long-term (lag 46) precedents, and to be negatively 

correlated to the 18th lag in the FPINDWIT (β318 = -0.15), and the 20th lag in the FPINDVIT 

(β420 = -0.14). 

The simulated FPIs reproduced accurately actual FPI dynamics in both ecoregions 

(Figure 5.6). The small Theil’s U coefficient values obtained for both FPIs in both regions 

(Table 5.5) evince models accuracy. More specifically, the bias proportion UB of the Theil’s 

U coefficient for both FPIs was zero in both regions indicating that the simulated and 

measured values were similar. In the Mediterranean region, the variance proportion of U, 

UV was small for both FPIs, indicating that the values of the simulated and measured 

variances were approximately the same. The high proportion of the covariance of U, UC 

implies that the simulation error of the FPI models was unsystematic. In the temperate 

region, UV accounted for 26% to 32% of the total error. Nevertheless, UV was smaller for 

the FPINDWI than for the FPINDVI model indicating a greater ability of the former to 

reproduce the variability of its endogenous variable. Consequently, the proportion of 

unsystematic simulation error was slightly greater in the FPINDWI model. 

Evaluation of model simulation accuracy 
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a)                                                                                             b) 

 
c)                                                                                            d)   
Figure 5.6.Static simulation of the FPIs in the two bioclimatic regions: Measured FPI 
values: ,  Simulated FPI values: •; (a) Mediterranean region, FPINDWIM; (b) Temperate 
region, FPINDWIT; (c) Mediterranean region, FPINDVIM; (d) Temperate region, FPINDVIT. 

Table 5.5. FPI simulation statistics. 
 Simulation Statistics 

Variable U UB UV UC 
FPINDWIM 0.10 0.00 0.05 0.95 
FPINDVIM 0.10 0.00 0.04 0.96 
FPINDWIT 0.10 0.00 0.26 0.74 
FPINDVIT 0.08 0.00 0.32 0.68 
U: Theil’s inequality coefficient; UB, UV, and UC: proportion of U attributable to bias, variance, and co-variance, 
respectively. 
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5.5.DISCUSSION 

The forest fire potential was generally higher in the temperate ecoregion than in 

the Mediterranean, except in summer. This is probably due to the importance of fuel 

availability in the fire potential model through the combination of MODIS vegetation 

cover and fuel type characteristics. The higher the fuel availability the higher the fire 

potential and, generally speaking, fuel availability is higher in the temperate region than 

in the Mediterranean region. In the Mediterranean ecoregion fire potential time series 

shows a distinct pattern with high potential in summer and low potential during the rest 

of the year. In the Temperate region the FPINDWI-based estimates of forest fire potential 

were consistently higher throughout the year than the FPINDVI-based estimates; however 

fire season does not show such a clear pattern as in the Mediterranean region. 

Buys Ballot tables (Figure 5.3) illustrate that the fire potential pattern in the 

Mediterranean ecoregion showed a distinct summer peak consistent with the uni-modal 

fire season typical of this region (Vélez, 2000). This agrees with fire occurrence in the 

period 2002-2004 (Figure 5.4.a), which shows maximum number of fires in summer (June-

August), with 46 fires in 2002, 91 in 2003 and 122 during 2004. Spectral analyses (Figure 

5.5a) confirmed the uni-modal pattern of the forest fires. The FPINDWIM and FPINDVIM 

cycles were coupled and explained the same amount of variance. This is probably due to 

the fact that in grasslands (determinant vegetation in the Mediterranean region in terms 

of forest fires) NDVI and NDWI response similarly to drought conditions because of the 

fast reaction of grasses to lack of moisture in terms of photosynthetic activity and 

pigment content.  

In the temperate ecoregion both FPIs identified the existence an intra-annual cycle 

within the general inter-annual cycle which concurs with the bi-modal behaviour of forest 

fire in this region. The periodograms (Figure 5.5b) of 8-days composite in the period 2001-

05, showed two peaks at 46 and 19 periods representing the annual and intra-annual fire 

potential cycles with maximum values in spring and summer-early fall. These 

periodograms also showed that the variability explained by the FPINDWIT annual cycle was 

larger than that explained by FPINDVIT. Thus, in this case the annual cycle was better 
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captured by FPINDWIT. The fire potential intra-annual fluctuation, observed in Buys-Ballot 

graphs and suggested by spectral analysis, was confirmed by means of dynamic 

modelling, corroborating the bimodal fire pattern. This bimodal fire behaviour was also 

better explained by FPINDWIT than by FPINDVIT. In addition, results indicated that while both 

FPI identified similar periods of spring forest fire potential, the FPINDWIT summer fire 

potential cycle lasted until late fall. This indicates that while both indexes detected the 

summer forest fire potential, only the FPINDWIT identified the fall fire potential.  

Both, FPINDWIT and FPINDVIT identify low fire potential at the beginning of the 

summer. This is due to the presence of dense canopy of deciduous forests which is 

moister and greener than at the end of the summer. This effect increases the greenness 

parameter in the model (VC) as detected by remote sensing. Differences between 

FPINDWIT and FPINDVIT are probably due to the different response of NDVI and NDWI to 

moisture variability in deciduous forests. NDVI responds directly to variations in structure 

and pigmentation, while NDWI is more sensitive to subtle changes in moisture (Ceccato et 

al., 2001). Since the lack of moisture effect is slower in deciduous forests than in 

grasslands, NDWI may detect moisture stress before structure and pigments are affected. 

Westerling & Bryant, (2008) describe these moist forested ecosystems as energy-limited, 

meaning that fire potential increases mainly due to an increase of fuel flammability when 

temperature is high enough. Thus, high fire potential in summer is identified by both 

indices because is due to high temperatures and low moisture. On the other hand fall 

potential identified by FPINDWIT is probably due to the increase of dry fuel (litter) from 

deciduous species leaf senescence which is better detected by NDWI (Ceccato et al., 

2001). These results highlight the significance of integrating climatic conditions with fuel 

characteristics as does the FPI approach. 

Spring fire potential is identified by both FPIs; however FPINDWIT shows a more 

sustained fire potential while FPINDVIT values decrease sooner. The beginning of spring is 

the time of the year when the forest floor receives more sun radiation, because days are 

longer but growing season has not started yet. At the same time the wind, common 

during this period, has a strong drying effect and increases evapotranspiration. Thus, 
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during this time the presence of large amount of fine dead fuel in the forest floor can 

increase dramatically fire potential. At the beginning of the growing season FPINDVIT 

decreases earlier than FPINDWIT due probably to lower sensitivity to moisture and higher 

sensitivity to greenness. 

Granger causality tests results indicated that the explanation and forecasting of 

the number of fires in the Mediterranean and temperate region can be improved by using 

FPI information. Since FPI estimates fire potential, high FPI values does not imply that fire 

is going to happen. Thus the results obtained using TSA are a robust indicator of fire 

seasonality but not of fire occurrence. However finding a relationship of FPI with fire 

occurrence is a reasonable way to confirm more consistently seasonality dynamics.  

The simulated FPIs yielded by the autoregressive models reproduced actual FPI 

dynamics accurately in both ecoregions (Figure 5.6 and Table 5.5). The proportion of 

simulation error due to differences in variance in the Mediterranean ecoregion, was 

smaller (almost negligible) than in the temperate, maybe due to a better variance 

predictability in the Mediterranean ecoregion. In the temperate ecoregion the variance 

proportion of the forecast error for FPINDWIT was smaller than that for FPINDVIT, indicating 

a better prediction ability of the FPINDWIT. 

In the Mediterranean region, autoregression detected also a uni-modal fire 

potential pattern. FPI dynamics can be explained in terms of their values in the closest 

past (recent lags) and in the preceding year (lag 45) (Table 5.4) which means that fire 

potential depends on two types of factors. The correlation with the preceding date shows 

that fire potential is highly dependent on previous vegetation condition and surface 

meteorology. The 46th (or 45th) lag coefficient denotes a similar fire potential pattern 

every year. Consequently, combining the two coefficients can aid in predicting fire 

potential based on general potential trends and previous short-term environmental 

conditions. The simulated FPIs reproduced actual FPI dynamics during the study period 

reasonably well which corroborate the utility of the models presented. 

In the temperate ecoregion autoregressive models corroborated the intra-annual 

fire potential cycle existing within the yearly cycle in both FPIs. Fire potential today (as 
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estimates by both indices) was found to be positively correlated to fire potential 8 days 

and 16 days ago, as well as with fire potential one year ago (lag 46). These results 

indicated that the fire potential dependency on previous conditions (i.e. vegetation status 

and surface meteorology) last for a longer period in the temperate ecoregion than in the 

Mediterranean ecoregion. The faster reaction to lack of moisture of grasslands versus 

forest explains this difference. Also, fire potential was negatively correlated to the 18th 

lag in the FPINDWIT and to the 20th lag in FPINDVIT suggesting that the spring and summer 

forest fire potential in the region is negatively correlated. This effect can be explained in 

terms of fuel amount. The amount of fuel and consequently forest fire potential are 

generally higher in summer and fall following wet springs. Dry springs, in turn, have a 

higher forest fire potential (lower moisture and biomass) than wet springs, but generate 

less fuel, thereby lowering forest fire potential in the following summer-fall.  
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5.6.CONCLUSIONS  

The present study estimate accurately fire seasonality on the basis of FPINDWI and 

FPINDVI time series in two distinct ecoregions demonstrating that the integration of 

remote sensing data and meteorological information is a good approach. In the 

Mediterranean region both FPINDWI and FPINDVI yielded similar results in explaining the uni-

modal behaviour of forest fires. However, in the Temperate region FPINDWIT identified the 

bi-modal fire pattern better than the FPINDVIT indicating that NDWI is a good input in the 

FPI for estimating fire seasonality. 

TSA has proven to be an excellent tool to characterize the dynamics of fire 

seasonality in the two ecoregions using FPI time series. The presence of one annual cycle 

in the Mediterranean region and the double cycle in the temperate region is 

demonstrated. Also it has been possible to discover slight differences in seasonality 

estimation using FPINDVI versus FPINDWI time series in the Temperate ecoregion. 

Autoregressive models were found to accurately simulate and predict FPI dynamics.  

This quantitative approach represents an operational new tool for assessing subtle 

variations in environmental time series with important applications for climate change 

studies and forest management activities. The prediction capability of time series analysis 

can be used in fire prevention plans. 
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6. MODELING AND FORCASTING OF FOREST-FIRE RISK USING FPINDWI TIME SERIES  

6.1.INTRODUCTION  

The need for understanding and monitoring long-term vegetation dynamics over 

large areas is widely accepted by the scientific community. In order to carry out these 

studies, long and frequent time series of spatially continuous data are essential, as well as 

efficient tools and advanced techniques for analyzing this information. In this sense, the 

use of satellite data time series can be considered a sound alternative, since satellite 

observations are objective, comparable, and spatially comprehensive at global to local 

scales. Remote sensing data are a source of frequently collected information that makes 

it possible to obtain updated data and to extract patterns to model vegetation response 

to either meteorological dynamics or extreme events (e.g. forest fires). Up to now, 

sensors such as the Advanced Very High Resolution Radiometer (AVHRR), VEGETATION or 

the Moderate Resolution Imaging Spectroradiometer (MODIS) have provided data with a 

high temporal frequency at a moderate spatial resolution that can be used to monitor 

ecosystem dynamics at several scales. In the near future, new sensors will be developed, 

increasing the amount of high temporal and spatial resolution information. For instance, 

the Sentinel missions will provide Europe with an autonomous and operational 

framework for earth observation (Berger et al., 2012), which will ensure long time series 

of remote sensing data at different scales and resolutions. 

Statistical Time Series Analysis (TSA) in its frequency and temporal domains (Box 

et al., 1994) offers a set of tools and methodologies to understand, model and forecast a 

variable based on the quantitative identification of temporal patterns, which are 

therefore based on the history of the variable itself. These techniques have been used 

widely in economics (Granger & Newbold, 1977) and less frequently in some other 

disciplines such as Hydrology (Modarres, 2007, Gemitzi & Stefanopoulos, 2011) 

Agriculture (Mariño et al., 1993) or Forestry (Telesca et al., 2005). 

Conversely, TSA has hardly been applied in remote sensing. The application of TSA 

techniques to spatially continuous time series, such as those in remote sensing data, 
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opens a new perspective in terms of environmental variable monitoring. This is because it 

can be applied to large areas, taking into account the history of each pixel and the spatial 

coherence of the scene. However, to implement TSA methodologies at the pixel level is a 

major challenge due to the complexity of some models and the large amount of data. 

In the remote sensing domain, TSA has been applied mainly to specific 

representative pixels or average series from a selected group of pixels. For example, 

Liang, (2001) discriminated 13 cover types based on 12 years of AVHRR-NDVI and 

brightness temperature average time series. Beck et al., (2011) study productivity 

changes in an Alaskan boreal forest based on 88 time series from GIMMS-NDVI (NOAA) 

and tree rings. Horion et al., (2013) assessed the relationship between 12 average SPOT-

VEGETATION-NDVI time series and meteorological data. Huesca et al., (2009a) assessed 

fire seasonality in different ecoregions by means of autoregressive (AR) models applied to 

the Fire Potential Index (FPI). García et al., (2010) analyzed the relationship between 

representative AVHRR-NDVI time series and rainfall data in order to evaluate the 

influence of precipitation disturbances on different types of ecosystems.  

The application of TSA to remote sensing images in a spatially explicit manner (i.e. 

at the pixel level) has been applied mainly to evaluate temporal trends in large areas 

(Verbesselt et al., 2010a, Bunn & Scott, 2006). It has also been used to detect seasonal 

changes usually associated with phenological dynamics (Fensholt et al., 2012, Verbesselt 

et al., 2010b). In addition, TSA has been used to analyze the temporal relationship 

between different environmental variables by means of cross-correlation analysis (Peng 

et al., 2010).  

Generally, the most typical TSA applications are associated with variable modeling 

and forecasting (Harvey, 1981). The first applications to modeling were based on time 

series decomposition, a technique in which a series is considered as the sum of three 

components: tendency, seasonality and randomness (Harvey, 1981). In the seventies, Box 

and Jenkins (Box & Jenkins, 1970) introduced the AutoRegressive Integrated Moving 

Average (ARIMA) models, an approach in which a time series is modeled as a stationary 

stochastic process. In the remote sensing domain, some authors have applied ARIMA 
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models (Piwowar & Ledrew, 2002); however, due to the highly significant seasonal 

component usually associated with remote sensing time series, it is more common to use 

multiplicative Seasonal Autoregressive Integrated Moving Average (SARIMA) models 

instead (Xiao et al., 2011, Jiang et al., 2010, Fernández-Manso et al., 2011). 

The Box-Jenkins methodology is typically applied in five standard stages 

(Identification, Estimation, Validation, Forecasting, and Evaluation). The identification 

stage involves a ‘labor-intensive’ design, which makes it difficult to apply it to a large 

number of pixels (i.e. time series) from spatially continuous remote sensing data. Several 

approaches have been used to deal with this issue. Xiao et al., (2011) forecasted Leaf Area 

Index (LAI) using the same estimated SARIMA model (i.e. same structure and coefficients) 

for all pixels of the MODIS image. They obtained low-accuracy results, possibly due to the 

lack of model specificity at the pixel level. Han et al., (2010) applied a generic AR (1) 

model at the pixel level to forecast the Vegetation Temperature Condition Index (VTCI); in 

this case, the model coefficients were specific for each time series, which resulted in a 

highly accurate forecast. Jiang et al., (2010) also found accurate predictions using the 

same approach with one generic SARIMA model to predict MODIS LAI time series. 

Fernández-Manso et al., (2011) improved forecast accuracy by applying two different 

generic SARIMA models to predict conifer forest NDVI-AVHRR time series with a forecast 

horizon of 10 days.  

TSA has a direct and relevant application within the scope of forest fire 

assessment. According to Pausas, (2004), current climate trends in the Iberian Peninsula 

indicate an increase in annual and summer temperatures, and a slight decrease in 

summer rainfall, which will amplify the risk of forest fires (IPCC 2007). Under this scenario, 

the approach of statistical time series modeling and forecasting with RS data would 

contribute to a better understanding of the fire risk dynamics and the development of 

effective early warning methods. 

The FPI (Huesca et al., 2009a, Burgan et al., 1998, Sebastián-López et al., 2002, 

Schneider, 2008) is a dynamic forest fire risk index that is highly specific for fuel type, 

weather conditions and vegetation status, resulting in values with high spatial variability. 
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This requires the development of pixel-specific models to account for specific 

environmental characteristics. In addition, forest risk estimation models should be able to 

predict fire risk with a short and medium-term forecast horizon to obtain this information 

early enough to define fire-prevention plans. 

The objective of the present study is to use a MODIS-based FPINDWI time series 

model and forecast fire risk using pixel-specific autoregressive models based on a large 

number of generic models and with a forecast horizon of one year.  

6.2.STUDY AREA 

The general characteristics of the study area (Navarre), have been explained in 

chapter 3 (Figure 6.1) 

        
Figure 6.1. (a) Location of Navarre within the Iberian Peninsula, (b) ecoregions within 
Navarre. 
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6.3.MATERIAL  

The remote sensing data used consisted of a set of 454 (i.e. from February 2000 

until December 2009) 8-day composites from the MODIS surface reflectance product 

MOD09A1.  

Remote sensing data 

Meteorological information was gathered from the weather stations in the study 

region and surrounding provinces, in order to ensure good-quality information on the 

edges of the study area. Daily records from the Navarre weather stations 

(

Meteorological data 

http://www.Navarre.es/) for the period 2000-2009 were provided by the Department of 

Rural Development and Environment (Government of Navarre). Data for 17 weather 

stations in the surrounding provinces were provided by the Spanish National 

Meteorological Agency (AEMET, http://www.aemet.es/). Since 2000, the number of 

weather stations in Navarre has increased, so the maximum number of available stations 

for each year was used in order to obtain the most accurate results possible.  

Ancillary data  

A Digital Elevation Model 

www.ign.es

(DEM) at 1:25,000 scale (10m pixel size) was provided by 

the Spanish National Geographic Institute (http:// ). An ecoregion map was 

provided by the Government of Navarre. The fuel type map

http://www.magrama.es/

 used 

( ), (Figure 6.2), was developed by the former ICONA (Spanish 

National Institute for Nature Conservation) using the 13 fuel types established by the 

NFDRS (National Fire Danger Rating System), and adapted to Spain. Fuel types are 

grouped based on the fire spread element (i.e. grasses, bushes, litter or silvicultural 

treatments and remaining slash). Each fuel type is characterized by a specific fuel 

extinction moisture value, which represents the degree of moisture after which the fuel 

combustion itself ceases.  

 

http://www.navarre.es/�
http://www.aemet.es/�
http://www.ign.es/�
http://www.magrama.es/�
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Figure 6.2. Spatial distribution of fuel types grouped in function of fire spread element. 

 

6.4.METHODS 

MODIS image products were downloaded and projected into UTM Zone 30N WGS-

84 coordinate system, by means of the MODIS Reprojection Tool (MRT) software. Time 

series of the vegetation index NDWI (Gao, 1996) were computed.  

Remote sensing data 

In order to avoid using anomalous values, the time series were smoothed by 

eliminating possible outliers, based on thresholds defined by the mean plus two standard 

deviations. Eliminated values were replaced by the average of the previous and next 

observations.  
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The meteorological variables used were the maximum temperature (Tmax) and 

minimum relative humidity (Hmin). Daily meteorological data were summarized to MODIS 

frequency, and 8-day mean values were calculated. Maximum temperature was spatially 

interpolated by inverse distance weighting (IDW). The temperature was previously 

corrected to sea level using an environmental lapse rate value of 5.5 oC/km. Minimum 

relative humidity was estimated by a multiple linear regression equation (Eqn 6.2) derived 

from the relationship between Tmax and elevation. 

Meteorological data processing 

= − +min max72.1761 1.4181 0.0049H T H                                                              (6.2) 

Where, H is the elevation obtained from the DEM of Navarre. 

Huesca et al., (2009a) showed that FPINDWI, (i.e. computed with the NDWI ) better 

explained forest fire risk patterns in the temperate region of Navarre (Northern Spain), 

while showing similar results in the Mediterranean area because NDWI is more sensitive 

to vegetation water content. This was the approach used in this study. 

Modified Fire Potential Index computation 

A general formulation of the FPINDWI can be written as (Eqn 6.3): 

( ) ( )= ⋅ − ⋅ −100 1 1NDWIFPI FMC VC                                                         (6.3) 

Where FPINDWI is the Fire Potential Index based on NDWI, FMC represents the 

fraction between the fine fuel moisture and the extinction moisture, which depends on 

meteorological data (i.e. Tmax and Hmin) and fuel type, and VC represents the amount of 

vegetation calculated from NDWI and is an indicator of live vegetation. FPINDWI takes a 

maximum value of 100 when the risk is very high. A detailed explanation of this index can 

be found in Huesca et al., (2009a). 
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Time series for period 2000-2008 were used for modeling, while data from 2009 

were used to validate the forecasting accuracy of the estimated models.  

FPINDWI time series modeling by means of statistical time series analysis (TSA) 

The first step was to identify the non-random pixel time series in the image by 

means of the Autocorrelation function (ACF) and the Ljung-Box Q (L-B Q) statistics (Ljung 

& Box, 1978). The ACF plots allowed the analysis of the FPINDWI dynamics for each pixel of 

the image.  The estimated Q statistic identified pixels where the FPINDWI dynamics were 

completely random, seasonal, contained a trend or were even the result of the 

interaction of several of these components. 

Identification of random time series  

The FPINDWI time series analyzed integrate variables related to vegetation status 

and meteorological conditions that create a significant seasonality in these series, the 

order of which, s = 46, is the result of the MODIS acquisition data frequency, (i.e. 8 days). 

This seasonality is a source of non-stationarity in the FPI series.  

Methodology of Box and Jenkins 

The Box and Jenkins (B&J) methodology (Box, et al., 1994) and some of its 

subsequent developments (Hamilton, 1994) were used to analyze and to model FPINDWI 

time series. However, we did not use the regular (1-B) and seasonal (1-B)s first 

differences transformation proposed in the first stage of the Box and Jenkins general 

strategy to achieve stationarity in seasonal time series (Box et al., 1994, pp. 353). That 

transformation assumes the presence of s+1 unit roots in all the series (47 unit roots for 

the FPINDWI series) two of them at the zero frequency and s-1 at the seasonal frequencies 

(Box et al., 1994, pp. 330). However, we cannot verify the presence of seasonal unit roots 

in series with seasonal order s=46, because, to our knowledge, it does not exist the 

required test, equivalent to those proposed by Hylleberg et al., (1990), Franses, (1991), 

Beaulieu & Miron, (1993), and Darné et al., (2002) for quarterly monthly, and daily data 

(s=4, 12, 7) respectively. 
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In addition, the use of double transformation (1-B)(1-B)s may induce 

overdifferentiation in the series, if the series do not have s+1 unit roots (see Ghysels & 

Osborn, 2001, for example). Plosser & Schwert, (1977, 1978) indicated that ‘seasonal 

differencing the series … also induces a non-invertible moving-average process at the 

seasonal lag’. A more detailed explanation of overdifferencing and its consequences can 

be found in Osborn, (1990), Maddala & Kim, (1998), among others. 

For all of these reasons, in this study, the B&J methodology is applied to the 

original FPINDWI time series. The B&J methodology was carried out in the following 

standard stages: 

1.- Identification: 

In this stage the dynamic structure of the FPINDWI time series was analyzed and the 

information obtained was used to specify the dynamic models proposed for each series. 

Its aim is to identify the characteristic components, trend, cycle, seasonality, irregular or 

others (structural changes, etc.) of each time series. Identification was accomplished in 

four main stages: 

1.1. Estimation of the regular and partial autocorrelation functions (ACF and 

PACF).  

1.2. Detection of stochastic trends by means of unit roots tests (Dickey & Fuller, 

1979). 

1.3. Detection of significant periodic components by means of periodogram 

estimation (Hamilton, 1994) and white noise tests (Fisher’s Kappa (Fk) and Barlett’s 

Kolgomoroff-Smirnoff (BKS) tests) (Fuller, 1976). The Barsky & Miron, (1989) approach 

was adopted to explore the deterministic and stochastic nature of the FPINDWI seasonality 

by estimating a deterministic regression model of each FPINDWI over 45 seasonal dummy 

variables. The Adjusted R2 (Adj-R2) of the regression ‘measures the percentage of the 

variation in the dependent variable due to deterministic seasonality’ (Barsky & Miron, 

1989).  
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1.4. Specification of the regular and seasonal autoregressive and moving-average 

parameters that suitably represent the whole dynamics of each series on the basis of the 

above preceding identification results. The seasonal nature of the FPINDWI time series was 

incorporated into the models by including seasonal AR parameters. 

2.- Estimation: The models specified in the previous stage were estimated by 

nonlinear least squares methods. The Standard AIC and SBC selection criteria (Hamilton, 

1994) were applied to select the most suitable model. The individual and joint significance 

of the model parameters was assessed by means of the Student-t and F tests. 

3.- Validation: The adequacy of the estimated models (EM) was evaluated by 

means of the L-B Q statistics (Ljung & Box, 1978) that test for autocorrelation in the 

model residuals. If the test indicates that a significant amount of autocorrelation remains 

in the estimated residuals, the model is not valid and it becomes necessary to return to 

the Identification stage.  

4.-Forecasting: The validated models were used to forecast the historic and future 

FPINDWI values. 

5.- Evaluation of forecast: The simulation accuracy of the selected models was 

assessed via ex post static simulation of each FPINDWI, using the Theil inequality coefficient 

U (Theil, 1971). A more accurate assessment may be obtained from the analysis of 

coefficient U proportions, bias, variance, and covariance (UB, UV, and UC, respectively). 
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The preceding methodology was applied consecutively at two levels: (1) the 

‘representative time series’ of Navarre, and (2) all pixel time series presented in the 

MODIS image. 

Methodology implementation 

1.- Modeling of ‘representative time series’ 

In the image, there are pixels that fall completely within one fuel type and one 

ecoregion, those pixels were defined as ‘pure pixels’, and were used to define the 

‘representative time series’. The 27 ‘representative series’ (9 fuel types*3 ecoregions) 

were defined as the average of the ‘pure pixel’ time series within each fuel type –

ecoregion class. However, in the same image there are also ‘mixed pixels’ that contain 

different combinations of fuel types and ecoregions. In this research, those pixels were 

characterized as belonging to the dominant fuel type – ecoregion combination.  

The methodology was applied completely to the representative time series in the 

same order as exposed. As a result of that work, an ‘estimated model’ (EM) (specific lags 

and coefficients) for each representative time series was developed. These validated 

models were grouped in several ‘generic models’ (GMs) that summarized the dynamic 

‘common factors’ (i.e. common lags) of all original models.  

2.- Modeling of spatially continuous MODIS image. 

Generic Models obtained in the previous steps were implemented at the image 

level and pixel specific coefficients were estimated. The model validation, FPINDWI 

forecasting and its evaluation were accomplished in the standard way. Thus, 2009 FPINDWI 

values have been predicted and evaluated at the pixel level for the whole region. 

Statistical analyses were done using SAS9.2 and image processing was 

accomplished with ENVI 4.2 and IDL language. 
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6.5.RESULTS 

Results of the L-B Q statistic (i.e. white noise test) (Figure 6.3) show that all except 

two pixels present higher values than their 1 and 5% critical values, rejecting the null 

hypothesis that the time series were white noise. The number of non-random pixels 

found and analyzed was 40,903.  

 
Figure 6.3.Spatial distribution of Ljung-box Q values for one year (lag 46). Grey scale, 
black and white means minimum and maximum Q value respectively. 

Figure 6.4a shows the FPINDWI time series from three representative zones. Zone 

(1) corresponds to the Mediterranean region where the fire spread element is mainly 

grass. Zone (2) is located in the alpine region where the fire is spread primarily through 

litter. Zone (3) is located in the temperate region in a forest where the fire is spread 

primarily through shrubs. Their ACF for the first 150 lags (slightly more than 3 years) is 

shown in Figure 6.4b. They present high and positive autocorrelation at lags 1 (≅ 8 days) 

and s 46 (≅ 1 year), and negative autocorrelation at lag 23 (≅ 6 months).  
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a)                                                                         b) 

Figure 6.4. (a)Temporal evolution of FPINDWI from February 2000 to December 2009 and 
(b) autocorrelation values for the first 150 lags for the Mediterranean region where the 
fire spread element is grass (blue), alpine region where the fire spread element is litter 
(red), temperate region where the fire spread element are brushes (green). 

Figures 6.5a and 6.5b show the mean and variance of the FPINDWI time series for 

each pixel and Table 6.1 shows the descriptive statistics for each fuel type. The fuel types 

whose fire spread element is either litter (i.e. fuel types 8 and, 9) or shrubs (i.e. fuel types 

4-7) are characterized by a higher FPINDWI mean than those propagated by the grass (i.e. 

specifically fuel types 1 and 2). Fuel types 1-2 are characterized by high variability (i.e. 

high variance), while the fuel types associated with litter as fire spread element have a 

low variance. The high negative values during the non-fire season reduce the mean values 

of forest risk in the Mediterranean grassland.  

Table 6.1. Mean and variance of FPINDWI for each fuel type. 

FUEL TYPE FIRE SPREAD 
ELEMENT 

FPINDWI 
MEAN VARIAN0CE 

1 Grasses -2.64 397.86 
2 Grasses 7.58 256.42 
3 Grasses 38.26 50.03 
4 Shrubs 28.51 121.22 
5 Shrubs 25.51 122.55 
6 Shrubs 38.99 88.76 
7 Shrubs 56.93 23.94 
8 Litter 44.29 63.37 
9 Litter 39.32 68.57 

Autocorrelation values at lags 1 (≅8 days) and 23 (≅ 6 months) for each pixel are 

shown in Figures 6.5c and 6.5d. A clear north-south gradient of FPINDWI autocorrelation 

values can be observed. The autocorrelation values at lags 1 and 46 (≅ 1 year, not shown) 

presented similar spatial distribution with slightly lower values at lag 46. The southern 
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part of the study area presented higher positive autocorrelation values at lags 1 and 46, 

and lower negative values at lag 23 than the northern part. 

 
    a)                                    b)                                  c)                                   d)      
Figure 6.5. Spatial distribution of mean FPINDWI (a), variance FPINDWI (b), and 
autocorrelation values at lag 1 (c) and 23 (d). 

Twenty six ‘representative time series’ were analyzed corresponding to 26 

combinations of “fuel type-ecoregion” present in the study area. Fuel type 7 in the Alpine 

region was not considered due to the lack of pure pixels to build the ‘representative time 

series’. Since this combination is not dominant in any pixel of the study area, modeling 

was not necessary.  

1.- Modeling of ‘representative time series’ 

The Dickey-Fuller tests carried out to investigate the stationarity of the 

representative series rejected the presence of a stochastic trend for all of them. Table 6.2 

shows the Adj-R2 estimates for the deterministic regression for original FPINDWI, and for 

their first differences ∇FPINDWI (1st and 2nd columns, respectively). The estimates ranged 

from 0.473 to 0.666 in the Alpine region, from 0.066 to 0.675 in the temperate region, 

and from 0.290 to 0.724 in the Mediterranean region. Moreover, the Student-t statistic 

results indicate that most of the coefficients in the deterministic model were significant. 

These results indicate a moderate degree of adjustment of the deterministic model to the 

FPINDWI series, evincing a significant deterministic component of the FPINDWI annual cycle. 

However, the estimation of the deterministic regression for the FPINDWI first differences 

yielded very low values of the Adj-R2 in the three ecoregions, with maximums of 0.029, 

0.033 and 0.079. In addition, the Student-t statistic results indicate that most of the 
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coefficients in the deterministic model were not significant. These results are evidence of 

a poor fit of the model, and indicate that the variations of FPINDWI are not deterministic in 

nature.  

Table 6.2. Adjusted R-square,
2R , for the estimated regression for FPINDWI and for their 

first differences, ∇FPINDWI.  
 Adjusted R2  

FPINDWI DFPINDWI 
FPINDWI_A1 0.666 0.023 
FPINDWI_A2 0.645 0.029 
FPINDWI_A3 0.476 -0.002 
FPINDWI_A4 0.640 0.011 
FPINDWI_A5 0.553 0.000 
FPINDWI_A6 0.521 0.015 
FPINDWI_A8 0.509 0.005 
FPINDWI_A9 0.526 0.001 
   

FPINDWI_T1 0.675 0.033 
FPINDWI_T2 0.650 0.026 
FPINDWI_T3 0.366 -0.008 
FPINDWI_T4 0.590 0.009 
FPINDWI_T5 0.585 0.011 
FPINDWI_T6 0.490 -0.004 
FPINDWI_T7 0.066 -0.014 
FPINDWI_T8 0.373 -0.003 
FPINDWI_T9 0.412 -0.009 
   

FPINDWI_M1 0.724 0.079 
FPINDWI_M2 0.718 0.065 
FPINDWI_M3 0.580 0.009 
FPINDWI_M4 0.695 0.044 
FPINDWI_M5 0.679 0.033 
FPINDWI_M6 0.677 0.032 
FPINDWI_M7 0.290 -0.014 
FPINDWI_M8 0.584 0.005 
FPINDWI_M9 0.655 0.026 
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Based on the results of the identification stage it was decided to use an AR general 

formulation (Eqn. 6.4) to model FPINDWI time series.  

α β ε−
=

= + +∑
1

s

i t i t
i

FPI FPI
                                                                                     (6.4) 

Where α is the intercept term, βi is the autoregression coefficient for the FPINDWI (i 

= 1, 2, … s = 46), and εt  is the uncorrelated residual term. 

Tables 6.3, 6.4, and 6.5 show the best EMs (for each representative time series) 

and their diagnostic, evaluated by means of the adjusted R2 and L-B Q statistic for lags 23, 

46, and 92. Each table is divided in two parts, the first one includes the variable (first 

column), the model intercept (second column), and the significant lags of the dependent 

variable (rest of columns). The second part of the table (the last four columns) shows the 

diagnostic of the model. Furthermore, the model of each variable includes two rows of 

results. The first row contains the estimated intercept and the lag coefficients (first part), 

and the adjusted R2 coefficient and L-B Q values for the lags 23, 46 and 92 (second 

part).The second row shows, in parentheses, Student-t statistics for the estimated 

intercept and coefficients and the probability of the null hypothesis of L-B Q test. 
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Table 6.3.. The best estimated model and the model diagnostic for each fuel type in the alpine region. 
Dependent 

variable Intercept 
Lags  Model diagnostic 

t-1 t-3 t-4 t-10 t-21 t-22 t-23 t-34 t-42 t-45 t-46 t-55  Adj-R2 QLB(23) QLB(46) QLB(92) 

FPINDWIA1 -14.38 0.30 0.18  -0.10 -0.12  -0.13 -0.10  0.09 0.21 -0.07  0.80 24.78 57.71 125.22 
(-5.04) (6.60) (4.11)  (-2.21) (-2.59)  (-2.87) (-2.30)  (1.93) (4.30) (-1.64)   (0.36) (0.12) (0.01) 

FPINDWIA2 -0.59 0.33 0.16  -0.12 -0.12  -0.11 -0.07  0.10 0.20   0.76 19.69 49.77 108.18 
(-1.47) (7.27) (3.48)  (-3.01) (-2.74)  (-2.37) (-1.90)  (2.15) (4.08)    (0.66) (0.33) (0.12) 

FPINDWIA3 13.31 0.43 0.15  -0.08   -0.13    0.24   0.58 19.71 42.35 107.31 
(4.48) (9.75) (3.47)  (-2.32)   (-3.06)    (5.64)    (0.66) (0.63) (0.13) 

FPINDWIA4 16.87 0.40 0.16  -0.13 -0.12  -0.11 -0.07   0.23   0.78 24.84 51.41 113.56 
(5.23) (8.97) (3.54)  (3.57) (-2.81)  (-2.49) (-1.88)   (5.29)    (0.36) (0.27) (0.06) 

FPINDWIA5 17.36 0.36 0.14  -0.11 -0.13  -0.12 -0.08   0.24   0.67 22.26 50.22 114.22 
(5.37) (8.01) (3.15)  (-2.87) (-3.00)  (-2.54) (-1.88)   (5.24)    (0.51) (0.31) (0.06) 

FPINDWIA6 10.24 0.42 0.13 0.10 -0.07  -0.12   0.10  0.16   0.65 14.63 34.28 103.97 
(3.25) (9.20) (2.56) (1.97) (-1.85)  (-2.86)   (2.28)  (3.56)    (0.91) (0.90) (0.19) 

FPINDWIA7 
- - - - - - - - - - - - -  - - - - 
- - - - - - - - - - - - -  - - - - 

FPINDWIA8 9.12 0.46 0.11    -0.10   0.13  0.19   0.65 16.45 31.59 91.48 
(2.59) (10.47) (2.80)    (-2.49)   (3.41)  (4.32)    (0.84) (0.95) (0.50) 

FPINDWIA9 8.61 0.40     -0.11   0.14  0.21   0.65 18.96 38.33 107.32 
(2.78) (9.10)     (-2.68)   (3.57)  (4.73)    (0.70) (0.78) (0.13) 
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Table 6.4. The best estimated model and the model diagnostic for each fuel type in the temperate region. 

Dependent 
variable Intercept 

Lags  Model diagnostic 

t-1 t-2 t-3 t-10 t-16 t-22 t-25 t-34 t-41 t-42 t-46  Adj-R2 QLB(23) QLB(46) QLB(92) 

FPINDWIT1 -4.96 0.32  0.21  -0.12 -0.15     0.25  0.81 26.67 45.53 103.94 
(-5.86) (7.32)  (5.15)  (-4.15) (-3.53)     (5.83)   (0.27) (0.49) (0.17) 

FPINDWIT2 -0.32 0.31  0.19  -0.12 -0.16     0.27  0.79 25.64 44.81 99.87 
(-0.89) (7.21)  (4.73)  (-3.91) (-3.65)     (6.28)   (0.32) (0.52) (0.27) 

FPINDWIT3 18.50 0.35  0.15  -0.11 -0.11     0.24  0.48 21.15 45.89 103.56 
(5.40) (7.88)  (3.37)  (-2.75) (-2.64)     (5.44)   (0.57) (0.48) (0.19) 

FPINDWIT4 12.44 0.35  0.17  -0.12 -0.12     0.27  0.72 22.11 42.92 101.19 
(5.57) (8.11)  (4.26)  (-3.64) (-2.91)     (6.20)   (0.51) (0.60) (0.24) 

FPINDWIT5 10.02 0.36  0.18  -0.12 -0.11     0.25  0.71 19.51 37.36 89.97 
(5.48) (8.33)  (4.44)  (-3.81) (-2.73)     (5.84)   (0.67) (0.81) (0.54) 

FPINDWIT6 14.38 0.37  0.16  -0.10  -0.12  0.10  0.19  0.61 15.36 35.51 85.80 
(3.53) (8.30)  (3.76)  (-2.56)  (-2.73)  (2.26)  (4.41)   (0.88) (0.87) (0.63) 

FPINDWIT7 31.38 0.38  0.10 -0.10    -0.12  0.08 0.09  0.25 12.27 26.01 104.76 
(5.12) (8.41)  (2.25) (-2.26)    (-2.65)  (1.85) (2.00)   (0.97) (0.99) (0.17) 

FPINDWIT8 19.94 0.41  0.11  -0.11 -0.06  -0.10  0.13 0.18  053 16.60 30.36 92.72 
(3.73) (9.43)  (2.51)  (-2.62) (-1.58)  (-2.56)  (3.03) (3.99)   (0.83) (0.96) (0.46) 

FPINDWIT9 21.77 0.34  0.11  -0.12 -0.10  -0.13  0.14 0.20  0.55 17.85 33.86 94.17 
(4.50) (7.70)  (2.56)  (-2.94) (-2.44)  (-3.10)  (3.31) (4.52)   (0.77) (0.91) (0.42) 
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Table 6.5. The best estimated model and the model diagnostic for each fuel type in the Mediterranean region. 
Dependent 

variable Intercept 
Lags  Model diagnostic 

t-1 t-2 t-3 t-4 t-10 t-21 t-22 t-23 t-42 t-45 t-46  Adj-R2 QLB(23) QLB(46) QLB(92) 

FPINDWIM1 -0.95 0.33 0.09 0.18  -0.12  -0.14    0.30  0.87 30.93 58.28 117.80 
(-2.41) (6.77) (1.72) (3.88)  (-4.80)  (-3.89)    (6.98)   (0.13) (0.11) (0.04) 

FPINDWIM2 3.73 0.35  0.18  -0.07 -0.13    0.11 0.26  0.87 27.52 57.44 115.66 
(4.23) (8.09)  (4.23)  (-2.66) (-3.66)    (2.34) (5.33)   (0.24) (0.12) (0.05) 

FPINDWIM3 14.60 0.39 0.12 0.16  -0.11 -0.12     0.24  0.78 15.37 40.63 78.10 
(5.00) (8.16) (2.33) (3.30)  (-3.73) (-3.37)     (5.73)   (0.88) (0.70) (0.85) 

FPINDWIM4 6.05 0.32  0.17 0.11 -0.09  -0.09  0.12  0.26  0.84 24.50 47.75 117.08 
(2.49) (7.01)  (3.56) (2.18) (-2.74)  (-2.30)  (-2.90)  (5.69)   (0.38) (0.40) (0.04) 

FPINDWIM5 5.81 0.32  0.17 0.11 -0.10  -0.08  0.12  0.25  0.83 22.37 45.42 111.63 
(2.44) (7.07)  (3.65) (2.36) (-3.02)  (2.15)  (2.87)  (5.66)   (0.50) (0.50) (0.08) 

FPINDWIM6 8.74 0.35  0.16 0.10 -0.10   -0.09 0.13  0.24  0.83 20.60 43.99 111.44 
(2.42) (7.72)  (3.44) (2.06) (-3.17)   (-2.26) (3.07)  (5.37)   (0.61) (0.56) (0.08) 

FPINDWIM7 36.96 0.47  0.10   -0.17  -0.11   0.11  0.55 14.13 34.95 85.12 
(6.45) (10.41)  (2.39)   (-3.91)  (-2.39)   (2.54)   (0.92) (0.88) (0.68) 

FPINDWIM8 21.53 0.42  0.10   -0.14  -0.09   0.24  0.72 19.52 44.68 108.13 
(5.50) (9.53)  (2.43)   (-3.55)  (-2.02)   (5.63)   (0.67) (0.53) (0.12) 

FPINDWIM9 18.76 0.37  0.19  -0.10 -0.10  -0.10   0.27  0.80 19.80 49.38 111.22 
(5.84) (8.48)  (4.35)  (-3.49) (-2.46)  (-2.33)   (6.25)   (0.65) (0.34) (0.08) 

 
 



Chapter 6 

100 

 

All the coefficients estimated for the 26 AR model showed a high statistical 

significance (i.e. the absolute value of the Student t > 2). In addition, the L-B Q test 

statistics for all model residuals took lower values at lags 23, 46 and 92 (half, one, and 

two years) than its corresponding critical values. Consequently, the test rejected the 

hypothesis of residual autocorrelation with a high probability (greater than 0.05 for 

any lag except for the fuel type 1 in the alpine region at lag 92). It can therefore be 

affirmed that there is absence of autocorrelation in the residuals for all EMs.  

The developed EMs were grouped in 10 GMs based on the common dynamic 

factors found in them (i.e. common lags). Table 6.6 shows the significant parameter 

lags of these GM.  
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Table 6.6. Selected generic models, common factors.  

Group code Description Grouped models Significative lags 

1 Alpine and temperate grassland A1, A2, T1 y T2 1, 3, 10, 21, 23, 34, 45, 46, 55 

2 Alpine and temperate shrubs A3, A4, A5, A6, T3, T4, T5, T6 1, 3, 10, 21, 23, 34, 46 

3 Mediterranean grassland M1 y M2 1, 3, 10, 21, 45, 46 

4 Mediterranean shrubs-grassland M3 1, 2, 3, 10, 21, 46 

5 Mediterranean shrubs M4, M5 y M6 1, 3, 4, 10, 22, 42, 46 

6 Temperate shrubs- woodland T7 1, 3, 10, 34, 42, 46 

7 Mediterranean shrubs- woodland M7 1, 3, 21,23, 46 

8 Alpine woodland A8, A9 1, 3, 22, 42, 46 

9 Temperate woodland T8 y T9 1, 3, 16, 22, 34, 42, 46 

10 Mediterranean woodland M8 y M9 1, 3, 10, 21, 23, 46 

Ai: alpine region; Ti: temperate region; Mi: Mediterranean region; i: fuel type. 
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Figure 6.6 shows the location of the pixel time series corresponding to the each 

GM. Table 6.7 shows the mean Q values at lag 46 which shows the non-random 

component associated with each GM. The noisiest pixels are those associated with the 

GM 6 (i.e. temperate shrub woodland), while the less noisy pixels are those that 

correspond to GM 3 (i.e. Mediterranean grassland).  

2.- Modeling of spatially continuous MODIS image. 

 
Figure 6.6. Spatial distribution of pixels associated to the generic models. 
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Table 6.7. Mean Lunj-Box Q values at lag 46 (one year) for pixels associated to each 
generic model.  

Generic Model Q-value 

1 (Alpine and temperate grassland) 5808.15 

2 (Alpine and temperate shrubs) 3747.99 

3 (Mediterranean grassland) 7079.37 

4 (Mediterranean shrubs-grassland) 5574.75 

5 (Mediterranean shrubs) 6216.74 

6 (Temperate shrubs- woodland) 735.63 

7 (Mediterranean shrubs- woodland) 4362.05 

8 (Alpine woodland) 3248.64 

9 (Temperate woodland) 2127.24 

10 (Mediterranean woodland) 4553.91 

Model coefficients were estimated at the pixel level based on the 

corresponding GM. Figures 6.7a, b, c, and, 6.7.d show the spatial distribution of the 

model intercept and the coefficients at short, medium and long term time scales 

respectively (approximately, 1, 23 and 46 lags). The adequacy of each EM was assessed 

by the L-B Q statistic of the residuals. The test results indicate that in 95.44% of the 

cases, residuals are white noise (i.e. they are time-independent). Table 6.8 shows the 

percentage of valid EMs per GM. The EMs associated with GM 3 (i.e. Mediterranean 

grassland) present the highest percentage of valid models (99.15%). 
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     a)                                 b)                              c)                               d)    
Figure 6.7. Spatial distribution of the intercept (a) and the coefficients at short term 
(lag 1) (b) medium-term (lags 21-22) (c) and long term (lag 46) (d). White means 
NODATA. 

Table 6.8. The number of the valid estimated models for each generic model group 
and the corresponding percentage in relation to the total number of pixels associated 
to each generic model. 

Generic Model 
Valid Estimated Models 

Number  Percentage (%)  

1 (Alpine and temperate grassland) 2756 98.89 

2 (Alpine and temperate shrubs) 2848 94.56 

3 (Mediterranean grassland) 18274 99.15 

4 (Mediterranean shrubs-grassland) 33 97.06 

5 (Mediterranean shrubs) 5003 97.91 

6 (Temperate shrubs- woodland) 62 65.26 

7 (Mediterranean shrubs- woodland) 360 70.04 

8 (Alpine woodland) 2597 92.78 

9 (Temperate woodland) 3559 86.70 

10 (Mediterranena woodland) 3547 88.32 

Figures 6.8a and 6.8b show the spatial distribution of the Theil inequality 

coefficient U for the historic and the 2009 forecasting respectively. For the historic 

prediction, the U is smaller than 0.1 in 42% of the valid EMs (i.e.17,535 EMs), and 

between 0.1 and 0.24 in 52% of them (i.e. 21,504 EMs). Similar results were found for 

the 2009 forecasting with slightly higher U values (i.e. less accurate) in this case. Lower 

U values are found in northern Navarre. Figures 6.9a and 6.9b show the histograms of 

the Theil inequality coefficient U for historic and future predictions respectively, and 
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Figures 6.9c and 6.9d show the histogram of the coefficient U proportions (bias, 

variance and covariance). Table 6.9 presents U, US and UV value of the historic 

prediction per GM.  

 
      a)                                                                        b)    
Figure 6.8. Spatial distribution of Theil inequality coefficient U values for the historic 
prediction (a) and the future prediction of the year 2009 (b) for the valid estimated 
models. Grey scale, black (0) and white (0.3) mean minimum and maximum value 
respectively. 
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        a)                                                                                               b) 

 
          c)                                                                                               d) 
Figure 6.9. Theil inequalitycoefficient U histogram for the historical prediction from 
2001 to 2008 (a) and the forecasting for the year 2009 (b). The error components of 
the Theil coefficient U histogram for the historic (c) and future prediction (d), in blue, 
red and black the bias, variance and covariance proportion respectively. 

Table 6.9. Theil inequality coefficient U and the bias and variance proportion for the 
historic prediction. In addition, the percentage of valid estimated model with a UV 
between the following ranges: 0-30; 30-50 and > 50. 

Generic 

Model 
U US UV 

Percentage valid EM 

UV (0-0.3) 
UV (0.3-0.5) UV 

(>0.5) 

1 0.1567 0.0001 0.1110 98.15 1.52 0.33 

2 0.0690 0.0690 0.2363 79.43 17.87 2.70 

3 0.1397 0.0006 0.0644 99.53 0.10 0.37 

4 0.0621 0.0003 0.1380 93.94 6.06 0.00 

5 0.0669 0.0001 0.0832 99.76 0.04 0.20 

6 0.0403 0.0005 0.6295 9.68 14.52 75.80 

7 0.0780 0.0009   0.2238 75.56 8.05 16.39 

8 0.0504 0.0001 0.2855 58.88 36.12 5.00 

9 0.0480 0.0004 0.3462 37.18 50.04 12.78 

10 0.0498 0.0004   0.1870    87.79 11.39 0.82 

 

N
º P

ix
le

s

Theil inequality coefficient U

N
º P

ix
le

s

Theil inequality coefficient U

N
º P

ix
le

s

Theil inequality coefficient U
N

º P
ix

le
s

Theil inequality coefficient U



Chapter 6 

 
107 

Figure 6.10 shows some examples of the original and 2009 forecast FPINDWI time 

series; prediction intervals are also represented.  

                       Model 1                                      Model 2                                      Model 3                       

 

                       Model 4                                      Model 5                                      Model 6                       

 

                       Model 7                                      Model 8                                      Model 9                       

 

                       Model 10                       

 
Figure 6.10. Predictive (red) and original (blue) forest fire risk for the year 2009 for the 
10 generic models. In green are presented the prediction intervals. 
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6.6.DISCUSSION  

In this study fire forest risk has been forecast for the year 2009 at the pixel level 

based on FPINDWI time series from 2001 to 2008. Also the FPINDWI dynamics have been 

analyzed to explore and explain general patterns. 

Since climate and fuels are the main drivers for fire risk, this work has been 

based on the hypothesis that different ecoregions and fuel types are characterized by 

different forest fire behavior, thus should be modeled in a different manner. 

Exploratory analysis of FPINDWI time series and previous works (Huesca et al., 2009a) 

agree with this hypothesis. Thus, one EM per pixel has been developed based on 

several GMs following the B&J methodology. 

The fire risk (Figure 6.4) in the Mediterranean region where the fire spread 

element is mainly grass follows a clear uni-modal pattern with very low (even negative) 

values during the non-fire season, and high values during summer. The fire risk in 

temperate region associated with shrubs also follows a clear annual pattern but 

presents higher values over the course of the year and a broader cycle. In addition, fire 

risk is high during summer and fall and the maximum is reached later than in the 

Mediterranean ecoregion. However, the behavior of the fire risk in the alpine region 

associated with litter is very different; fire risk follows a pattern with two relative 

maxima, in spring and summer-fall. The ACF (Figure 6.4) associated with these time 

series also confirms the differences found among them.  

Spatial distribution of the ACF significant lags and Ljung-Box Q values (Figures 

6.3, 6.5c, and 6.5d) evinces a more irregular FPINDWI pattern in the temperate and 

alpine ecoregions (i.e. lower autocorrelation at 8 days and one year, and higher Q 

values). The Mediterranean region shows a more regular fire risk, probably due to the 

summer drought regularity, which stabilizes the fire risk pattern. On the other hand, 

the alpine and temperate regions are characterized by higher moisture availability and 

variability, which result in a more variable fire risk pattern. In addition the common 

presence of clouds in the alpine and temperate regions, even during the summer, 

could distort the information or mask the temporal changes. 
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In the initial stage, 26 AR models (EM) were developed based on the different 

combination of fuel type-ecoregion. Seasonal AR parameters at significant lags were 

introduced into each model to incorporate the seasonal dynamics of the FPINDWI 

(Tables 6.3, 6.4 and 6.5). All EMs share common dynamic factors with an AR parameter 

at short-term (1, 2, and 3 lags ≅ 8, and 16 days) and long term (45 and 46 lags, ≅ 1 

year). This indicates that forest fire risk depends largely on the fire risk on the 

preceding MODIS date (≅ 8 days before). In addition it shows that the fire risk today is 

similar to one year ago. The significant negative relationship found at medium-term 

(21, 22 and 23 lags ≅ approximately 6 months) (except in the temperate shrub 

woodland) may explain the negative relationship between spring and fall fire risk; wet 

springs could generate large amounts of biomass that can be burned during summer or 

fall. Besides, there is a negative relationship at lag 10 (≅ approximately 2.5 months), 

mainly in EMs related to grassland and shrubs, which may indicate that these fuel 

types respond faster to weather condition changes. 

The 26 EMs have been grouped into 10 GMs (Table 6.6) based on similarities in 

terms of dynamic factors. In terms of ecoregions, Mediterranean fuel types were not 

grouped in any case with alpine or temperate fuel types, and fuels associated with 

litter could not be grouped with fuel types associated with grass or shrubs. Fuel type 7 

shows very different dynamics and consequently was modeled independently for the 

Mediterranean and temperate ecoregions. These results show that fuel type and 

climate play a significant role in fire risk dynamics, and have to be considered in the 

modeling process. 

Pixel-specific AR models for the entire study area have been estimated based 

on 10 GMs that were developed, so pixels that belong to the same GM still have their 

own intercept and coefficients. Forty five percent of the pixels belong to GM 3 

(Mediterranean grassland) while GMs 4 (Mediterranean shrub-grassland) and 6 

(temperate shrub- woodland) represent only 0.08 and 0.23% of the total number of 

pixels respectively. The fact that pixels associated with GM 7 (Mediterranean shrub- 

woodland) follow Mediterranean river basins indicates that this model is associated 

mostly with riparian vegetation. Most of the pixels associated with GM 10 are located 

in the transition zone between the alpine and Mediterranean ecoregions.  
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The EM intercept values (Figure 6.7a) are lower in the southern part of the 

study area. These areas are dominated by Mediterranean herbaceous species 

characterized by a lower mean FPINDWI value. In addition, within each ecoregion, fuel 

types associated with litter as the fire spread element show the highest intercept, as 

well as the highest mean FPINDWI. Regarding the model coefficients at lag 1 and 46 (i.e., 

8 days and 1 year) (Figures 6.7b, 6.7c), the Mediterranean area presents the highest 

coefficients, that is, a higher correlation between the fire risk in the short-term and 

one year ago. This result indicates that the EMs capture the relationships between the 

risk today and the risk 8 days and one year ago, and the existence of a stronger annual 

pattern in this region. The lowest positive coefficients values at short-term are mainly 

located in the northern part of the temperate region and the transition zone between 

the Mediterranean and alpine ecoregions, which may indicate that the short-term 

response is more variable in these areas. 

Results from the goodness of fit tests for the EMs were found to be satisfactory 

for 95% of the modeled time series (39,039). More than 85% of EMs associated with 

each generic model, present white-noise structure in the residuals, except for the EMs 

associated with ‘shrub – woodland’ fuel types. In the Generic Model 6 (temperate) and 

7 (Mediterranean), valid models represent 65.26% and 79.04% of EMs, respectively. 

This may be due to several factors: (1) both groups are represented by a reduced 

number of pure pixels, because in the temperate region there are few pixels 

associated with fuel type 7, and in the Mediterranean ecoregion, pixels that belong to 

this fuel type are linked to riparian vegetation with a high level of mixing, (2) time 

series associated with GM 6 (i.e. temperate shrub-woodland) present low Q statistic 

value (i.e. they are noisier), and (3) in the riparian vegetation class (GM7) there is a 

high variability, that makes the modeling process more complex.  

In the GM 3 (Mediterranean grasslands), only 1.11% of EMs show 

autocorrelation in the residuals (Table 6.8). GMs associated with litter (GM 8, 9, and 

10) show intermediate results; the lower percentage of valid models in relation to EMs 

associated with grassland could be due to the fact that in the FPINDWI calculation, 

coniferous and broad-leaved forests are considered to be the same fuel type (i.e. both 

are associated with litter). The phenological cycle of evergreen forests presents smaller 
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seasonal amplitude than deciduous forests, resulting in larger amplitude of FPINDWI in a 

deciduous forest under the same weather conditions. Figure 6.11a shows the temporal 

evolution of FPINDWI for two pixels classified under the same fuel type and ecoregion, 

one belonging to a conifer alpine forest dominated by pine and fir, and the other to 

deciduous beech forests. The ACF shows that the annual pattern is not as clear in 

deciduous forests that show two relative maxima (i.e. in spring and in fall), as in conifer 

forests that present a unimodal pattern with an absolute maximum in summer (Figure 

6.11b). 

 

              a)                                                                          b)  
Figure 6.11. (a)Temporal evolution of FPINDWI from February 2000 to December 2008 
and (b) autocorrelation values for the first 150 lags for a conifer (blue) and a broad-
leave (green) forest. 

The low U values obtained for valid EMs (i.e. EMs with structure of white noise 

in the residuals) demonstrate the high accuracy of the selected models (Figures 6.9a 

and 6.9b). Smaller U values (i.e. higher model accuracy) are associated with EMs of the 

temperate and alpine regions, although they do not present a statistically significant 

difference with those in the Mediterranean ecoregion. A more accurate assessment 

has been obtained from the analysis of U coefficient proportions of the historic 

prediction (Table 6.9). The bias proportion was close to zero in all study regions, but 

significant differences were found in the variance proportion UV. In general terms, the 

EMs from the temperate and alpine regions are characterized by a higher UV, 

specifically those derived from GMs 6 and 9, indicating a higher error in the variance, 

while in the Mediterranean region only models derived from GM 7 show this problem. 

In total, just 2.26% of valid EMs show a UV higher than 0.5, which may suggest a review 

of these EMs.  

In general terms the lower model accuracy in terms of variance found in the 
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temperate and alpine region may be due to the irregularity associated with these 

regions, which may affect model performance and forecasting. Jiang et al., (2010) 

found similar result when forecasting evergreen forest dynamics. They demonstrated 

that the poorer predictive ability in evergreen forests was due to the small LAI 

seasonal amplitude in comparison to the noise level. In addition, they found a direct 

relationship between data quality and forecast accuracy. Verbesselt et al., (2010b) also 

found that signal-to-noise ratio affects change detection. Moreover, Liang, (2001) 

obtained less accurate result in the classification procedure using periodograms or 

ARIMA models due to the influence of cloudy pixels. 

6.7.CONCLUSIONS 

In general, the estimated models in 95.44% of the area were valid, with only 

2.26% showing high error in the variance for the historic and future forecasting. It can 

therefore be concluded that 93.18% of EMs are accurate and present good 

forecastability. Specific conclusions are as follows:  

(1) The selected Generic Models for different fuel type-ecoregion combinations 

can represent the general risk pattern and accurately capture fire risk variability.  

(2) Pixel specific EM of FPINDWI accurately reproduced original FPINDWI dynamics. 

(3) The usefulness of autoregressive models using original data and introducing 

significant seasonal AR parameters for modeling and forecast FPINDWI was 

demonstrated. 

(4) The differences found in temperate-alpine and Mediterranean regions in 

terms of model precision suggest that data quality may negatively influence model 

accuracy in forest fire risk estimation.  

In conclusion, results of this research show the capability of TSA to analyze 

MODIS time series in order to describe and forecast environmental variables at the 

pixel level (in this case forest fire risk). The availability of longer time series will allow 

the development of more accurate pixel-specific models at different spatial scales, 

which opens a new perspective in terms of monitoring. 
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7. VEGETATON FUNCTIONING ASSESSMENT BASED ON TEMPORAL 

AUTOCORRELATION: APLLICATION TO A BROAD-LEAVED FOREST 

7.1.INTRODUCTION 

Spectral information acquired by optical remote sensors is used to estimate 

biophysical variables or other indicators related to the state of ecosystems (Tucker et al., 

2001). Due to the availability of several operative remote sensing (RS) satellite systems 

with frequent observations and large spatially continuous coverage, RS data has become 

an excellent and operative source of information to monitor land surface across several 

scales and at different levels of landscape heterogeneity. 

Generally the link between remote sensing data and land surface processes relies 

on vegetation functioning which in general terms can be explained using two different 

approaches: (i) the vegetation strategies of adaptation under different climate and 

environmental constraints, and (ii) their sensitivity to environmental disturbances. 

Depending on the approach, different definitions of the so-called ‘Plant Functional Types’ 

(PFT) can be established. The first approach defines a PFT as a group of species that uses 

the resources in the same way (Smith et al. 1989, Box et al. 1996). A second approach 

group the species based on their similar response to a disturbance (Pausas et al., 1999, 

Lavorel et.al., 1997, Lavorel et al., 1999). Also, there are some definitions that include 

both types of approaches (Semenova et al., 2000). According to the PFT definitions, a PFT 

does not have to coincide with a specific species, thus, different species can belong to the 

same PFT if they share similar traits and they respond to an environmental change in the 

same way. Even within the same vegetation type one could distinguish different PFTs if 

their strategies of adaptation are different. In this sense, the relevant traits to PFT 

discrimination are not a simple issue since it depends on the PFT definition and the aim of 

the research (Petchey et al. 2006).  

Generally when using medium or low spatial resolution data for climatic or land 

surface processes models, the pixels are classified as belonging to a specific Biome that 

often is equivalent to a PFT. However it is widely accepted that a specific PFT do not exist 
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as an independent entity isolated from others, but mixed with other PFTs as a response to 

environmental characteristics and resources availability along gradients. In this sense the 

level of mixing depends on the landscape heterogeneity and image spatial resolution. De 

Fries et al. (1999, 1995) describe the vegetation as “continuous fields” so that a pixel is 

composed by different proportions of PFT. In this sense Bonan (2002) found that 

considering a pixel as a mix of patches of PFTs can improve the accuracy of the climate 

models. 

In the PFT approach structural properties are linked to physiological traits, (see 

Ustin et al., 2010, for a comprehensive discussion on “functional convergence”) which 

results in consistent responses to resource availability and disturbances and thus 

detectable from RS. This is directly linked to the concept of ecosystem, whose definition is 

applicable in the RS domain, because of the great deal of interest of how the ecological 

processes change as a function of scale (spatial and temporal). In this context the biotic 

and abiotic environments are integrated into a dynamic system that can be assessed in 

terms of vegetation functioning composed by PFT. As Ustin and Gamon (2010) stated “the 

concept of functional type has emerged as a useful tool to provide balance between 

abstraction and detail to address large scale ecosystem processes”.  

The length and data frequency of RS time series makes it possible to create a 

working framework in which multi-temporal analysis of spectral information allows 

characterizing and monitoring land surface (Liang et al. 2009, White & Nemani 2006) in 

terms of ecosystem functioning as integrated by PFTs. Due to the availability of RS data at 

different resolutions their interpretation is highly dependent on scale. Ustin and Gamon 

(2010) defined the new concept ‘optical-type’, built on basic ecological principles, and 

characterized by optical properties detectable from remote measurements. In this 

context the availability of RS time series makes it possible to monitor “optical type” 

dynamics, which in an ecological context can be associated with ecosystem functioning. In 

this work we advance on the “optical type” concept by proposing the “Optical Type 

Functioning” which relies in two ideas: (1) a specific “optical type” dynamics (i.e. pixel 

time series) responds coherently to the landscape functioning as composed by Plant 
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Functional Types in a broad sense and (2) it should be possible to represent the “Optical 

Type Functioning” in a quantitative, synthetic, and comprehensive way. 

Thus, the implementation of the concept of “Optical Type Functioning” (OTF) will 

facilitate to assess and characterize quantitatively land surface functioning including 

regular phenological patterns together with ecosystem responses to environmental 

variability due to disturbance at the landscape level. 

The integration of RS with the phenology science, named Land Surface Phenology, 

considers the study of phenology and phenological processes at the landscape level based 

on RS indices or derived variables. Most of the approaches to analyze land surface 

phenology with RS time series are based on the identification of specific dates of events 

by defining threshold values (Chen et al., 2001, White et al., 1997). The so-called 

“phenometrics”, derived usually from NDVI – Normalized Difference Vegetation Index, 

are highly related to plant functioning and they can be utilized to assess the dates and the 

occurrence of phenological event. The most commonly used phenometrics are the timing 

(start and end of season), the length of the season, the annual integral, the amplitude and 

the maximum of the photosynthetic activity. Phenometrics are used for carrying out 

phenological classifications (Lloyd, 1990), for analyzing the inter-annual variability of 

vegetation dynamics in relation to climatic variables (Paruelo et al., 1998, Paruelo et al., 

2001) or for characterizing vegetation dynamics in different biomes (Steenkamp et al., 

2008).  

Statistical Time Series Analysis comprises a set of tools and methodologies 

oriented to extract TS general behavior (i.e. general functional patterns) as opposed to 

the classical RS methods such as phenometrics which focus generally on the identification 

of event occurrence. That is, TSA methods are focused on the “how” (the land surface 

functioning is) instead of on the “when” (specific events happen). Thus, this methodology 

seems to be an appropriate basis to assess “Optical Type Functioning”. 

Within this domain, the autocorrelation analysis materialized in the 

autocorrelation function (ACF) (Box et al., 1994), enables to evaluate quantitatively the 
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stability (in terms of seasonality and periodicities) of a temporal pattern. Generally this 

tool is used to characterize time series behavior in order to develop forecasting models.  

In the field of RS land surface functioning assessment the ACF should makes it 

possible to explain the significance of phenology as response to the environment regular 

conditions, and the importance of inter-annual variability as response to disturbances and 

anomalies on a pixel basis. This information can be used with different purposes such as 

parameterizing climatic and ecological models or identification of pixel composition. In 

addition, this approach makes it possible to extract useful information to assess the 

presence of noise in the RS time series (Ljung-Box 1978) and extract remaining useful 

information. 

The general aim of this research is to explore the concept of “Optical Type 

Functioning” as a useful indicator of land surface dynamic and analyze it in terms of 

temporal autocorrelation. Specifically we will address the following issues: 

(1) To test whether different “Optical Type Functioning” groups can be identified 

and assessed by means of the temporal autocorrelation of NDVI time series  

(2) To assess the level of agreement between specific NDVI phenometrics and 

Optical Type Functioning assessed by ACF. 

(3) To test whether “Optical Type Functioning” groups could represent “ecosystem 

functioning” in terms of PFT composition.  

(4) To verify the proposed paradigm: Can individual pixels be characterized and 

monitored as temporal unities based on its functioning? 
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7.2.STUDY AREA 

The study area comprises the broad-leaved forest of Navarre (North Spain). These 

forest patches represent 61.63% of the Navarran forests (27% of its area) (Figure 7.1). 

Due to its location in a transition zone between temperate broad-leaved deciduous forest 

and Mediterranean broad-leaved xerophytic forest some species as Fagus sylvatica L. 

reach their southern European distribution. The variability presented in Navarre could 

provide a background to understand the possible impact of global change over the 

vegetation dynamics. 

 

Figure 7.1.(a) Location of Navarre within the Iberian Peninsula, (b) broad-leaved forests 
distribution within Navarre. 
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7.3.MATERIAL  

The remote sensing data used was a set of 368 (i.e. from January 2001 until 

December 2008) 8-day composites from the MODIS surface reflectance product 

MOD09A1.  

Remote sensing data 

Three Land Use maps corresponding to the years 1999, 2007 and 2009, as well as 

the National Forest Map (NFM) were used. All the maps corresponded to the Navarre 

province and were at 1:50,000 scale. The first three were provided by the Government of 

Navarre. The NFM, which was provided by the Ministry of Agriculture, Food and 

Environment, offers much more detail in terms of forestry issues (species composition, 

etc). 

Ancillary data 

7.4.METHODS 

Figure 7.2 shows the methodology flowchart. Each of the methods is described in 

the following paragraphs. 

 
Figure 7.2.Methodology flowchart. 
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MODIS image products were downloaded and projected into UTM – zone 30N – 

WGS-84 coordinate system. Afterwards, the Normalized Difference Vegetation Index 

(NDVI) was computed for each date using the red and near-infrared (NIR) channels. 

MODIS image product pre-processing  

In order to improve the quality of the data, outliers were eliminated using 

thresholds defined from the mean plus/minus two times the standard deviation. Those 

outliers were replaced by temporally interpolated values using a low pass convolution 

filter with a kernel size of 3x3. 

As mentioned before, the study area refers to the broad-leaved forest of Navarre. 

In this sense, last step in MODIS data pre-processing consisted the selection of ‘pure 

broad-leaved pixels’. Each pixel was labeled as pure broad-leaved when more than 90% of 

its area was located in the broad-leaved class, according to the available Land Use Maps. 

To be sure the pixels analyzed were ‘pure pixels’ only those ones that were labeled as 

pure within the three available versions of the Navarre Land Use Map (1999, 2007 and 

2009) were selected. 

The Autocorrelation Function (ACF) at 150 lags was computed from the MODIS 

NDVI time series at the pixel level. The ACF, which was implemented using IDL language, 

estimates the correlation of a variable with itself at different lags or time separations. The 

ACF is used to find repeating patterns or the presence of periodic components which 

could be hidden by the noise. 

Autocorrelation function estimation and processing 

The ACF was also used to estimate the Ljung-Box Q (L-B Q) statistics for white 

noise identification (Ljung-Box 1978) at the pixel level, to analyze the randomness of each 

time series in the image. This statistics estimates whether the AC of a time series is 

different from zero at every lag. Thus, the null hypothesis is that there is no 

autocorrelation up to order k. White noise time series were removed for further analysis. 
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This test seems to be appropriate for remote sensing data which is usually affected by 

artifacts that modify the signal, making difficult to identify useful information.  

A set of phenometrics were derived from the pre-processed non-random MODIS 

NDVI time series by means of the TIMESAT software (Eklundh et al., 2002, Jönsson et al., 

2004). Time series were smoothed using a modified version of the Savitzky-Golay filter 

and the phenometrics were extracted. The phenometrics used are: Small Integral (SI), 

Amplitude (A), Maximum value (M), Base Value (BV), and Start of Season (SS). (Figure 7.3) 

Phenometrics calculation 

 

Figure 7.3.TIMESAT phenometrics (http://www.nateko.lu.se/TIMESAT/timesat.asp). 

 

 

 

 

http://www.nateko.lu.se/TIMESAT/timesat.asp�
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1.-Identification of Optical Type Functioning 

Optical Type functioning assessment.  

Optical Type Functioning has been assessed based on the properties of 

autocorrelation function. A vector comparison method was used to capture the general 

patterns related to forest dynamics while a higher level of detail was achieved by Principal 

Component Analysis (PCA). 

Spectral Angle Mapper (SAM) (Kruse, 1993) is a vector comparison method used in 

remote sensing. In this method the ACF would be considered as an n-dimensional vector. 

Thus differences in shape between ACFs can be calculated as the angle between two 

vectors. In this work reference ACFs (RACF) are extracted in order to compare with the 

ACFs from each pixel. Small angles mean that the pixel ACF and the reference are similar 

in shape. Clusters were made based on the angle values. The reference ACFs were 

collected trying to capture all the spatial variability in terms of seasonality. 

Autocorretation functions from time series with (1) one annual cycle, (2) two annual 

cycles and (3) no cycle (time series without seasonality) were selected based on the 

significance of the AC at each lag. In addition, we decided to include a forth one based on 

the exploratory analysis of the data which showed an intermediate pattern between one 

and two annual cycles (i.e. a less significant year annual pattern). 

Principal Component Analysis 

Significant differences among OTF groups in terms of phenometric values (8-year 

average) were tested by means of a parametric analysis of variance (ANOVA) and a 

multiple range test.  

(PCA) (Richards, 1999) was performed to reduce the 

ACF dimensionality and identify ACF-based subgroups within each of the previously 

identified clusters. PCA finds a set of orthogonal axes that maximizes the variance of the 

data, producing a set of uncorrelated output variables that are linear combinations of the 

original ones. By definition, the first PC contains the largest percentage of data variance.  
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2.- Evaluation of Optical Type Functioning  

Optical Type Functioning groups were characterized based on ACF general shape 

and their phenometrics, first in terms of the mean of the 8-year average for each class 

and second in terms of their inter-annual variability (or temporal stability) measured by 

the mean of the 8-year CV for each class.  

Vegetation composition within each OFT groups was estimated in terms of the 

dominant forest species based on information from the National Forest Map.  
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7.5.RESULTS 

Figure 7.4 shows the NDVI spatial distribution for each season in 2005. Figure 7.5 

shows the autocorrelation values at lags 1 (8 days), 23 (6 months) and 46 (1 year) for 

every pure broad-leaved pixel. Both the NDVI and ACF images show clear and contrasting 

patterns in the study area between the temperate-alpine ecoregions and the 

Mediterranean area. 

 

Figure 7.4. NDVI values of broad-leaved ‘pure pixels’ in the four season of the year 2005. 
(a) Spring (end of April), (b) summer (end of July), (c) fall (end of October), (d) winter (end 
of January). 
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Figure 7.5. Autocorrelation spatial distribution at lags 1 (a), 23 (b) and 46 (c) of broad-
leaved pure pixels.  

Figure 7.6a shows the spatial distribution of the Ljung -Box Q values at lag 46 (1 

year) for the pixels analyzed. Higher values of the Ljung-Box Q statistic, which meant 

noisier time series, were found in the transition zone between the Mediterranean and the 

other two ecoregions. Figure 7.6b shows all those pixels (197, 2.7%) with time series 

identified as white noise, according to the Ljunj-Box Q value at lag 46. Pixels with L-B Q 
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values lower than the critical value of the Chi-square distribution (χ2α(k)) at 1% of 

significance (74.40) were removed from the analysis.  

Figure 7.7 shows the four reference ACFs and the corresponding NDVI time series. 

The first RACF which corresponds to a Strong Yearly Seasonal Dynamic (SYSD) is 

characterized by high and positive autocorrelation values (0.82 to 0.48) in the first 5 lags 

(8-day to 40-day), high and negative values (-0.63 to -0.65) in the 22 to 24 lag interval 

(around 6-month), and positive and high values (0.60 to 0.66) again in the 44 to 46 lag 

interval (around 1-year) (Figures 7.7a and 7.7b). The second RA represents a Moderate 

Yearly Seasonal Dynamic (MYSD), characterized by moderate to low positive values that 

decrease rapidly in the first 5 lags (0.69 to 0.27), moderate and negative values (-0.24 to -

0.22) in the 22 to 24 lag interval, and again moderate positive values (0.35 to 0.38) in the 

44 to 46 lag interval (Figures 7.7c and 7.7d). The third RA represents a time series with 

Slight Double Seasonal Dynamic (SDSD). The positive autocorrelation values around lag 23 

(6-month) may indicate a double cycle within the annual dynamics. The autocorrelation 

function shows moderate positive autocorrelation values in the first 4 lags (0.58 to 0.18), 

low and positive autocorrelation values in the 22 to 24 lag interval (0.16 to 0.20) and 

moderate significant autocorrelations (0.23 to 0.26) between the 44 and 46 lags (Figures 

7.7e and 7.7f). The fourth RA represents a Non Seasonal Dynamic 

 

(NSD), it is 

characterized by moderate positive autocorrelation value that decreases rapidly in the 

first 5 lags (0.52 to 0.19) followed by no significant autocorrelation and very low values in 

the 22 - 24 and 44 - 46 lag intervals (0.08 to 0.05, and 0.11 to 0.05, respectively) (Figures 

7.7g and 7.7h).  
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Figure 7.6.(a) Ljun-Box Q values at lag 46. (b) White noise pixels. 
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      a                                                                                   b   

 
      c                                                                                   d   

 
     e                                                                                   f   

 
      g                                                                                   h   
Figure 7.7.Temporal evolution of NDVI (a) and ACF (b) associated to the patter Strongly 
Yearly Seasonal Dynamics. NDVI (c) and ACF (d) associated to the patter Moderate Yearly 
Seasonal Dynamics. NDVI (e) and ACF (f) associated to the patter Slight Double Seasonal 
Dynamics. NDVI (g) and ACF (h) associated to the patter Non Seasonal Dynamics. 
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The result of the vector comparison classification is presented in Figures 7.8 and 

7.9. Most of the pixels were assigned to the SYSD group (Figure 7.8a) (5,793 out of 7,075 

pixels, 81.88%), followed by the MYSD group (Figure 7.8b) (938 out of 7,075, 13.26%). 

Only 2.16% of the pixels were in the SDSD group (Figure 7.8c) (153 out of 7,075) and less 

than the 1% of the pixels in the NSD group (Figure 7.8d) (60 out of 7,075, 0.85%). In 

addition, 131 pixels (1.85%) were not classified. Those unclassified pixels were removed 

from further analysis because they were found to be close to white noise according to the 

Ljung-Box Q statistic (Figure 7.9f).  

 
Figure 7.8. SAM classification results for broad-leaved forest pure pixels. (a) SYSD, (b) 
MYSD, (c) SDSD, and (d) NSD. 
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a                                                                               b   

 

c                                                                               d 

 

f                                                                               

Figure 7.9. Autocorrelation function max, min (red), standard deviation (blue), mean 
(black) for the clusters, (a) SYSD, (b) MYSD, (c) SDSD, (d) NSD and (f) unclassified pixels. 
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Results from the multiple range test (Table 7.1) show that there is a statistically 

significant difference (at 95.0% of confidence level) in means for all phenometric between 

the SYSD and the other three clusters. Between the MYSD and SDSD groups and SDSD and 

NSD groups, we found differences in 3 out of the five used phenometrics. 

Table 7.1.Multiple range test result of SYSD, MYSD, SDSD, and NSD groups. SI: small 
integral; SS: start of season; A: amplitude; M: maximum value; BV: base value.  

CLASS SI SS A M BV 
SYSD-MYSD * * * * * 
SYSD-SDSD * * * * * 
SYSD-NSD * * * * * 

MYSD- SDSD *  * *  
MYSD –NSD * * * * * 
SDSD -NSD  * * *  

(*) The groups are statistical significant different 

Figure 7.10 shows the first Principal Component (PC1) which explained 80% of the 

data variability. The SYSD group was subdivided into 10 sub-groups based on the 

distribution of the PC1 values (we split the variable at each decile). Table 7.2 shows the 

multiple range test results from comparing pairs of classes. As it is shown there are 45 

possible combinations. Results show that there are statistically significant differences 

between pairs of subclasses in 26 out of the 45 pairs for all phenometrics and in 14 cases 

we found statistically significant differences for all the phenometrics, except for the SS. In 

four of them differences in 3 out of the five phenometrics were found, and just in one 

(SYSD2- SYSD3) there was statistically significant differences in only 2 out of 5 

phenometrics. Figure 7.11 shows the spatial distribution of the 13 Optical Type 

Functioning groups (10 SYSD, MYSD, SDSD, and NSD). Figure 7.12 show the average 

autocorrelations function of the 13 OTF groups. 
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Figure 7.10.The first component of the principal component procedure applied to ACF for 
the SYSD group. 

Table 7.2.Multiple range test result of 10 classes within SYSD. SI: small integral; SS: start 
of season; A: amplitude; M: maximum value; BV: base value. 

 SI SS A M BV 
1- 2 *  * * * 
1-3 *  * * * 
1-4 *  * * * 
1-5 *  * * * 
1-6 *  * * * 
2-3   * *  
2-4 *  * *  
2-5 *  * * * 
2-6 *  * * * 
3-4 *  * *  
3-5 *  * * * 
3-6 *  * * * 
4-5 *  * *  
4-6 *  * * * 
5-6 *  * *  
6-7 *  * * * 

7-10 *  * * * 
8-9 *  * * * 

8-10 *  * * * 
(*) The groups are statistical significant different 
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Figure 7.11.Final Optical Type Functioning groups.  

 

Figure 7.12. ACF of the Optical Type Functioning groups. 
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Table 7.3 shows annual mean values of each phenological metric within each of 

the 13 OTF groups. Annual mean values were used to characterize their annual pattern. 

Table 7.4 shows the inter-annual variability of the phenometrics, analyzed by means of 

the temporal coefficient of variation during the period 2001-2008 within each OTF 

groups. Finally, Table 7.5 shows the percentage that each species represent within each 

OTF groups. 

Table 7.3.The mean value of each phenometric in the 13 Optical Type Functioning groups. 

 
SI A M BV SS 

SYSD1 1008.79 47.38 92.12 44.27 14.18 
SYSD2 966.68 45.31 91.86 46.05 13.98 
SYSD3 943.42 44.16 90.76 46.10 13.86 
SYSD4 915.35 42.95 90.27 46.82 13.89 
SYSD5 893.62 41.40 89.63 47.72 13.88 
SYSD6 869.97 40.16 88.92 48.26 13.82 
SYSD7 818.33 36.91 86.80 49.39 13.41 
SYSD8 761.06 33.45 86.00 52.05 13.05 
SYSD9 655.32 28.50 83.48 54.47 12.64 
SYSD10 449.31 19.41 77.57 57.69 13.20 
MYSD  453.01 25.23 72.69 46.98 15.63 

 

Table 7.4.The temporal coefficient of variation of each phenometric in the 13 Optical 
Type Functioning groups defined. 

 
SI A M BV SS 

SYSD1 0.11 0.09 0.03 0.08 0.08 
SYSD2 0.12 0.09 0.03 0.08 0.08 
SYSD3 0.13 0.10 0.03 0.08 0.10 
SYSD4 0.14 0.10 0.03 0.08 0.11 
SYSD5 0.16 0.11 0.03 0.09 0.12 
SYSD6 0.17 0.11 0.03 0.09 0.14 
SYSD7 0.19 0.13 0.03 0.09 0.17 
SYSD8 0.23 0.15 0.03 0.09 0.20 
SYSD9 0.29 0.17 0.03 0.08 0.24 
SYSD10 0.37 0.22 0.03 0.06 0.31 
MYSD  0.38 0.18 0.04 0.07 0.56 
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Table 7.5.Percentage of vegetation species within each Optical Type Functioning group. 

 
SYSD1 SYSD2 SYSD3 SYSD4 SYSD5 SYSD6 SYSD7 SYSD8 SYSD9 SYSD10 MYSD SDSD NSD 

Coniferous 2.24 1.64 2.28 2.92 4.51 6.22 9.21 12.24 16.52 26.94 11.29 11.65 10.53 

Q.robur&Q.petraea 4.76 5.22 6.03 9.28 8.86 11.70 15.41 14.87 12.17 5.32 3.69 6.54 0.00 

Q.pyrenaica 0.45 0.16 0.06 0.32 0.37 0.47 0.27 2.09 1.85 0.49 0.22 0.25 0.00 

Q. faginea 0.00 1.26 4.07 2.90 4.32 2.74 5.75 10.97 16.70 14.13 20.54 18.17 0.54 

Q.ilex 0.00 0.36 0.13 0.19 0.36 1.01 0.75 2.40 6.13 31.19 40.81 41.21 75.85 

Q.rubra 0.96 0.48 0.91 0.61 0.74 0.62 1.92 1.16 1.34 0.88 0.28 0.32 0.00 

Fagus sylvatica 90.64 87.97 82.00 77.40 75.16 69.50 55.71 42.21 27.65 10.17 10.46 5.73 0.00 

Riparian 0.16 0.28 0.13 0.27 0.23 0.32 0.75 0.92 0.98 1.38 1.70 1.68 4.14 

Other broadleaf 0.33 0.81 1.44 2.12 2.68 2.83 2.78 2.98 1.54 1.76 0.21 0.60 0.00 

Other species 0.45 1.82 2.95 3.98 2.76 4.61 7.43 10.15 15.12 7.73 10.81 13.86 8.93 

 



Chapter 7 

 

136 

 

7.6.DISCUSSION 

NDVI spatial distribution (Figure 7.4) shows contrasting behaviours in the study 

area. The main differences were found between the Mediterranean and temperate-alpine 

ecoregions. NDVI values decrease gradually from north to south in spring and summer, 

while in fall and winter the opposite behaviour occurs. This fact agrees with the temporal 

behaviour of the deciduous species, which are dominant in the temperate-alpine 

ecoregion, versus the evergreen forests that are typical of the Mediterranean ecoregion. 

In addition, within the temperate ecoregion two different behaviours could be found. In 

the north, we found an intermediate pattern between the evergreen and the deciduous 

species, probably due to the influence of the evergreen understory vegetation under the 

deciduous forest in this region.  

The autocorrelation values also present a contrasting spatial distribution. The 

temperate and alpine regions show higher autocorrelation values than the 

Mediterranean region at 8 days and one year while autocorrelation at 6 month are more 

negative (Figures 7.5a, 7.5b, and 7.5c) showing an annual cycle more significant in the 

temperate and alpine than in the Mediterranean broad-leaved forests. This indicated 

different functioning patterns within the broad-leaved forest.  

The study area could be divided in four specific vegetation functioning types 

according to the temporal autocorrelation values. Pixel time series located mainly in the 

temperate and alpine ecoregions (Figure 7.8a), showed one significant annual cycle 

(SYSD). The second type of functioning, a moderate significant annual cycle (MYSD, Figure 

7.8b), is located in the transition between the Mediterranean and the other two 

ecoregions, and around patches of SYSD vegetation type, indicating a possible gradient in 

vegetation composition or environmental characteristics. Functioning types (SDSD and 

NSD) were mostly located in the Mediterranean region (Figures 7.8c and 7.8d). 

The ANOVA procedure and the multiple range test (Table 7.1) showed the level of 

consistency between the ACF and the phenological information. The four groups were 

significantly different for most of the phenometrics (see Table 7.1). The SYSD and MYSD 
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phenometrics showed consistent results within the group. This indicates that the 

functioning defined by the ACF takes into account phenological patterns as described by 

the phenometric approach. On the contrary, phenometrics in SDSD and NSD -groups did 

not show a clear pattern (high variability in mean values). In the case of the SDSD group 

(two annual cycles) this may be due to the fact that TIMESAT algorithms were developed 

for time series with one noticeable annual cycle, and the low significance of the two 

cycles results in the low accuracy of phenometrics estimations. The phenometrics high 

variability within the NSD group is consistent with the ACF results which showed a lack of 

clear seasonality in the time series not allowing deriving reliable phenometrics. The fact 

that these series were not classified as white noise indicates that while the original series 

do not show a clear phenological component the ACF is able to capture a functioning 

pattern.  

The important variability in terms of ACF and phenological patterns of the SYSD 

group, as well as a significant presence within the study area suggests that different 

functioning patterns maybe be found within this group. To prove this hypothesis the 

pixels in this group were classified in 10 subgroups according to the ACF PC1. 

Multiple range tests (Tables 7.1 and 7.2), accomplished for the 13 ACF based OTF 

groups (MYSD, SDSD, NSD and 10 groups derived from SYSD), showed significant 

differences in terms of their phenometics. 

The average autocorrelations in absolute value (Figure 7.12) decrease gradually 

for all lags from OTF groups SYSD1 to SYSD10, indicating a decrease in the importance of 

the annual cycle. Strong annual cycles are coincident with high values of the 

phenometrics Amplitude (A), Small Integral (SI), and Maximum (M) (Table 7.3), with 

similar trend from SYSD1 to SYSD10. On the contrary, the base value phenometric 

increases from SYSD1 to SYSD10. Table 7.5 shows a clear gradient in terms of type and 

number of species from SYSD1 to SYSD10 in the following way: Fagus Sylvatica,  Fagus 

Sylvatica + Deciduous Quercus sp.  Deciduous Quercus sp. + Evergreen Quercus sp. 

(sclerophyllous species)  Evergreen Quercus sp. 
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The Start of Season (SS) happens later in Fagus sylvatica pixels and come earlier as 

deciduous Quercus sp. presence increases in the pixel until group SYSD9. These 

differences may be due to the early growth of understory in relation to canopy 

development in deciduous forests. Deciduous Quercus sp forests are usually more open 

than those dominated by Fagus sylvatica and as a consequence must be more influenced 

by understory development. The latter are characterized by almost none understory, due 

to the lack of light at ground level. Results also show lower influence of understory in the 

start of season of evergreen forests, (SYSD10 and MYSD).  

Higher SI corresponded to areas where the Fagus sylvatica is dominant mainly 

located in the north of the study region (Figure 7.11). Lowest values are associated with 

sclerophyllous evergreen forest dominated by Quercus ilex. This parameter has been 

proved to be directly related to productivity (Alcaraz et al., 2006). So this is in agreement 

with productivity estimations (3erIFN of Navarre) which have shown that in this region 

Fagus forests are more productive than sclerophyllous evergreen forests (Tables 7.3 and 

7.5). 

In general terms, the coefficient of variation shows responses variability to 

environmental conditions (soil and climate). OTF groups dominated by deciduous species 

(i.e. SYSD1-SYSD7) show higher temporal stability (i.e. low CV), which decreases as 

Quercus sp. substitutes to Fagus sylvatica. OTF groups with higher presence of evergreen 

forests, (i.e. SYSD8-SYSD10) show higher temporal variability, which increases as 

sclerophyllous functional types increase. Deciduous forest, located within the temperate 

region show high stability mainly Fagus sylvatica, which in these areas is substituted by 

deciduous Quercus sp. probably due to a change in environmental conditions. From OTF 

groups SYSD8 to SYSD10 and MYSD deciduous species composition decreases clearly 

(Fagus sylvatica and Quercus sp.) being replaced by more xerophitic species (Quercus 

faginea and Quercus ilex). This substitution implies different traits such as more open 

forest, (with appearance of understory) and the presence of evergreen which results in 

higher temporal variability. Specifically these groups are located mainly in transition 
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areas. Probably the climate variability on these areas has also an important effect on the 

Optical Type Functioning. 

Although MYSD and SYSD10 groups were included in different general clusters 

they have similar ACF and species compositions. This suggests that both MYSD and SYSD 

big groups could have been classified within the same general group of One Yearly 

Seasonal Dynamic. Thus the general patterns, based on seasonality, would have been: (1) 

one annual phenological cycle, (2) two annual phenological cycles and (3) time series 

without seasonality. Based on these results it is possible to hypothesize whether the big 

groups could be subdivided in as many subgroups as different ACF exist. Thus, each pixel 

could be characterized by its own ACF, a fact that leads us to consider each pixel as a 

unity with a consistent temporal evolution. This new paradigm (i.e. “Optical Type 

Functioning”) may contribute to solve the problem of pixel mixing, intrinsic to remote 

sensing data.  

7.7.CONCLUSIONS 

The present study has demonstrated the usefulness of ACF to assess pixel 

functioning in terms of temporal autocorrelation. Furthermore, ACF has proven to be an 

excellent tool to synthesize pixel dynamics and could be used as an appropriate baseline 

for further monitoring. 

Results show a significant coherence between ACF and phenometrics information. 

Also it has been possible to evaluate slight differences in species composition within each 

functional group. 

Finally “Optical Type Functioning” concept has been defined, which means that 

pixels could be characterized and monitored as temporal unities based on its functioning.  
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8. CONCLUSIONS 

The usefulness of function fitting procedures to model spectral vegetation 

indexes time series has been proved; this methodology allowed extracting phenological 

metrics effectively, both in crops and forests. Specifically in the cotton crop, 

phenological stages were accurately identified in the time series and related to 

temperature and cropping practices. Transition dates in broad-leaved forest were also 

identified showing a high consistency in terms of species composition as derived from 

the National forest map. This demonstrated that vegetation evolution in general terms 

can be monitored precisely and this information can be used in management decisions. 

General conclussions 

Spectral analysis has demonstrated quantitatively the presence of annual 

periodicities in remote sensing time series. The existence of one annual cycle in the fire 

risk regime in the Mediterranean region, and a double annual cycle in the temperate 

region has been demonstrated. The significance of the periodicities provided 

information to quantify subtle differences in fire seasonality. This method has also been 

used to show the presence of one and two annual cycles in the cotton AS2 and AS1 time 

series respectively. Thus, it has been possible to identify the significant function critical 

points related to the cotton phenophases. 

Autoregressive models have proved to be an excellent procedure to evaluate 

general fire seasonality patterns based on average remote sensing time series from large 

areas such as ecoregions. Furthermore, their capability to describe, model and forecast 

fire risk on a pixel basis has been demonstrated. 

Temporal autocorrelation values have shown to be highly related to pixel 

composition in terms of plant functional types. The continuous gradient in pixel ACF 

shows strong agreement with phenological patterns responding to species mixing within 

the pixel. This indicates that the concept of temporal autocorrelation can provide useful 

means to assess time series dynamics in terms of pixel functioning. 
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Results from TSA indicate that RS time series for environmental monitoring could 

be envisaged from a functioning standpoint. This concept could build over the idea of 

“optical functional types” which are based on the distinct pixel functioning. The 

combination of the TSA with the phenometric approach could constitute a new working 

framework for RS time series assessment that integrates land surface functioning with 

the occurrence of specific events. 

The highlights of this dissertation are the followings: 

Specific highlights  

(1) The usefulness of function fitting procedures to model AS1 and AS2 has been 

demonstrated. 

(2) Phenometrics derived from Function fitting procedure makes it possible to 

identify cotton crop phenological stages.  

(3) Spectral analysis has demonstrated quantitatively the presence of one cycle in 

AS2 and two in AS1 and the unimodal and bimodal behaviour of fire seasonality in the 

Mediterranean and temperate ecoregions respectively. 

(4) Autoregressive models has been used to characterize the dynamics of fire 

seasonality in two ecoregions, and to forecasts accurately fire risk at pixel level. 

(5) The usefulness of temporal autocorrelation to assess land surface functioning 

has been demonstrated. 

(6) The “Optical Type Functioning” concept has been proposed, in this approach 

pixels could be as temporal unities based on its temporal dynamics or functioning.  
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Although not considered as original objectives, some novelty contributions of this 

dissertation to environmental remote sensing are the following: 

Other scientific contributions 

The results of this study show that the SWIR spectral region contains important 

information in the temporal domain (1) for monitoring the land surface and phenological 

patterns during periods when photosynthetic activity is not dominant, and (2) for 

estimating fire seasonality in different ecoregions. In the temperate region NDWI-based 

FPI time series represent more accurately than NDVI-based FPI time series the bi-modal 

fire pattern characteristic of this region indicating that the use of a more moisture 

dependant spectral index (NDWI) is a good input to estimate fire seasonality in 

temperate ecoregion. 

Results also show that AS2 and AS1 summarize significant agriculturally 

important spectral information. AS1 and AS2 show a coherent progression during the 

growing period that is consistent with the phenological stages of cotton. 

 

 

 



 

 

 

CHAPTER 9 

REFERENCES 

 

 

  



Chapter 9 

 
145 

9. REFERENCIAS 

Aguado, I., Chuvieco, E., Martin, P., & Salas, J. (2003). Assessment of forest fire danger conditions 

in southern Spain from NOAA images and meteorological indices. International Journal of 

Remote Sensing, 24, 1653-1668 

Anderson, H.E. (1985). Moisture and fine fuel response. Donoghue, L.R.; Martin, R.E., eds. 

Proceeding Eighth Conference of Fire and Forest Meteorology, Society of American 

Foresters, 192 – 199. 

Armstrong, G.W. (1999). A stochastic characterisation of the natural disturbance regime of the 

boreal mixedwood forest with implications for sustainable forest management. Canadian 

Journal of Forest Research, 29, 424-433  

Badeck, F., Bondeau, A., Bottcher, K., Doktor, D., Lucht, W., Schaber, J., et al. (2004). Responses of 

spring phenology to climate change. New Phytologist, 162, 295-309  

Baret, F., & Guyot, G. (1991). Potentials and limits of vegetation indices for LAI and APAR 

assessment. Remote Sensing of Environment, 35, 161-173  

Barsky, R.B., & Miron, J.A. (1989). The Seasonal Cycle and the Business Cycle. The Journal of 

Political Economy, 97, 503-534 

Bartlein, P.J., Hostetler, S.W., Shafer, S.L., Holman, J.O., & Solomon, A.M. (2008). Temporal and 

spatial structure in a daily wildfire-start data set from the western United States 

(1986â€“96). International Journal of Wildland Fire, 17, 8-17  

Beaulieu, J., & Miron J. (1993). Seasonal unit roots in aggregate U.S. data, Journal of econometrics 

55: 305 - 328 

Beck, P.S.A., Juday, G.P., Alix, C., Barber, V.A., Winslow, S.E., Sousa, E.E., et al. (2011). Changes in 

forest productivity across Alaska consistent with biome shift. Ecology Letters, 14, 373-379  

Beck, P.S., Jönsson, P., Hogda, K. A.,Karlsen,S.R., Eklundh, L., & Skidmore, A.K. (2007). A ground-

�validated NDVI dataset for monitoring vegetation dynamics and mapping phenology in 

Fennoscandia and the Kola peninsula. International Journal of Remote Sensing, 28, 4311-

4330  

Beck, P.S.a., Atzberger, C., Hagda, K.A., Johansen, B., & Skidmore, A.K. (2006). Improved 

monitoring of vegetation dynamics at very high latitudes: A new method using MODIS NDVI. 

Remote Sensing of Environment, 100, 321-334  



Chapter 9 

 
146 

Benavides, R., Montes, F., Rubio, a., & Osoro, K. (2007). Geostatistical modelling of air 

temperature in a mountainous region of Northern Spain. Agricultural and Forest 

Meteorology, 146, 173-188  

Benedetti, R., & Rossini, P. (1993). On the Use of NDVI Profiles as a Tool for Agricultural Statistics: 

The case study of Wheat Yield Estimate and Forecast in Emilia Romagna. Remote Sensing of 

teh Environment, 45, 311-326  

Berger, M., Moreno, J., Johannessen, J.A., Levelt, P.F., & Hanssen, R.F. (2012). ESA's sentinel 

missions in support of Earth system science. Remote Sensing of Environment, 120, 84-90  

Bonan, G. B., & Levis S. (2002). Landscapes as patches of plant functional types: An integrating 

concept for climate and ecosystem models. Global Biogeochemical cycles, 16, 5-18 

Box, E.O. (1996). Plant functional types and climate at the global scale. Journal of Vegetation 

Science, 7, 309-320. 

Box, G., Jenkins, G., & Reinsel G. (1994). Time Series Analysis: Forecasting and Control, 3rd ed., 

Prentice-Hall, Englewood Cliffs, New Jersey 

Box, G.E.P., & Jenkins, G. M. (1970). Time Series Analysis: Forecasting and Control. San Francisco: 

Holden-Day 

Bunn, A.G., & Scott, G.J. (2006). - Trends in Satellite-Observed Circumpolar Photosynthetic Activity 

from 1982 to 2003: The Influence of Seasonality, Cover Type, and Vegetation Density. - Earth 

Interactions, - 1  

Burgan, R.E., & Hartford, R.A. (1993). Monitoring Vegetation Greenness with Satellite Data. , GTR 

INT-297  

Burgan, R.E., Klaver, R.W., & Klaver, J.M. (1998). Fuel models and fire potential from satellite and 

surface observations. International Journal of Wildland Fire, 8, 159-170  

Burgan, R.E., & Rothermel, R.C. (1984). BEHAVE: Fire Behavior Prediction and Fuel Modeling 

System. Fuel Subsystem. , GTR INT-167  

Buys Ballot, C.H.D. (1847). Les Changements périodiques de tempèrature. Kemink et Fils, Utrech 

Carmona-Moreno, C., Belward, A., Malingreau, J., Hartley, A., Garcia-Alegre, M., Antonovskiy, M., 

et al. (2005). Characterizing interannual variations in global fire calendar using data from 

Earth observing satellites. Global Change Biology, 11, 1537-1555  



Chapter 9 

 
147 

Ceccato, P., Flasse, S., Tarantola, S., Jacquemoud, S., & Grégoire, J.M. (2001). Detecting vegetation 

leaf water content using reflectance in the optical domain. Remote Sensing of Environment, 

77, 22-33  

Chen, X., Xu, C.,•and Tan,Z. (2001). An analysis of relationships among plant community 

phenology and seasonal metrics of Normalized Difference Vegetation Index. Int J 

Biometeorol, 45, 170–177  

Christopher, S.F., & Lal, R.M.,Umakant. (2009). - Regional Study of No-Till Effects on Carbon 

Sequestration in the Midwestern United States. Soil Science Society of America Journal, 73, 

207-216  

Clark, J.S. (1988). Effect of climate change on fire regimes in northwestern Minnesota. Nature, 

334, 233-235  

Cressie, N.A.C. (1993). Statistics for spatial data. John Wiley & Sons, New York 

D’Arrigo, R.D., Kaufmann, R.K., Davi, N., Jacoby, G.C., Laskowski, C., Myneni, R.B., & Cherubini, P. 

(2004). Thresholds for warming-induced growth decline at elevation tree line in the Yukon 

Territory, Canada. Global biogeochemical cycles, 18, GB3021 

Darné, O., Litago, J., & Terraza, M. (2002). Tests de racines unitaires saisonnières pour des 

données journalières, Revue de Statistique Appliquée, vol. L (2), 71-91 

Daughtry, C.S.T., Hunt, E.R., & McMurtrey, J.E. (2004). Assessing crop residue cover using 

shortwave infrared reflectance. Remote Sensing of Environment, 90, 126-134  

DeFries, R.S., Townshend, J.R.C., & Hansen, M.C. (1999). Continuous fields of vegetation 

characteristics at the global scale at 1-km resolution. Journal of Gephysical Research, 104 

(D4), 16911-16923  

DeFries, R.S., Field, C.B., Fung, I., Justice, C.O., Lo, S., Matson, P.A., Matthews, E., Mooney, H.A., 

Potter, C.S., Prentie, K et al. (1995). Mapping the landsurface for global atmosphere 

biophere models-toward continuous distribuions of vegetations functional-properties. 

Journal of Geophysical Research-Atmospheres, 100(D10), 20867-20882 

Delbart, N., Kergoat, L., Letoan, T., Lhermitte, J., & Picard, G. (2005). Determination of 

phenological dates in boreal regions using normalized difference water index. Remote 

Sensing of Environment, 97, 26-38  



Chapter 9 

 
148 

Dickey, D., & Fuller, W. (1979). Distribution of the Estimators for Autoregressive Time Series with a 

Unit Root. Journal of the American Statistical Association, 74, 366, 427-431 

Eklundh, L., & Jönsson, P. (2010). TIMESAT 3.0. Software Manual. Lund University, 74 pp 

Eklundh, L., Johansson, T., & Solberg, S. (2009). Mapping insect defoliation in Scots pine with 

MODIS time-series data. Remote Sensing of Environment, 113, 1566-1573  

Escribano, P. (2009). Integración de técnicas espectrales para la detección y cuantificación de los 

tipos de cubiertas en ecosistemas árDiidos. Bases para un programa de seguimiento de p.N. 

Cabo de gata Níjar, Almeria. Ph.D dissertation. Universidad de Almeria 

Fensholt, R., Langanke, T., Rasmussen, K., Reenberg, A., Prince, S.D., Tucker, C., et al. (2012). 

Greenness in semi-arid areas across the globe 1981–2007 — an Earth Observing Satellite 

based analysis of trends and drivers. Remote Sensing of Environment, 121, 144-158  

Fensholt, R., and Sandholt,I. (2003). Derivation of a shortwave infrared water stress index from 

MODIS near- and shortwave infrared data in a semi-arid environment. Remote Sensing of 

Environment, 87, 111-121  

Fernández-Manso, A., Quintano, C., & Fernández-Manso, O. (2011). Forecast of NDVI in coniferous 

areas using temporal ARIMA analysis and climatic data at a regional scale. International 

Journal of Remote Sensing, 32, 1595-1617  

Flannigan, M.D., Stocks, B.J., & Wotton, B.M. (2000). Climate change and forest fires. Science of 

the Total Environment, 262, 221-229  

Fosberg, M.A., & Deeming, J.E. (1971). Derivation of the 1- and 10-hour timelag fuel moisture 

calculations for fire danger rating. , RM-207  

Franses, P. H. (1991). Seasonality, Nonstationarity and the Forecasting of Monthly Time Series, 

International Journal of Forecasting, 7, 199-208 

Fried, J.S., Torn, M.S., & Mill, E. (2004). The Impact of Climate Change on Wildfire Severity: a 

Regional Forecast for Northern California. Climatic Change, 64, 169-191  

Fuller, W. A. (1976). Introduction to Statistical Time Series, New York. John Wiley & Sons 

Gao, B. (1996). NDWI- A normalized difference water index for remote sensing of vegetation liquid 

water from space. Remote Sensing of Environment, 58, 257-266  



Chapter 9 

 
149 

García, M., Litago, J., Palacios-Orueta, A., Pinzón, J.E., & Ustin, S., L. (2010). Short-term 

propagation of rainfall perturbations on terrestrial ecosystems in central California. Applied 

Vegetation Science, 13, 146-162  

Gemitzi, A., & Stefanopoulos, K. (2011). Evaluation of the effects of climate and man intervention 

on ground waters and their dependent ecosystems using time series analysis. Journal of 

Hydrology, 403, 130-140  

Geweke, J. (1984). Inference and causality in economic time series models. Handbook of 

Econometrics, ed. Zvi Grilliches and M.D. Intrilligator, Chap 19. Elsevier Science Publisher. 

Amsterdam 

Ghulam, a., Li, Z., Qin, Q., Yimit, H., & Wang, J. (2008). Estimating crop water stress with ETM+ NIR 

and SWIR data. Agricultural and Forest Meteorology, 148, 1679-1695  

Ghysels, E,. & Osborn D. R. (2001). The Econometric Analysis of Seasonal Time Series, Cambridge: 

Cambridge University Press 

Granger, C.W.J., & Newbold, P. (1977). Forecasting Economic Time Series, New York: Academic 

Press. 

Granger, C.W.J. (1969). Investigating causal relations by econometric models and cross-spectral 

methods. Econometrica, 37, 424-438 

Hamilton, J.D. (1994). Time Series Analysis. Princeton University Press, Princeton 

Han, P., Wang, P.X., Zhang, S.Y., & Zhu, D.H. (2010). Drought forecasting based on the remote 

sensing data using ARIMA models. Mathematical and Computer Modelling, 51, 1398-1403  

Harvey, Andrew C. (1981). Time Series Models. Oxford: Phillip Allen 

Hird, J.N., & McDermid, G.J. (2009). Noise reduction of NDVI time series: An empirical comparison 

of selected techniques. Remote Sensing of Environment, 113, 248-258  

Horion, S., Cornet, Y., Erpicum, M., & Tychon, B. (2013). Studying interactions between climate 

variability and vegetation dynamic using a phenology based approach. International Journal 

of Applied Earth Observation and Geoinformation, 20, 20-32 

Huesca, M., Litago, J., Palacios-Orueta, A., Montes, F., Sebastián-López, A., & Escribano, P. 

(2009a). Assessment of forest fire seasonality using MODIS fire potential: A time series 

approach. Agricultural and Forest Meteorology, 149, 1946-1955  



Chapter 9 

 
150 

Huesca, M.,  Litago, J., Escribano, P., Palacios-Orueta, A., & Merino-de-Miguel, S. (2009b). Utilidad 

de los índices espectrales AS1 y AS2 para caracterizar tipos de vegetación en zonas 

bioclimáticas distintas mediante análisis de series de tiempo. XIII Congreso Nacional de la 

AET (Calatayud - España) 

Huete, A., Didan, K., Miura, T., Rodriguez, E.P., Gao, X., & Ferreira, L.G. (2002). Overview of the 

radiometric and biophysical performance of the MODIS vegetation indices. Remote Sensing 

of Environment, 83, 195-213  

Hutmacher, B. (2002). Heat units and calculating average time to open bolls. California Cotton 

Review. 63, 4-6 

Hylleberg, S., & Engle, R. (1990). Seasonal integration and cointegration, Journal of econometrics 

44, 215 - 238 

Hüttich, C., Gessner, U., Herold, M., Strohbach, B., Schmidt, M., Keil, M., et al. (2009). On the 

Suitability of MODIS Time Series Metrics to Map Vegetation Types in Dry Savanna 

Ecosystems: A Case Study in the Kalahari of NE Namibia. Remote Sensing, 1, 620-643  

IPCC. (2007). Climate Change 2007: Impacts, Adaptation and Vulnerability: Contribution of 

Working Group II to the Fourth Assessment Report of the Intergovernmental Panel on 

Climate Change. 

Jenkins, J. P., Braswell, B. H., Frolking, S. E., and Aber,J.D. (2002). Detecting and predicting spatial 

and interannual patterns of temperate forest springtime phenology in the eastern US. 

Geophysical Research Letters, 29  

Jiang, B., Liang, S., Wang, J., & Xiao, Z. (2010). Modeling MODIS LAI time series using three 

statistical methods. Remote Sensing of Environment, 114, 1432-1444  

Jönsson, P., & Eklundh, L. (2004). TIMESAT—a program for analyzing time-series of satellite sensor 

data. Computers & Geosciences, 30, 833-845  

Jönsson, P., and Eklundh,L. (2002). Seasonality extraction by function fitting to time-series of 

satellite sensor data. IEEE Transactions on Geoscience and Remote Sensing, 40, 1824–1832  

Kaufmann, R.K., D'Arrigo, R.D., Laskowski, C., Myneni, R.B., Zhou, L., & Davi, N.K. (2004). The effect 

of growing season and summer greenness on northern forests. Geophysical Research 

Letters, 31, L09205  



Chapter 9 

 
151 

Kaufmann, R.K., & Stern, D.I. (1997). Evidence for human influence on climate from hemispheric 

temperature relations. Nature, 388, 39-44  

Khanna, S., Palacios-Orueta, A., Whiting, M.L., Ustin, S.L., Riaño, D., & Litago, J. (2007). 

Development of angle indexes for soil moisture estimation, dry matter detection and land-

cover discrimination. Remote Sensing of Environment, 109, 154-165  

Ko, J., Maas, S.J., Mauget, S., Piccinni, G., & Wanjura, D. (2006). Modeling Water-Stressed Cotton 

Growth Using Within-Season Remote Sensing Data. Agronony Journal 98, 1600–1609 . 

Kruse, F.A., Lefkoff, A.B., Boardman, J.W., Heidebrecht, K.B., Shapiro, A.T., Barloon, P.J., et al. 

(1993). The spectral image processing system (SIPS)—interactive visualization and analysis 

of imaging spectrometer data. Remote Sensing of Environment, 44, 145-163 

Lambin, E.F., Turner, B.L., Geist, H.J., Agbola, S.B., Angelsen, A., Bruce, J.W., et al. (2001). The 

causes of land-use and land-cover change: moving beyond the myths. Global Environmental 

Change, 11, 261-269  

Lavorel, S., & Cramer, W. Plant functional types and disturbance dynamics. (1999). Journal of 

Vegetation Science 10, 603-730 

Lavorel, S., McIntyre, S., Landsberg, J., & Forbes, T.D.A. (1997). Plant functional classifications: 

from general groups to specific groups based on response to disturbance. Trends in Ecology 

& Evolution, 12, 474-478  

Lee, B., Park, P.S., & Chung, J. (2006). Temporal and spatial characteristics of forest fires in South 

Korea between 1970 and 2003. International Journal of Wildland Fire, 15, 389-389  

Liang, L., & Schwartz, M.D. (2009). Land phenology: an integrative approach to seasonal 

vegetation dynamics. Landscape Ecology, 42, 465-472  

Liang, S. (2001). Land-cover classification methods for multi-year AVHRR data. International 

Journal of Remote Sensing, 22, 1479-1493  

Ljung, G., & Box, G. (1978). On a measure of lack of fit in time series models, Biometrika, 65, 297-

303 

Lloyd, D. (1990). A phenological classification of terrestrial vegetation cover using shortwave 

vegetation index imagery. International Journal of Remote Sensing, 11, 2269-2279  

Maddala, G. S., & Kim I.M. (1998). Unit roots, cointegration and stuctural change. Cambridge: 

Cambridge university press 



Chapter 9 

 
152 

Maki, M., Ishiahra, M., & Tamura, M. (2004). Estimation of leaf water status to monitor the risk of 

forest fires by using remotely sensed data. Remote Sensing of Environment, 90, 441-450  

Mariño, M.A., Tracy, J.C., & Taghavi, S.A. (1993). Forecasting of reference crop evapotranspiration. 

Agricultural Water Management, 24, 163-187  

McKellip, R., Ryan, R. E., Blonski, S., and Prados,D. (2005). Crop Surveillance Demonstration Using 

a Near-Daily MODIS Derived Vegetation Index Time Series. IEEE Transactions on Geoscience 

and Remote Sensing, 54-58  

Modarres, R. (2007). Streamflow drought time series forecasting. Stochastic Environmental 

Research and Risk Assessment, 21, 223-233  

Morgan, P., Heyerdahl, E.K., & Gibson, C.E. (2008). Multi-season climate synchronized forest fires 

throughout the 20th century, Northern Rockies, USA, Ecology, 89, 717  

Moulin, S., Kergoat, L., Viovy, N., & Dedieu, G. (1997). Global-Scale Assessment of Vegetation 

Phenology Using NOAA/AVHRR Satellite Measurements. Journal of Climate, 10, 1154-1170  

Nagler, P.L., Inoue, Y., Glenn, E.P., Russ, A.L., & Daughtry, C.S.T. (2003). Cellulose absorption index 

(CAI) to quantify mixed soil–plant litter scenes. Remote Sensing of Environment, 87, 310-325  

Nagler, P.L., Daughtry, C.S.T., & Goward, S.N. (2000). Plant litter and soil reflectance. Remote 

Sensing of Environment, 71, 207-215  

Osborn, D.R. (1990). A survey of seasonality in UK macroeconomic variables, International Journal 

of Forecasting, 6, 327-336 

Palacios-Orueta, A., Khanna, S., Litago, J., Whiting, M. L., & Ustin, S. L. (2006). Assessment of NDVI 

and NDWI spectral indices using MODIS time series analysis and development of a new 

spectral index based on MODIS shortwave infrared bands. International Conference on 

Remote sensing and Geoinformation -processing in the Assessment and Monitoring of Land 

degradation and Desertification, Trier, Germany 

Paruelo, J.M., Jobbágy, E.G., & Sala, O.E. (2001). Current Distribution of Ecosystem Functional 

Types in Temperate South America. Ecosystems, 4, 683-698  

Paruelo, J.M., Jobbágy, E.G., Sala, O.E., Lauenroth, W.K., & Burke, I.C. (1998). FUNCTIONAL AND 

STRUCTURAL CONVERGENCE OF TEMPERATE GRASSLAND AND SHRUBLAND ECOSYSTEMS. 

Ecological Applications, 8, 194-206  



Chapter 9 

 
153 

Pausas, J.G. (2004). Changes in Fire and Climate in the Eastern Iberian Peninsula (Mediterranean 

Basin). Climatic Change, 63, 337-350  

Pausas, J.G. (1999). Response of plant functional types to changes in the fire regime in 

Mediterranean ecosystems: A simulation approach. Journal of Vegetation Science, 10, 717-

722  

Pedrosa, D., Soares, L., Gomes, S.M., Viegas, D.X., & Teixeira, L. (2006). The relation between the 

moisture content of fine forest fuels and several forest fire related aspects. Forest Ecology 

and Management, 234, 244 

Peng, D., Huang, J., Huete, A., Yang, T., Gao, P., Chen, Y., et al. (2010). Spatial and seasonal 

characterization of net primary productivity and climate variables in southeastern China 

using MODIS data. Journal of Zhejiang University - Science B, 11, 275-285  

Pereira, M., Trigo, R., Dacamara, C., Pereira, J., & Leite, S. (2005). Synoptic patterns associated 

with large summer forest fires in Portugal. Agricultural and Forest Meteorology, 129, 11-25  

Petchey, O. L., & Gaston, K. J. (2006). Functional diversity: back to basics and looking forward. 

Ecology Letters, 9, 741–758 

Pettorelli, N., Vik, J.O., Mysterud, A., Gaillard, J., Tucker, C.J., & Stenseth, N.C. (2005). Using the 

satellite-derived NDVI to assess ecological responses to environmental change. Trends in 

ecology & evolution (Personal edition), 20, 503-10  

Pierce, J., & Meyer, G. (2008). Long-term fire history from alluvial fan sediments: the role of 

drought and climate variability, and implications for management of Rocky Mountain 

forests. International Journal of Wildland Fire, 17, 84-84  

Piñol, J., Terradas, J., & Lloret, F. (1998). Climate warming, wildfire hazard, and wildfire occurrence 

in coastal eastern Spain. Climatic Change, 38, 345-357  

Piwowar, J.M., & Ledrew, E.F. (2002). ARMA time series modelling of remote sensing imagery: a 

new approach for climate change studies. International Journal of Remote Sensing, 23, 

5225-5248  

Plosser, C.I., & Schwert, G. W. (1978). Money, income, and sunspots: measuring economic 

relationships and the effects of differencing. Journal of Monetary Economics, 4, 637-660. 

Plosser, C.I., & Schwert, G. W. (1977). Estimation of a non-invertible moving average process. The 

case of Overdifferencing. Journal of Econometrics, 6, 199-224 



Chapter 9 

 
154 

Priestley, M.B. (1983): Spectral Analysis and Time Series, vol. I and II, Academic Press, London.  

Pyne, S.J., Andrews, P.L., & Laven, R.D. (1996). Introduction to Wildland Fire. New York: Jonh Wiley 

& sons 

Reddy, K.R., & Reddy, V.R. (1998). Cotton phenology and growth processes:Model development. 

Proceedings of the World cotton research Conference-2. Athens, Greece. September 6-12. 

pp526-529 

Riaño, D., Moreno Ruiz, J.A., Isidoro, D., & Ustin, S.L. (2007). Global spatial patterns and temporal 

trends of burned area between 1981 and 2000 using NOAA-NASA Pathfinder. Global Change 

Biology, 13, 40-50  

Richards, J.A., (1999). Remote Sensing Digital Image Analysis: An Introduction, Springer-Verlag, 

Berlin, Germany  

Ritchie, G.L., Bednarz, C.W., Jost, P.H., & Brown, S.M. (2004). Cotton growth and development. , 

Bulletin 1253  

Roder, a., Hill, J., Duguy, B., Alloza, J., & Vallejo, R. (2008). Using long time series of Landsat data 

to monitor fire events and post-fire dynamics and identify driving factors. A case study in the 

Ayora region (eastern Spain). Remote Sensing of Environment, 112, 259-273  

Rothermel, R.C. (1972). A Mathematical Model for Predicting Fire Spread in Wildland Fuels. , 

Research Paper INT-115  

Rouse, J.W., Haas, R.W., Schell, J.A., Deering, D.H., & Harlan, J.C. (1974). Monitoring the vernal 

advancement and retrogradation (Greenwave effect) of natural vegetation.  

Running, S.W. (2006). Is Global Warming Causing More , Science, 313  

Sakamoto, T., Yokozawa, M., Toritani, H., Shibayama, M., Ishitsuka, N., & Ohno, H. (2005). A crop 

phenology detection method using time-series MODIS data. Remote Sensing of Environment, 

96, 366-374  

Schneider, P., Roberts, D.A., & Kyriakidis, P.C. (2008). A VARI-based relative greenness from MODIS 

data for computing the Fire Potential Index. Remote Sensing of Environment, 112, 1151-

1167  

Schwartz, M.D. (2003). Phenology: An integrative environmental science. : Boston: Kluwer 

Academic Publishers.  



Chapter 9 

 
155 

Sebastián-López, A., San-Miguel-Ayanz, J., & Burgan, R.E. (2002). Integration of satellite sensor 

data, fuel type maps and meteorological observation for evaluation of forest fire risk at the 

pan-European scale. International Journal of Remote Sensing, 23, 2713-2719  

Semenova, G., V., & van der Maarel, E. (2000). Plant functional types ? a strategic perspective. 

Journal of Vegetation Science, 11, 917-922  

Serbin, G., Daughtry, C.S.T., Hunt Jr, E.R., Reeves III, J.B., & Brown, D.J. (2009). Effects of soil 

composition and mineralogy on remote sensing of crop residue cover. Remote Sensing of 

Environment, 113, 224-238  

Sherriff, R.L., & Veblen, T.T. (2008). Variability in fire-climate relationships in ponderosa pine 

forests in the Colorado Front Range. International Journal of Wildland Fire, 17, 50-50  

Smith, T., & Huston, M. (1989). A theory of the spatial and temporal dynamics of plant 

communities. Vegetation 83,49-69 

Spracklen, D.V., Logan, J.A., Mickley, L.J., Park, R.J., Yevich, R., Westerling, A.L., et al. (2007). 

Wildfires drive interannual variability of organic carbon aerosol in the western U.S. in 

summer. Geophysical Research Letters, 34, DOI:10.1029/2007GL030037  

Steenkamp, K., Wessels, K., Archibald, S., & von Maltitz, G. (2008). Long-Term Phenology and 

Variability of Southern African Vegetation. , 3, III - 816-III - 819  

Stow, D., Niphadkar, M., & Kaiser, J. (2005). MODIS-derived visible atmospherically resistant index 

for monitoring chaparral moisture content. International Journal of Remote Sensing, 26, 

3867-3873  

Sudiana, D., Kuze, H., Takeuchi, N., & Burgan, R.E. (2003). Assessing forest fire potential in 

Kalimantan Island, Indonesia, using satellite and surface weather data. International Journal 

of Wildland Fire, 12, 175-175  

Sugihara, N. G.; van Wagtendonk, J. W., & Fites-Kaufman, J. (2006). Fire as an Ecological Process 

in Fire in California’s Ecosystems. University of California Press. Berkeley, CA 

Sunshine, J.M., & Pieters, C.M. (1993). Estimating Modal Abundances From the Spectra of Natural 

and Laboratory Pyroxene Mixtures Using the Modified Gaussian Model. J. Geophys. Res., 98, 

9075-9087  

http://www.ebooks.com/SearchApp/SearchResults.net?term=author%3A%22Sugihara%2C+Neil+G%2E%22�
http://www.ebooks.com/SearchApp/SearchResults.net?term=author%3A%22van+Wagtendonk%2C+Jan+W%2E%22�
http://www.ebooks.com/SearchApp/SearchResults.net?term=author%3A%22Fites%2DKaufman%2C+JoAnn%22�


Chapter 9 

 
156 

Taylor, a.H., Trouet, V., & Skinner, C.N. (2008). Climatic influences on fire regimes in montane 

forests of the southern Cascades, California, USA. International Journal of Wildland Fire, 17, 

60-60  

Telesca, L., & Lasaponara, R. (2006). Quantifying intra-annual persistent behaviour in SPOT-

VEGETATION NDVI data for Mediterranean ecosystems of southern Italy. Remote Sensing of 

Environment, 101, 95-103  

Telesca, L., Amatulli, G., Lasaponara, R., Lovallo, M., & Santulli, A. (2005). Time-scaling properties 

in forest-fire sequences observed in Gargano area (southern Italy). Ecological Modelling, 

185, 531-544  

Theil H. (1971). Principles of Econometrics, New York: John Wiley & Sons, Inc 

Thoma, D. P., Gupta, S.C., and Bauer,M.E. (2004). Evaluation of optical remote sensing models for 

crop residue cover assessment. Journal of Soil and Water Conservation, 59, 224-233  

Trombetti, M., Riaño, D., Rubio, M.A., Cheng, Y.B., & Ustin, S.L. (2008). Multi-temporal vegetation 

canopy water content retrieval and interpretation using artificial neural networks for the 

continental USA. Remote Sensing of Environment, 112, 203-215  

Tucker, J. C., Slayback, A. D., Pinzon, E. J., Los, O. S., Myneni, B. R., and Taylor,G.M. (2001). Higher 

northern latitude normalized difference vegetation index and growing season trends from 

1982 to 1999. International Journal of Biometeorology, 45, 184-190  

Tucker, C.J. (1979). Red and photographic infrared linear combiantions for monitoring vegetation. 

Remote Sensing of Environment, 8, 127-150  

Ustin, S. L., & Gamon, J. A. (2012) Remote sensing of plant functional types. New Phytologist, 186, 

795–816 

Vázquez, A., Pérez, B., Fernández-González, F., & Moreno, J.M. (2002). Recent fire regime 

characteristics and potential natural vegetation relationships in Spain. Journal of Vegetation 

Science, 13, 663-676  

Vélez, R. (2000). La defensa contra incendios forestales. Fundamentos y experiencias. (Eds. 

McGrawHill). pp. 1.3 – 9.43 

Verbesselt, J., Hyndman, R., Newnham, G., & Culvenor, D. (2010a). Detecting trend and seasonal 

changes in satellite image time series. Remote Sensing of Environment, 114, 106-115  



Chapter 9 

 
157 

Verbesselt, J., Hyndman, R., Zeileis, A., & Culvenor, D. (2010b). Phenological change detection 

while accounting for abrupt and gradual trends in satellite image time series. Remote 

Sensing of Environment, 114, 2970-2980  

Verbesselt, J., Somers, B., Lhermitte, S., Jonckheere, I., van Aardt, J., & Coppin, P. (2007). 

Monitoring herbaceous fuel moisture content with SPOT VEGETATION time-series for fire 

risk prediction in savanna ecosystems. Remote Sensing of Environment, 108, 357-368  

Viegas, D.X., Piñol, J., Viegas, M.T., & Ogaya, R. (2001). Estimating live fine fuels moisture content 

using meteorologically-based indices. International Journal of Wildland Fire, 10, 223–240  

Westerling, A.L. & Bryant, B.P. (2008). Climate Change and Wildfire in California. Climatic Change, 

87, 231-249 

Westerling, A.L., Hidalgo, H.G., Cayan, D.R., & Swetnam, T.W. (2006). Warming and Earlier Spring 

Increase Western U.S. Forest Wildfire Activity. Science, 313, 940-943  

Westra, T., & De Wulf, R.R. (2007). Monitoring Sahelian floodplains using Fourier analysis of 

MODIS time-series data and artif icial neural networks. International Journal of Remote 

Sensing, 28, 1595-1610  

Whelan, R. (1995). The Ecology of Fire. Cambridge: Cambridge University Press  

White, M.A., & Nemani, R.R. (2006). Real-time monitoring and short-term forecasting of land 

surface phenology. Remote Sensing of Environment, 104,43-49  

White, M.A., Hoffman, F., Hargrove, W.W., & Nemani, R.R. (2005). A global framework for 

monitoring phenological responses to climate change. Geophysical Research Letters, 32, 

L04705  

White, M.A., Thornton, P.E., & Running, S.W. (1997). A continental phenology model for 

monitoring vegetation responses to interannual climatic variability. Global Biogeochemical 

Cycles, 11, 217-234  

Whiting, M.L., Li, L., & Ustin, S.L. (2004). Predicting water content using Gaussian model on soil 

spectra. Remote Sensing of Environment, 89, 535-552  

Xiao, Z., Liang, S., Wang, J., Jiang, B., & Li, X. (2011). Real-time retrieval of Leaf Area Index from 

MODIS time series data. Remote Sensing of Environment, 115, 97-106  

Zarco-Tejada, P. (2003). Water content estimation in vegetation with MODIS reflectance data and 

model inversion methods. Remote Sensing of Environment, 85, 109-124  



Chapter 9 

 
158 

Zhang, X., Sun, R., Zhang, B., & Tong, Q. (2008). Land cover classification of the North China Plain 

using MODIS_EVI time series. ISPRS Journal of Photogrammetry and Remote Sensing, 63, 

476-484  

Zhang, P., Anderson, B., Tan, B., Huang, D., & Myneni, R. (2005). Potential monitoring of crop 

production using a satellite-based Climate-Variability Impact Index. Agricultural and Forest 

Meteorology, 132, 344-358  

Zhang, X., Friedl, M.A., Schaaf, C.B., Strahler, A.H., Hodges, J.C.F., Gao, F., et al. (2003). Monitoring 

vegetation phenology using MODIS. Remote Sensing of Environment, 84, 471-475  

 


	ÍNDICE GENERAL
	ÍNDICE DE TABLAS
	Table 7.2. Multiple range test result of 10 classes within SYSD. SI: small integral; SS: start of season; A: amplitude; M: maximum value; BV: base value.
	Table 7.5. Percentage of vegetation species within each Optical Functional Type.
	ÍNDICE DE FIGURAS
	RESUMEN
	SUMMARY
	LIST OF ACRONYMS
	ARTICLES

	1. INTRODUCTION
	2. OBJECTIVES 
	3. GENERAL MATERIAL AND METHODS
	3.1. STUDY AREA
	Navarre
	3.2.  MATERIAL
	Remote sensing data 
	3.3. METHODOLOGY
	Spectral vegetation indexes 
	Remote sensing time series analysis
	Statistical Time Series Analysis (TSA)
	Phenometric analysis






	4. DERIVATION OF PHENOLOGICAL METRICS BY FUNCTION FITTING TO TIME SERIES OF SPECTRALSHAPE INDEXES AS1 AND AS2: MAPPING COTTON PHENOLOGICAL STAGES USING MODIS TIME SERIES.
	4.1. INTRODUCTION 
	4.2. MATERIAL AND METHODS 
	4.3. RESULTS 
	4.4. DISCUSSION
	4.5. CONCLUSIONS

	5. ASSESSMENT OF FOREST FIRE SEASONALITY USING MODIS FIRE POTENTIAL: A TIME SERIES APPROACH
	5.1. INTRODUCTION
	5.2. STUDY AREA AND DATA
	Study area
	Climatic data and fuel types map 
	Remote sensing information
	Forest fire statistics
	5.3. METHODOLOGY
	Model definition
	Time series analysis

	5.4. RESULTS 
	FPI dynamics 
	Dynamic relationships between fire potential index and fire occurrence for the period  2002-2004
	Spectral analysis of the FPI time series 
	Dynamic modelling of the FPI time series
	Evaluation of model simulation accuracy

	5.5. DISCUSSION
	5.6. CONCLUSIONS 



	6. MODELING AND FORCASTING OF FOREST-FIRE RISK USING FPINDWI TIME SERIES 
	6.1. INTRODUCTION 
	6.2. STUDY AREA
	6.3. MATERIAL 
	Remote sensing data
	Meteorological data
	Ancillary data 
	6.4. METHODS
	Remote sensing data
	Meteorological data processing
	Modified Fire Potential Index computation
	FPINDWI time series modeling by means of statistical time series analysis (TSA)
	Identification of random time series 
	Methodology of Box and Jenkins
	Methodology implementation
	6.5. RESULTS
	1.- Modeling of ‘representative time series’
	2.- Modeling of spatially continuous MODIS image.

	6.6. DISCUSSION 
	6.7. CONCLUSIONS




	7. VEGETATON FUNCTIONING ASSESSMENT BASED ON TEMPORAL AUTOCORRELATION: APLLICATION TO A BROAD-LEAVED FOREST
	7.1. INTRODUCTION
	7.2. STUDY AREA
	7.3. MATERIAL 
	Remote sensing data
	Ancillary data
	7.4. METHODS
	MODIS image product pre-processing 
	Autocorrelation function estimation and processing
	Phenometrics calculation
	Optical Type functioning assessment. 
	7.5. RESULTS





	Table 7.1. Multiple range test result of SYSD, MYSD, SDSD, and NSD groups. SI: small integral; SS: start of season; A: amplitude; M: maximum value; BV: base value. 
	Table 7.2. Multiple range test result of 10 classes within SYSD. SI: small integral; SS: start of season; A: amplitude; M: maximum value; BV: base value.
	Table 7.3. The mean value of each phenometric in the 13 Optical Type Functioning groups.
	Table 7.4. The temporal coefficient of variation of each phenometric in the 13 Optical Type Functioning groups defined.
	Table 7.5. Percentage of vegetation species within each Optical Type Functioning group.
	7.6. DISCUSSION
	7.7. CONCLUSIONS

	8. CONCLUSIONS
	General conclussions
	Specific highlights 
	Other scientific contributions

	9. REFERENCIAS

