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Time series of remote sensing imagery or derived vegetation indices and biophysical products have been
shown particularly useful to characterize land ecosystem dynamics. Various methods have been developed
based on temporal trajectory analysis to characterize, classify and detect changes in ecosystem dynamics.
Although time series similarity measures play an important role in these methods, a quantitative comparison
of the similarity measures is lacking. The objective of this study was to provide an overview and quantitative
comparison of the similarity measures in function of varying time series and ecosystem characteristics, such
as amplitude, timing and noise effects. For this purpose, the performance was evaluated for the commonly
used similarity measures (D), ranging from Manhattan (DMan), Euclidean (DE) and Mahalanobis (DMah)
distance measures, to correlation (DCC), Principal Component Analysis (PCA; DPCA) and Fourier based (DFFT,Dξ,
DFk) similarities. The quantitative comparison consists of a series of Monte-Carlo simulations based on subsets
of global MODIS Normalized Difference Vegetation index (NDVI) and Enhanced Vegetation Index (EVI) and
Leaf Area Index (LAI) data. Results of the simulations reveal four main groups of time series similarity
measures with different sensitivities: (i) DMan, DE, DPCA, DFk quantify the difference in time series values, (ii)
DMah accounts for temporal correlation and non-stationarity of variance, (iii) DCC measures the temporal
correlation, and (iv) the Fourier based DFFT and Dξ show their specific sensitivity based on the selected Fourier
components. The difference measures show relatively the highest sensitivity to amplitude effects, whereas
the correlation based measures are highly sensitive to variations in timing and noise. The Fourier based
measures, finally, depend highly on the signal to noise ratio and the balance between amplitude and phase
dominance. The heterogeneity in sensitivity of each D stresses the importance of (i) understanding the time
series characteristics before applying any classification of change detection approach and (ii) defining the
variability one wants to identify/account for. This requires an understanding of the ecosystem dynamics and
time series characteristics related to the baseline, amplitude, timing, noise and variability of the ecosystem
time series. This is also illustrated in the quantitative comparison, where the different sensitivities of D for the
NDVI, EVI, and LAI data relate specifically to the temporal characteristics of each data set. Additionally, the
effect of noise and intra- and interclass variability is demonstrated in a case study based on land cover
classification.
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1. Introduction

Assessing and monitoring the state of ecosystems are key
requirements for global change research (Fischlin et al., 2007),
biodiversity conservation and ecosystem management (Coops et al.,
2009; Turner et al., 2007). Satellite remote sensing has long been used
as a tool to assess land ecosystem dynamics as they provide consistent
measurements at a spatio-temporal scale which is appropriate for
capturing bio- and geophysical processes and change events,
including natural and anthropogenic disturbances (Jin & Sader,
2005; Linderman et al., 2005; Zhang, Friedl & Schaaf, 2006). As part
of this process, several vegetation indices (VI; Bayarjargal et al., 2006;
Seiler et al., 2007; Verbesselt et al., 2009; Xiao et al., 2006) and
products related to biophysical parameters such as leaf area index
(LAI; Gao et al., 2008; Jiang et al., 2010) or primary productivity
(Ricotta et al., 1999; Running et al., 2004; Verstraeten et al., 2010;
Zhao et al., 2005) were used to study essential vegetation parameters
over time. At the same moment, a variety of methods has been
developed for classifying and detecting temporal changes in land
surface properties (Coppin et al., 2004; Lu, Mausel, et al., 2003; Lu &
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Weng, 2007; Mas, 1999; Singh, 1989). The application of these
methods range from a point timescale (e.g., post-classification
analysis of single date images and interpretation of the results over
time) to a bi-temporal (e.g., bi-temporal change detection) and
continuous timescale (e.g., classification and change detection based
on temporal trajectory analysis).

Temporal trajectory analysis at a continuous timescale has been
shown particularly useful to characterize land ecosystem dynamics,
since it effectively exploits the multi-temporal sequence of images to
reveal temporal patterns over several time scales (Bruzzone et al.,
2003). On the intra-annual time scale, vegetative ecosystems typically
show a seasonal temporal trajectory driven by plant phenologies
affected by rainfall or temperature (Heumann et al., 2007; Zhang et al.,
2003; Zhang et al., 2006) where different vegetation communities and
plant species tend to respond differently (Hermance et al., 2007).
Between years, these phenological cycles (e.g., onset and end of
greenness, length of growing season) may alter which can be
associated with seasonal changes (e.g., intra-annual changes related
to plant phenology; Verbesselt et al., 2010a), gradual changes (e.g.,
inter-annual changes due to climate variability; Jacquin et al., 2010;
Myneni et al., 1997; Tottrup & Rasmussen, 2004) and abrupt changes
(e.g., natural or anthropogenic disturbances; de Beurs & Henebry,
2005; Verbesselt et al., 2009). Accordingly, the temporal trajectory has
been utilized to characterize ecosystem dynamics and its changes
have been used to identify, or discriminate among, land cover types
and monitor land cover responses to inter-annual variability, climate,
land use and disturbances (Bradley & Mustard, 2008; Hermance et al.,
2007; Myneni et al., 1997; Zhou et al., 2001).

Time series similarity plays an important role in these methods for
temporal trajectory analysis. First, time series similarity has been used
as an absolute criterion to derive statistical inferences about the
relationship between time series of different data sets (Bretherton
et al., 1992; Tippett et al., 2008). In this context, a variety of methods
have been applied in remote sensing studies to resolve the association
between time series of remote sensing data, on one hand, and bio- and
geophysical variables, on the other hand. These methods range from
singular vector decomposition (SVD; Gong & Ho, 2003; Gong & Shi,
2004; Xiang & Liu, 2002) and canonical correlation analysis (CCA;
Buermann et al., 2003; Castro et al., 2009; Lotsch et al., 2003) to more
commonly employed methods based on regression and correlation
analysis (Anyamba et al., 2001; Brown et al., 2006; Buermann et al.,
2003; Gong & Ho, 2003; Gong & Shi, 2003; Gurgel & Fereira, 2003;
Herrmann et al., 2005; Huemmrich et al., 2005; Jiang et al., 2010; Los
et al., 2001; Nezlin et al., 2005; Prasad et al., 2007; Sarkar & Kafatos,
2004; Studer et al., 2007; Verbesselt et al., 2006; Wang et al., 2005;
White et al., 2009; Zhou et al., 2001).

Second, time series similarity has been employed as a relative
criterion to numerically characterize the relationship between time
series, not to derive statistical inferences, but to provide a decision
criterion to cluster/discriminate time series. For example, in several
classification approaches the similarity measures supply the premise
to cluster the satellite pixel time series data in homogeneous groups
based on minimization of within group temporal similarity and
maximization of between group temporal similarity. The temporal
behavior of these clusters can then serve to characterize and classify
them (Azzali & Menenti, 2000; Brown et al., 2007; Defries et al., 1995;
Friedl et al., 2010; Huang & Sieger, 2006; Lhermitte et al., 2008). In
change detection approaches, on the other hand, the similarity
measures allow to discriminate changes within one time series (e.g.,
the change in vegetation growth between different years; Bayarjargal
et al., 2006; Lambin, 1996; Lambin & Strahler, 1994; Linderman et al.,
2005; Vanacker et al., 2005).

Despite the generalized use of these time series similarity
measures, there is no fixed definition of time series similarity (Liao,
2005). Accordingly, the remote sensing literature contains reference
to a variety of strategies to evaluate time series similarity, ranging
from absolute similarity (e.g., SVD, CCA, regression and correlation
analysis) to relative similarity measures such as distance measures
(e.g., Euclidean distance; Lambin & Strahler, 1994), correlation
measures (e.g., correlation coefficient; Geerken et al., 2005b), or
principal component analysis (PCA; Eastman & Fulk, 1993), Fourier
transform (Azzali & Menenti, 2000), and metric based measures
(Lloyd, 1990). Many of these time series similarity measures do not
differ from similarity measures used for other data series types (e.g.,
in the spectral or spatial domain) or from classical statistical analysis
(e.g., regression analysis). Care should however be taken when
applying these similarity measures as several of the underlying
assumptions (e.g., stationarity, absence of serial correlation) are not
always met or explicitly considered in real-world applications,
resulting in an overestimated similarity (Bence, 1995; Granger &
Newbold, 1974; Lin & Brannigan, 2003; Meek et al., 1999; Olden &
Neff, 2001; Verbesselt et al., 2006; Yule, 1926). In this context, a
variety of research and review papers have stressed the importance of
understanding the evaluation criteria and temporal statistics in
different domains ranging from pattern recognition (Halkidi et al.,
2001; Liao, 2005) to climatology (Fovell & Fovell, 1993; Gong &
Richman, 1995; Mimmack et al., 2001; Yiou et al., 1996; Zwiers & Von
Storch, 2004) and oceanography (Mantua, 2004). Nevertheless, a
quantitative study summarizing and comparing the existing similarity
measures has not been performed. Gong and Richman (1995) and
Mimmack et al. (2001) compared the frequently used Euclidean
distance, Mahalanobis distance and correlation coefficient similarity
and discussed the consequences of using PCA transforms, but did not
incorporate the other similarity measures frequently used. However,
with the growing importance of satellite time series data in support of
research on climate change (Badeck et al., 2004; Potter & Brooks,
1998; White et al., 2005) and vegetation dynamics (Duchemin et al.,
1999; Hill & Donald, 2003; Lu, Raupach, et al., 2003) there is a strong
need for a more comprehensive understanding concerning the
existent similarity measures. This understanding is specifically
important since many of these similarity measures serve as
underlying decision criterion in several time series clustering and
change detection techniques and choice of the similarity may affect
the final classification and change detection outcome (Mimmack et al.,
2001).

This paper aims to address the current need for a more thorough
comparison and a broader understanding of the available time series
similarity measures used in classification and change detection
approaches based on temporal trajectory analysis. The objectives
were (i) to present an overview of the commonly used similarity
measures that provide the decision criterion for these approaches, and
(ii) to quantitatively compare the sensitivity of these measures in
function of varying time series and ecosystem characteristics. To
address these objectives, firstly the characteristics of multi-temporal
remote sensing data and ecosystem dynamics are discussed and a
summary of the commonly used similarity measures in remote
sensing literature is presented (Section 2). Secondly, the performance
of the commonly used similarity measures is quantitatively evaluated
by means of Monte-Carlo simulations based on three data sets of
global land ecosystems dynamics (Sections 3–5). Finally, the
importance of ecosystem and time series characteristics for similarity
measure selection is illustrated in a case study based on multi-
temporal land cover classification (Section 6).

2. Background

The ability of any methodology to classify or detect changes in
temporal trajectories depends on a variety of choices, where the
selection of data (e.g., based on spatial, spectral, and temporal
characteristics) and methodology (e.g., based on the characteristics
of the time series similarity criterion) should be driven by the
ecosystem dynamics one wants to discriminate in relation to the
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variability one wants to identify or account for. In this context, this
section gives an overview of some typical remote sensing data time
series (Section 2.1), how they represent ecosystem characteristics
(Section 2.2). Additionally, the theoretical background of previously
applied time series similarity measure in remote sensing literature is
given to provide a thorough comparison and broader understanding
of their characteristics (Section 2.3).

2.1. Multi-temporal remote sensing data

2.1.1. Data characteristics
Several optical space-borne sensors with different temporal and

spatial resolutions allow regular monitoring of the different temporal
properties of ecosystem dynamics as they provide multi-temporal
measurements of the land surface. In this context, sensors that provide
data on an intra-annual time scale are particularly useful as they can be
used to monitor the seasonal temporal trajectory driven by plant
phenologies sometimes. These sensors may be separated based on
their temporal and spatial characteristics for describing the ecosystem
characteristics. First, several coarse to moderate spatial resolution
sensors (0.25–1 km) with high temporal resolution (1–3 days), such
as the Moderate Resolution Imaging Spectroradiometer (MODIS; Beck
et al., 2006; Fensholt et al., 2004), Medium Resolution Imaging
Spectrometer (MERIS; Dash et al., 2007; Dash et al., 2010), Advanced
Very High Resolution Radiometer (AVHRR; Fensholt et al., 2006; Julien
& Sobrino, 2009b;White et al., 2005), Advanced Along Track Scanning
Radiometer (AATSR; Soria & Sobrino, 2007), and SPOT-Vegetation
(VGT; Lhermitte et al., 2008; Verbesselt et al., 2007) have been proven
useful for monitoring vegetation dynamics at regional to global scales.
Themain advantage of these sensors is the high temporal resolution of
their observations, which allows to focus on the temporal trajectory.
However, their rather coarse spatial resolution limits the spatial
patterns that can be resolved, which makes them less suitable for use
in small-structured ecosystems. In these cases, time series of higher
spatial resolution data such Landsat TM/ETM+ (30 m) offer higher
potential (Cohen & Goward, 2004), but their temporal coverage
(16 days) in combinationwith possible cloud contamination (Ju &Roy,
2008) confines the image availability to a few scenes per year and this
may limit the analysis of intra-annual dynamics (e.g., Lhermitte et al.,
2011; Veraverbeke et al., 2010). Nevertheless, several authors
successfully applied time series analysis techniques to Landsat data
to assess intra-annual vegetation dynamics (Brown et al., 2006;
Simonneaux et al., 2008; Vogelmann & DeFelice, 2003) instead of only
focusing on inter-annual changes (Knudby et al., 2010; Lawrence &
Ripple, 1999; Matricardi et al., 2010; Olthof et al., 2008; Röder, Hill, et
al., 2008; Röder et al., 2008). Besides, the use of very high spatial data
with high revisit capacities offers strong possibilities to monitor intra-
annual dynamics. For example, FORMOSAT-2 provides images with
daily observations and 2 m spatial resolution (Courault et al., 2008;
Duchemin et al., 2008; Hadria et al., 2010), whereas IKONOS or
Quickbird have below 1 m spatial resolution and can use their off-
nadir viewing capacity to deliver images with a high temporal
frequency.

Regarding spectral coverage, these sensors cover a variety of
wavelengths useful to represent the ecosystem dynamics (Carrao
et al., 2010; Kerr & Ostrovsky, 2003; Thenkabail et al., 2004).
Moreover, a variety of biophysical parameters (e.g., LAI) and
vegetation indices that relate to vegetation parameters (e.g., the
commonly used Normalized Difference Vegetation index (NDVI) and
Enhanced Vegetation Index (EVI)) have been derived from these
spectral wavelength information to capture essential temporal
vegetation properties such as green leaf biomass, LAI, percent green
cover, and annual primary production (Bannari et al., 1995;
Bayarjargal et al., 2006; Carlson & Ripley, 1997; Glenn et al., 2008;
Huete et al., 1997; Huete et al., 2002; Justice & Hiernaux, 1986; Kerr &
Ostrovsky, 2003; Pettorelli et al., 2005; Seiler et al., 2007).
2.1.2. Time series characteristics
The spatial, spectral, and temporal characteristics of the remote

sensing data results in time series data, whose characteristics (e.g.,
serial correlation, stationarity, temporal resolution, noise, unequally
spaced observations or missing values) will affect the performance of
any classification or change detection approach (Mimmack et al.,
2001).

• Serial correlation occurs when time series values are correlated
between different temporal observations within one time series.
This type of correlation in ecosystem time series is mainly caused by
the seasonal variation of vegetation (Zoffoli et al., 2008), where
temporal observations are not independent and may contribute
overlapping information gain (Carrao et al., 2008).

• Time series stationarity, i.e. invariance of statistical properties over
time (Davis et al., 1994; Lin& Brannigan, 2003), is another important
characteristic that may affect the similarity measure performance.
For example, temporal observations with larger variance may
dominate the behavior of several similarity measures when the
time series' variance is not constant over time (Jain et al., 1999).

• Temporal resolution is another important factor as the time interval
between consecutive observations can vary significantly. This can
be due the sensor characteristics (e.g., daily MODIS vs. 16-day
Landsat images), but can also be the result of pre-processing steps
such as compositing. Compositing is a process that selects for each
pixel the best observation among all available within a period of
time based on cloud-free properties or an alternative maximization
of desired signal (Cihlar et al., 1994; Holben, 1986; Viovy et al.,
1992). Temporal resolution will determine the serial correlation
between temporal observations and the temporal detail that can be
distinguished. For rapidly changing dynamics, a high temporal
resolution will be essential (Lhermitte et al., 2011; Veraverbeke
et al., 2010), whereas for observations with high serial correlation
using more observations will contribute less to the overall
performance (Carrao et al., 2008).

• Noise in the satellite time series may be the result of varying
atmospheric conditions, sun-sensor-surface viewing geometry,
sensor disturbances, geometric errors, misregistration, mixed
pixels, surface anisotropy, and clouds or cloud shadows (Hird &
McDermid, 2009; Jönsson & Eklundh, 2004). Although all these
noise components reduce the signal to noise ratio (SNR), their effect
may be very different. For example, the simultaneous presence of
several uncorrected noise components (e.g., geometric errors, sub-
resolution changes, or atmospheric conditions; Fig. 1b) may cause
false highs and lows which are often assumed to be random or
white noise (Lucht & Lewis, 2000; Vasseur & Yodzis, 2004). Cloud
cover, snow or shadow, on the other hand, shows a typical effect of
increased or decreased observation values (e.g., increase in blue
reflectance and decrease in NDVI) and therefore introduces
positively or negatively biased errors (e.g., Fig. 1c). This results in
a biased error structure, where, for example, high values are more
trustworthy than low ones in NDVI time series (Chen et al., 2004;
Jönsson & Eklundh, 2002; Roerink et al., 2000). Moreover, other
noise models might affect the time series data (e.g., long term trend
due to sensor drift). Consequently, an understanding of noise
properties is essential (e.g., noise color; Vasseur & Yodzis, 2004).

• Unequally spaced observations or missing values often occur in
satellite time series. For example, not all satellites have regular
revisit times or cloud cover can result in a number of consecutive
missing values in the time series of satellite data, causing unequally
spaced observations of valid data (Ju et al., 2010).

Due to the impact of these characteristics on any many classi-
fication or change detection approach, adequate pre-processing steps
are often essential. Among others these steps may include: (i) the
extraction of non-serially correlatedmetrics to avoid serial correlation
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Fig. 1. Illustration of time series characteristics and ecosystem dynamics: a) temporal trajectory characterized by baseline and seasonal phenological cycle; b) white or random noise;
c) biased noise; d) amplitude scaling; e) amplitude translation; f) time scaling; g) time translation; and h) shape changes.
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(Sakamoto et al., 2005; Verbesselt et al., 2006; Verbesselt et al., 2006),
(ii) the differencing of observations to remove non-stationarity
(Verbesselt et al., 2009), (iii) the application of atmospheric
correction, normalization or bidirectional reflectance distribution
function (BRDF) corrections to minimize noise effects (Ju et al.,
2010; Latifovic et al., 2003; Vermote et al., 2009), (iv) compositing to
minimize cloud effects and obtain equally spaced observations that
are less affected by serial correlation (Cihlar et al., 1994; Holben,
1986; Viovy et al., 1992), and (v) the application of interpolation or
curve fitting techniques to remove spurious observations, interpolate
missing values, and obtain equally spaced observations (Chen et al.,
2004; Jönsson & Eklundh, 2004; Julien & Sobrino, 2009a; Kang et al.,
2005; Roerink et al., 2000).

2.2. Ecosystem characteristics

An understanding of how ecosystem dynamics affect the seasonal
temporal trajectory is crucial before specifying the ecosystem
variability one wants to identify. Generally, these temporal trajecto-
ries are characterized by a baseline (e.g., due to soil background or
understory vegetation out of the growing season) and a seasonal
phenological cycle (Fig. 1a) with a vegetation specific amplitude
(defined as the difference between the seasonal peak of the time
series and the baseline), timing (defined as the time location of the
seasonal peak of the time series due to timing of green-up and
senescence), and shape (e.g., due to rate of green-up and senescence
and intra-seasonal variability). Changes in ecosystem dynamics can
consequently affect the baseline, amplitude, timing, and shape
characteristics of the time series, resulting in amplitude effects (i.e.,
amplitude scaling and translation), timing effects (i.e., time scaling
and translation), or shape effects.

Amplitude effects result in changes in the difference between the
seasonal peak of the time series and the baseline. Amplitude scaling
can be compared to intensity variations and occurs when the seasonal
peak has been stretched or compressed in the y-axis (Fig. 1d). Myneni
et al. (1997), Eklundh and Olsson (2003), Geerken et al. (2005b), and
Heumann et al. (2007) illustrated for NDVI time series that amplitude
scaling could be related to changes in vegetation vigor or coverage,
changing the height peak of the NDVI curve. Amplitude translation
(i.e., when the time series has been shifted in the y-axis; Fig. 1e), on
the other hand, was related to shifts in the baseline or background
reflectance (Geerken et al., 2005b). Eklundh and Olsson (2003) and
Heumann et al. (2007), moreover, related reduced amplitudes to a
combined effect of amplitude scaling and translation in wetter
regions, as they noticed an increase in minimum seasonal NDVI and
no change in maximum seasonal NDVI due to saturation at high
vegetation densities. This results in a NDVI temporal trajectory with
higher baseline (i.e., positive amplitude translation) and lower
amplitude range (amplitude scaling factor b1).

Timing effects occur when the time location of the seasonal peak of
the time series has changed. For example, time scaling (i.e., when the
time series has been stretched or compressed in time, changing the
width of the seasonal trajectory; Fig. 1f) has been associated by Reed
et al. (1994), Eklundh and Olsson (2003), Hill and Donald (2003),
Heumann et al. (2007), and Wardlow et al. (2007) to changes in the
length of the growing season. Additionally, they demonstrated that
time translation (i.e., when the time series has been shifted in time
without changing the width of seasonal trajectory; Fig. 1g) would
occur primarily due to a change of the raining season, resulting in an
earlier or later onset of the growing season but similar length of the
growing season.

Shape effects arise when the shape of temporal profile has been
changed. These can be the result of amplitude or timing effects (e.g.,
time scaling clearly affects the shape of the temporal profile), but can
also be the result of other types of change (e.g., disturbances, land
cover/land use change) that have no determined scaling or translation
effect on the time series. For example, Evans and Geerken (2006) used
a classification algorithm for vegetation types or land use practices
that is invariant to variations in amplitude scaling, amplitude
translation and time translation, that may be caused by differences
in climate, background or topography, but are unrelated to the
vegetation type. Verbesselt et al. (2010a), Verbesselt et al. (2010b),
Lhermitte et al. (2011), and Veraverbeke et al. (2010), on the other
hand, used shape changes of the temporal trajectory is to study
changes in the vegetation type and its properties.

2.3. Time series similarity measures

Finally, the knowledge of data characteristics and ecosystem
dynamics one wants to discriminate will determine the selection of
the time series similarity measure, represented by D, that provides
the decision criterion for the classification or change detection
approach. These D can be grouped into three major categories
depending upon whether they work (i) directly with original time
series data, (ii) indirectly with transformations extracted from the
original time series data, or (iii) indirectly with metrics derived from
the original time series data. An additional overview of the D's
discussed here is given in Table 1.

2.3.1. Original time series data approaches
The original time series data approaches calculate D directly from

the original time series value without applying any transformation to
the data. Here, two approaches can be distinguished: (i) distance and
(ii) correlation measures.

2.3.1.1. Distance measures. The most commonly used distance
measures in classification or change detection approaches are derived
from the Minkowski distance (DMink; Jain et al., 1999), as it is a
generalization of both the Euclidean distance (DE) and the Manhattan
distance (DMan). The Minkowski distance between two individual
time series f p(t) and f q(t) collected in time t, for pixels p and q
respectively, is given by:

DMink = ∑
N

t=1
j f pt −f qt j r

 !1
r

ð1Þ

where ftp is the fp(t) time series value at moment t and N is the number
of samples in the time series and r is a user defined integer.With r=1,
Eq. (1) defines the Manhattan distance DMan, whereas r=2 produces
the Euclidean distance DE, which is more sensitive to outlier values
(e.g., noise) due to its non-linear character. The main advantage of the
Minkowski distances is that they are easy to calculate and interpret.
Therefore, they have been applied in a variety of approaches, ranging
from change vector analysis (Bayarjargal et al., 2006; Friedl et al.,
2002; Lambin & Ehrlich, 1997; Lambin & Strahler, 1994; Linderman et
al., 2005; Serneels et al., 2007) to landcover classification (Brown et
al., 2007; Huang & Sieger, 2006; Loveland et al., 2000; Simoniello et al.,
2008; Viovy, 2000; Xia et al., 2008), where DE often provides the
similarity measure that is evaluated in several clustering algorithms
(ISODATA, K-means,minimumdistance). TheMinkowski distances do
not take into account the time interval between measurements,
allowing them to be applied to unequally spaced observations (e.g., in
a Landsat time series). Moreover, standardized Minkowski distances
have been calculated that take into account the amount of
observations (Liao, 2005). This allow to compare time series of
unequal length and with missing values. Soudani et al. (2008),
Lhermitte et al. (2010), Lhermitte et al. (2011), and Veraverbeke et al.
(2010), for example, calculated DE based on only corresponding
observations (N′) in time series with missing data and subsequently
divided DE by N′.



Table 1
Summary of time series similarity measures D.

D Characteristics Examples

DMan Quantifies the absolute magnitude of
the difference between time series

Modified version of temporal change
vector (Bayarjargal et al., 2006;
Linderman et al., 2005; Serneels et
al., 2007)

DE Quantifies the Euclidean distance of
the difference between time series

Classical temporal change vector
(Bayarjargal et al., 2006; Friedl et al.,
2002; Lambin & Ehrlich, 1997;
Lambin & Strahler, 1994), minimum
distance classification (Brown et al.,
2007; Loveland et al., 2000),
ISODATA classification (Huang &
Sieger, 2006; Xia et al., 2008), K-
means classification (Simoniello et
al., 2008) and classification (Viovy,
2000), control pixel selection
(Lhermitte et al., 2010; Veraverbeke
et al., 2010)

DMah Quantifies the difference between
time series but accounts for non-
stationarity of variance and temporal
cross-correlation

Maximum likelihood classification
(Bergen et al., 2005; Defries &
Townshend, 1994; Ehrlich & Lambin,
1996; Veraverbeke et al., 2010),
Mahalanobis change vector
(Bontemps et al., 2008)

DCC Quantifies the degree of linear
relationship between time series

Correlation based classification
(Brown et al., 2007; Geerken et al.,
2005a,b), control pixel selection
(Lhermitte et al., 2010), cross-
correlogram spectral matching (Van
der Meer & Bakker, 1997; Wang et
al., 2009)

DPCA Quantifies the difference between
times PCs that explain the majority
of the variance

Benedetti et al. (1994) and Lobo and
Maisongrande (2008)

DFFT Quantifies the combined effect of FT
amplitude and phase differences

ISODATA and minimum distance
classification based on FT
components (Azzali & Menenti,
2000; Moody & Johnson, 2001;
Wagenseil & Samimi, 2006)

Dξ Quantifies shape similarity based on
derived FT amplitude and phase
differences

Classification (Evans & Geerken,
2006)

DFk Quantifies the FT of the difference
between time series

Hierarchical image segmentation
(Lhermitte et al., 2008)

DΔ Quantifies the difference between
time series based on specific
designed metrics

Metric change detection (Borak et al.,
2000; Linderman et al., 2005),
classification and regression trees
(Hansen et al., 2003; Lloyd, 1990)
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Although the Minkowski distances are mathematically simple,
they have certain limitations. Most importantly, they do not account
for non-stationarity of variance or temporal cross-correlations in the
data set (Mimmack et al., 2001). As a result, the observations with the
largest variance (if not standardized) will dominate Eq. (1) as they
contribute more strongly to the similarity (Jain et al., 1999). Solutions
to this include the use of theMahalanobis distance (DMah; Mahalanobis,
1936):

DMah =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
f pt −f qt
� �T∑−1 f pt −f qt

� �q
ð2Þ

where Σ is the covariance matrix of the time series, which needs to be
estimated beforehand. The assumption behind the DMah is that all
points in the data set have temporal distributions that can be
represented by Σ. Since this is not generally true, most studies
calculated Σ of each class or category separately and used DMah as the
probability of belonging to a class. Using this probabilistic interpre-
tation, it corresponds to selecting the class with maximum likelihood
and DMah provides the similarity measure for themaximum likelihood
classifier. Defries and Townshend (1994), Ehrlich and Lambin (1996),
Bergen et al. (2005), and Veraverbeke et al. (2010) used this approach
to classify land cover using VI time series, whereas Carrao et al. (2008)
used DMah to determine optimal band-timing combinations for land
cover classification. Bontemps et al. (2008), on the other hand, used
DMah to calculate the distance from an unchanged reference to
quantify the probability of change. The drawback of DMah is the need
of prior information on the covariance matrix. This means that one
needs to estimate the covariance matrix of the data or of each class/
category beforehand. This estimation is usually based on samples
known to belong to each class or category (e.g. after a supervised
classification).

2.3.1.2. Correlation measures. The best known correlation measure is
Pearson's cross-correlation (DCC) coefficient (Liao, 2005; Rodgers &
Nicewander, 1988), which is defined as the degree of linear
relationship between time series:

DCC =
∑N−1

t = 0 f pt − f p
� �

T f qt−s− f q
� �h i

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑N−1

t = 0 f pt − f p
� �2r

T

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑N−1

t = 0 f qt−s− f q
� �2r ð3Þ

Where ft
p and ft

q are the time series values at moment t, f p and f q

are the means of the corresponding series, s is the lag between both
time series, and N is the length of the time series. If DCC is computed
for s=0, it estimates the time series similarity without time shift.
When DCC is calculated for one time series, i.e. when f p(t)= f q(t), it
measures the serial correlation (Meek et al., 1999). DCC is 1 in case of
an increasing linear relationship, −1 in case of a decreasing linear
relationship, and some value in between in all other cases. Since DCC is
a measure of a linear relationship between time series and does not
evaluate the difference in time series values, amplitude scaling or
translation will not affect DCC.

DCC is often used as an similarity measure for remote sensing time
series. Geerken et al. (2005a) and Geerken et al. (2005b), for example,
used DCC between NDVI time series as a measure to classify the spatial
coverage variations of rangeland vegetation, whereas Lhermitte et al.
(2010) applied it for control pixel selection and Brown et al. (2007)
added it as a measure to classify crop types. Van der Meer and Bakker
(1997) based the cross correlogram spectral matching (CCSM)
classification on correlation between spectra at different s and
Wang et al. (2009) applied it to NDVI time series data for identifying
interannual landcover changes.

2.3.2. Transformation approaches
The transformation approaches apply a transformation (e.g.,

principal component analysis (PCA) or Fourier transform (FT)) on
the time series to assess similarity. Generally, this transformation has
two objectives: (i) to reduce the dimension of the time series without
losing too much information, and (ii) to isolate some specific
components.

2.3.2.1. PCA. PCA was first introduced by Pearson (1901), and
developed independently by Hotelling (1933). Its background and
applications is extensively discussed in Jackson (1991) and Jolliffe
(2002). PCA transforms the time series data of the original multi-
temporal space to a new uncorrelated coordinate space, so that the
largest variance is located on the first coordinate (called the first
principal component), the second largest variance on the second
coordinate, and so on. This can be done by using standardized and
unstandardized principal component analysis, where the former
allows to solve non-stationarity of variance. Because of the maximi-
zation of the variance in the first components, PCA allows data
reduction when retaining only those characteristics of the data set
that contributemost to its variance. Moreover, for some applications it
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allows to relate specific principal components (PC) to specific
phenomena based on empirical analysis.

PCA has been widely used in remote sensing studies to isolate
specific components related to vegetation dynamics (Anyamba &
Eastman, 1996; Eastman & Fulk, 1993; Gurgel & Fereira, 2003; Hall-
Beyer, 2003; Hirosawa et al., 1996) or to perform classification based
on time series similarity (Benedetti et al., 1994; Lobo &Maisongrande,
2008). In the latter context, PCA is used as a way of dimensionality
reduction before calculating the similarity between m selected PCs:

DPCA =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
m

k=1
PCp

k−PC q
k

� �2s
ð4Þ

where PCk
p and PCk

q are the kth principal component of time series p
and q, respectively, and m is the number of selected principal
components.

One of the main advantages of the DPCA is the transformation to
successive components that explain progressively less of the total
data set variance. Usually, high order components will contain
information that is essentially noise with respect to the phenomenon
analyzed (Jackson, 1991; Jolliffe, 2002), and so can be disregarded
when calculating DPCA. Additionally, noise elements such as long-
duration cloud events or sensor and processing problems are likely to
be isolated in their own components, and thus may be more easily
separated from the desired signal (Hall-Beyer, 2003). However, it is
always possible that some high order component, containing a very
low proportion of total data set variance, might represent informa-
tional variance for a small area. Therefore the selection of m PCs is an
essential step as it will determine the output of all algorithms that use
theDPCA (Mimmack et al., 2001). Several of these selection approaches
are discussed in Jackson (1991) and Jolliffe (2002).

2.3.2.2. Fourier transforms. Also the FT has been frequently used for
similarity assessment of ecosystem dynamics, since it allows the
decomposition of noise-affected time series into periodic signals in
the frequency domain. By performing the analysis in the frequency
domain, a distinction can be made between signals with a specific
period such as frequency terms related to vegetation dynamics and
other frequency terms (Azzali & Menenti, 2000; Canisius et al., 2007;
Jakubauskas et al., 2002).

The FT can be used to transform any equidistant discrete time
series f(t) into a set of scaled cosine waves with unique amplitude Ak

and phase shift ϕk (Bracewell, 2000):

f tð Þ = A0 + ∑
N−1

k=1
Ak cos 2πkt + ϕkð Þ ð5Þ

with

Ak =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Fck

2 + Fsk
2

q
ð6Þ

and

ϕk = arctan
Fck
Fsk

� �
ð7Þ

where t is an index representing the sample moment, ft is the time
series value at moment t, k is the frequency of the FT components (i.e.,
the number of cosine wave cycles over the time series), N is the
number of samples in the time series, Fkc and Fk

s are the real and
imaginary part in Euler's equation, respectively. Together Ak and ϕk

describe the kth frequency FT component as one cosine wave in the
frequency domain, whereas the sum of the cosine waves represents
the original time series of each pixel (Bracewell, 2000).

Several authors have used the FT of VI time series as the basis for
time series similarity assessment. Firstly, Azzali and Menenti (2000)
suggested a distance measure based on the Euclidean distance
between m selected amplitude and phase components of the fast
Fourier transform (DFFT):

DFFT =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
m

k=0
Ap
k−Aq

k

� �2 + ∑
m

k=1
ϕp
k−ϕq

k

� �2s
ð8Þ

Since DFFT incorporates amplitude and phase, it is sensitive to
amplitude scaling, time scaling and time translation. The sensitivity to
amplitude translation will depend on the inclusion of the 0th FT
component in theDFFT, since this component represents themean of the
time series. Azzali andMenenti (2000) used the amplitude and phase of
the 0th, 1st, and 2nd FT components of one year NDVI time series to
classify vegetation–soil–climate units. Moody and Johnson (2001) and
Wagenseil and Samimi (2006) also used the 0th, 1st, and 2nd FT
components, but they focused on two and five year NDVI time series.

Secondly, Evans and Geerken (2006) proposed a distance measure
Dξ that mainly quantifies shape similarity:

Dξ = 3

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
m

k=1
αref
k −αk

� �2s
+

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
m

k=1
θrefk −θk
� �2s

ð9Þ

where αk and θk are the relative amplitude and phase for each FT
component:

αk =
Ak

A1
ð10Þ

and

θk =
Ak

A1

� �
ref

2 + cos kϕ1−ϕkð Þ½ � ð11Þ

and αk
ref and θkref are relative amplitude and phase for a reference class.

Dξ is zero if two time series, represented by their m Fourier
components, have the same shape and increases as the differences
between the shapes increases. Due to the use of the relative amplitude
and phase, Dξ is invariant to amplitude translation, amplitude scaling
and time translation. This invariance was necessary for Evans and
Geerken (2006) as they focused on shape similarity for classifying
rangeland without taking modifications related to a plant phenology
into account.

Finally, Lhermitte et al. (2008) proposed a Fk-distance criterion
(DFk) for hierarchical image segmentation based on time series
similarity. This criterion employs the Euclidian distance between FT
components of the same frequency as measure of similarity. The
dashed line Ak

p−q in Fig. 2 illustrates DFk for the kth frequency FT
component of two time series, represented by p and q. The Fk-distance
incorporates both parameters that represent the FT component, Ak

and ϕk, respectively, into one similarity measure. Mathematically, DFk

corresponds to subtracting two time series, f p(t) and f q(t), respec-
tively, for each observation in the temporal sequence and using the
amplitude of the resulting difference vector f p− q(t):

Ap−q
k =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Fck pð Þ−Fck qð Þ� �2 + Fsk pð Þ−Fsk qð Þ� �2q

=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Fck p−qð Þ2 + Fsk p−qð Þ2

q ð12Þ

Based on the Ak
p− q

of the selected m FT components, DFk can be
calculated:

DFk = ∑
N−1

k=0
wkA

p−q
k ð13Þ

where Ak
p− q is the Fk-distance between the time series of p and q

respectively, and wk is the weight of the kth frequency FT component.
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Fig. 2. Illustration of the Fk-distance for the kth frequency FT components of two time
series, represented by p and q. Fkc and Fk

s are amplitudes of the cosine and sine waves in
rectangular notation, while Ak and ϕk are the amplitude and phase in polar notation,
respectively. Ak

p−q
is the distance between points p and q used in the Fk-distance

criterion.
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Modification of the weights allows to enhance (high wk) or diminish
(low wk) the influence of each component on DFk and to accentuate
specific components in the similarity measure. As a result, these
weights will determine the sensitivity to time series differences. For
example, when w0=0 the DFk will be insensitive to amplitude
translations as the offset value in the y-axis is neglected in the DFk

calculation.
The main advantage of all these FT distances is the possibility to

distinguish signals with a specific period. This is particularly
amendable for detecting periodic patterns in time series of satellite
data, such as daily or monthly time series of land surfaces that contain
strong systematic periodic patterns related to vegetation features and
nonsystematic high frequent image noise. Hence, information related
to temporal vegetation characteristics can be separated from noise
originating from atmospheric and viewing angle effects, cloud
contamination, and other types of high frequency factors. This noise
separation is also one of the main arguments in Moody and Johnson
(2001), Evans and Geerken (2006), Wagenseil and Samimi (2006),
and Lhermitte et al. (2008) for their choice for the FT approach.
However, care should be taken as the assumption of a periodic and
sinusoidal signal is often not satisfied for the complex shape of
ecosystem dynamics, and FT analysis may therefore require high
frequency terms for suitable approximation (Wagenseil & Samimi,
2006). Moreover, the separation between signal and noise will always
depend on the appropriate selection of the m components or weights
wk.
2.3.3. Metric approaches
The metric approaches convert the raw data time series into a

number of parameters that describe the time series in function of
simple statistics, and subsequently calculate similarity based on these
statistics. For ecosystem time series these metrics typically represent
some aspects of timing, duration and intensity of photosynthetic
activity (e.g., begin of the growing season, end of the growing season,
annual mean, maximum, minimum, range, etc.; Borak et al., 2000;
Defries et al., 1995; Hill & Donald, 2003; Lloyd, 1990; Pettorelli et al.,
2005; Reed et al., 1994; Samson, 1993;White et al., 2009; Zhang et al.,
2003; Zhang et al., 2006). Although these metrics are excellent
descriptions of a particular time series phenomenon, they provide
characteristics that are not inter-comparable as they represent
different characteristics on different scales. Consequently, adapted
scale invariant similarity measures must be used.

Defries et al. (1995) and Hill and Donald (2003) proposed an
unsupervised classification procedure based on the Mahalanobis
distance between several metrics in a maximum likelihood classifier.
Alternatively, Borak et al. (2000) proposed the use of the distance
between individual metrics (e.g., DΔ= metric(ft

p)−metric(ftq)). This
approach is very useful for detecting specific differences between time
series. Linderman et al. (2005), for example, used the DΔ of integrated
EVIs to distinguish phenology differences from other changes. Borak
et al. (2000) showed moreover that the combination of several DΔs of
individual metrics performed better to discriminate between changes.
Lloyd (1990) and Hansen et al. (2003) combined also several DΔs in
their classification and regression trees.

One of the main advantages of the metrics based similarity is that
they can be designed completely according to user requirements. For
example, if one is interested in the length of the growing seasons, it is
possible to design a metric that calculates begin and end of the
growing season and to use the DΔ of these metrics as indicator of time
series similarity. On the other hand, this user input is also the main
disadvantage, since external knowledge is essential to interpret the
results.

3. Methods

To address the objective of quantitative comparison of the
different Ds, a sensitivity analysis based on Monte Carlo (MC)
simulations was performed using three data sets (NDVI, EVI, and
LAI) of global land ecosystem dynamics. The MC simulations allow to
control the variability in time series and ecosystem characteristics,
which is difficult when analyzing actual ecosystem time series where
the variability of these characteristics is generally predetermined. As a
result, the MC simulations provide a means to assess the sensitivity of
each D in function of varying degrees of amplitude, timing and noise
effects.

3.1. Satellite time series data

The global land ecosystem time series data were derived from the
MODIS Land Product Subsets based on the MODIS ASCII Subset for the
northern hemisphere (Oak Ridge National Laboratory Distributed
Active Archive Center (ORNL DAAC), 2010), where the 2001–2006
Terra MODIS Landcover (MCD12Q1), NDVI (MOD13Q1), EVI
(MOD13Q1) and LAI (MOD15A2) products for 7×7 km areas around
1085 flux towers or field sites in the northern hemisphere were
selected (Fig. 3). The MCD12Q1 data provide annual estimates of the
17-class International Geosphere–Biosphere Programme classifica-
tion (IGBP) landcover (LC) type (Friedl et al., 2002; Friedl et al., 2010;
Loveland et al., 1995) for 14×14 0.5 km pixels around each flux tower
or field site, whereas the MOD15A2 represents LAI estimates for the
same sites based on 7×7 1 km pixels with 8-day temporal resolution,
and the MOD13Q1 produces the site's NDVI and EVI values with a 16-
day temporal resolution for 28×28 0.25 km pixels.

Based on the MCD12Q1 data, a dominant LC type was determined
for each of the 1085 sites. Subsequently, the NDVI, EVI, and LAI time
series were extracted that correspond to the dominant LC type for
each site, resulting in a set of nLC sample time series per IGBP
landcover type. The five year NDVI, EVI and LAI data (2001–2006)
were subsequently divided in annual time series and all subsequent
analysis was based on annual time series and repeated for each year in
2001–2006. This annual approach allows to assess the dependence of
the results on the annual variability.

The time series of NDVI, EVI and LAI data were assumed to typify
each LC type, and, therefore, to represent global land ecosystem
vegetative cover dynamics. Since NDVI, EVI, and LAI data show a
different sensitivity to ecosystem vegetative cover dynamics, the use
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Fig. 3. Illustration of the MODIS ASCII Subset data for the northern hemisphere, representing the 2001–2006 Terra NDVI, EVI, and LAI products for 7×7 km around 1085 flux towers
of field sites. The • illustrates the location of the 1085 flux towers of field sites in the different LC types, represented by different colors. The time series of NDVI, EVI, and LAI show the
mean ± standard deviation for each LC type, whereas the upper-right corner of each time series indicates nLC, the number of sample time series per LC type in the data set.
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of these three data sets allows moreover to compare the effect of
different time series characteristics (temporal resolution, serial
correlation, variance) on the sensitivity of D. This difference in
sensitivity is apparent in Fig. 3 where the mean of the NDVI, EVI, and
LAI time series for each LC type is represented. The NDVI has a higher
range than EVI, but EVI tends to saturate at higher LAIs allowing more
accurate change detection in high density vegetation (Huete et al.,
2002). The LAI time series, on the other hand, show the highest
variability (between 0 and 5) and also shows themost abrupt changes
at the beginning and end of the growing season. Comparison of the
mean NDVI, EVI, and LAI times shows moreover that the amplitude,
baseline, timing of on-set and end of the seasonal cycles clearly varies
for LC types.

3.2. Time series properties

Since the performance of each D depends on the characteristics of
the time series data, descriptive statistics of the time series were
derived to understand the sources of variation in the sample time
series of each LC type. This includes analysis of the mean and variance
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per LC type over time, since these exemplify the variation related to
baseline, amplitude, timing, and give insight in the phenological
variability. Moreover, the serial correlation is derived to understand
the effect of timing effects on the MC simulations.

3.3. Time series similarity measures

Eight relative time series similarity measures (DMan, DE, DMah, DCC,
DPCA, DFFT, Dξ, DFk) were compared in the sensitivity analysis. These D
span the key concepts behind time series similarity and consequently
allow to determine the different aspects of sensitivity. The metric
based similarity measures were not included in this comparison, since
they depend entirely on the users requirements and related definition
of the metric (e.g., Defries et al., 1995). Therefore, comparing these
metrics would result in comparing user definitions based on
subjective selection criteria, which is beyond the scope of this study.

DMan, DE, and DCC were calculated using the individual annual time
series, whereas the DMah was computed after estimating the covariance
matrix of each LC type. DPCA, DFFT, Dξ and DFk were computed based on
the components that explain themajority of the intra-annual ecosystem
variability. For DPCA this implies the use of the three first standardized
PCs, whereas the DFFT, Dξ and DFk were calculated based on the mean
component (k=0) and on the components with annual and bi-annual
frequency (k=1, 2). The DFk applied equal weights to each Fourier
component (wk=0.33; k=0, 1, 2).

3.4. Monte Carlo simulation experiment

As a basis for the MC simulations, characteristic NDVI, EVI, and LAI
time series for each LC type (except for the Snow and Ice class, where
too few observations were available) were derived based on the nLC
sample NDVI, EVI and LAI time series per LC type. This was done by (i)
taking all observations with good quality (based on the associated
data quality control flag) for each date and LC type, (ii) calculating the
mean and standard deviation for the NDVI, EVI, and LAI time series for
each date and LC type, and (iii) interpolating the mean and standard
deviation for specific observation dates where no data were available.
Based on the time series of the mean f

LC
tð Þ and standard deviation

σLC(t) for NDVI, EVI and LAI data for each LC type, sample time series
of each LC type can be generated using the equation proposed by
Viovy (2000):

f LC tð Þ = f LC tð Þ + ασ LC tð Þ ð14Þ

where α is a random value given by a pseudo-random generator that
follows a standard normal distribution N(μ=0, σ=1). The use of
f
LC

tð Þ removes noise in the time series data due to its mean filter
effect, whereas the use of α allows to represent the variability around
the mean time series.

Subsequently, MC simulations were undertaken to introduce
amplitude scaling and translation, time scaling and translation, and
Table 2
Equations for different Monte Carlo simulations.

Effect Equation Parameters

Amplitude scaling f LC tð Þ = f LC tð Þ + ασLC tð Þ
� �

⁎ β ð15Þ β= pseudo-random

Amplitude translation f LC tð Þ = f LC tð Þ + ασLC tð Þ
� �

+ β ð16Þ β= pseudo-random

Time scaling f LC tð Þ = f LC t′ð Þ + ασLC t′ð Þ ð17Þ t′= randomly elong
value from discrete

Time translation f LC tð Þ = f LC t+βð Þ + ασ LC t+βð Þ ð18Þ β= value that diffe

White noise f LC tð Þ = f LC tð Þ + ασLC tð Þ + β tð Þ ð19Þ β(t)= pseudo-rand

Biased noise f LC tð Þ = f LC t′ð Þ + ασLC tð Þ ð20Þ t′= time series that
replaced by noise (b
noise in the characteristic NDVI, EVI, and LAI time series of each LC
type. This was done by taking a simulated time series of Eq. (14) and
modifying it using the simulation equations of Table 2. Amplitude
scaling was consequently introduced by multiplying the time series of
Eq. (14) with β, where wAsc will determine how strong the scaling
effect is. Amplitude translation, on the other hand, was added by
introducing a random offset value, where wAsh determines the offset.
Time scaling was introduced elongating/shortening the original time
series with β observations, where −wTscbβbwTsc. This results in
sample data sets where, for wTsc=1, time series are scaled randomly
one observation value, whereas for higher values of wTsc this scaling
differs randomly between −wTsc and wTsc observation values. For the
elongated time series interpolation was used for observations in the
middle of the time series. For the shortened time series, on the other
hand, extrapolation based on previous year or next year observation
valueswas used. Time translationwas introduced by applying random
shifts time to the sample time series of Eq. (14), where−wTshbβbwTsh

determines the shift. As a result, time series are shifted randomly one
observation value for wTsh=1, whereas for higher values of wTsh this
shift differs randomly between−wTsh andwTsh observation values. For
each of these shifts, the same extrapolation technique as for time
scaling was used for the observations at the beginning or end of the
time series. White noise was added to the sample time series of
Eq. (14) by adding increasing levels of white noise, where wWN scales
the noise levels. Finally, biased noise was simulated by introducing
biased observations in the sample time series of Eq. (14). This was
done by replacing a number (wBN) of the sample time series values by
noise (biased low value of 0.1). This was done iteratively to generate
several sample time series with an increasing number (wBN) of noise
values.

The amount of variability introduced in the MC simulations
depends on the parameters wAsc, wAsh, wTsc, wTsh, wWN, and wBN,
which were defined according to Table 3. These parameters span a
wide variety of levels of introduced variability and allow to understand
the effect of different levels on Ds performance. The difference inwAsh

andwWN for the NDVI, EVI and LAI data results from the observed data
value intervals of both data sets (i.e., most observed values in [0, 1]
interval for NDVI and EVI vs. [0, 5] interval for LAI) to obtain similar
effects for similar scaling parameters.
3.5. Sensitivity analysis

The MC simulations allow to quantitatively assess the effect of
wAsc, wAsh, wTsc, wTsh, wWN, and wBN on the different Ds. This was done
by calculating each D between (i) 500 sample time series of each LC
type from the MC simulations of Eqs. (15–20) and (ii) the
corresponding LC mean time series (f

LC
tð Þ). The retrieved D were

subsequently compared with the corresponding intra-class distance
DIC by calculating D/DIC. DIC represents the natural intra-class
variability of within class distances and is obtained by calculating
each D between (i) 500 sample time series of each LC type from the
value from normal distribution N(μ=1, σ=wAsc)

value from normal distribution N(μ=0, σ=wAsh)

ated or shortened (with β observations) time series. β= pseudo-random
uniform distribution (−wTscbβbwTsc)
rs in time by a pseudo-random value from normal distribution N(μ=0, σ=wWN)

om value from normal distribution N(μ=0, σ=wWN)

consists of the original time series of Eq. (14) with a number (wBN) of observations
iased low value of 0.1).



Table 3
Parameter setting for the different Monte Carlo simulations.

NDVI and EVI LAI

Amplitude scaling wAsc=0.02, 0.04,…, 0.2 wAsc=0.02, 0.04,…, 0.2
Amplitude translation wAsh=0.01, 0.02,…, 0.1 wAsh=0.01, 0.02,…, 0.1
Time scaling wTsc=1, 2,…, 10 wTsc=2, 4,…, 20
Time translation wTsh=1, 2,…, 10 wTsh=2, 4,…, 20
White noise wWN=0.01, 0.03,…, 0.19 wWN=0.05, 0.15,…, 0.95
Biased noise wBN=1, 2,…, 10 wBN=1, 2,…, 10
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MC simulations in Eq. (14) and (ii) the corresponding LC mean time
series ( f

LC
tð Þ).

Since D/DIC compares the introduced effects (D) with the standard
variability (DIC), it quantifies the magnitude of the introduced effects
relative to the intra-class variability. As a result, it allows to
intercompare the different Ds. This is more complicated when
analyzing absolute D values as they are defined on different scales.
Moreover, it implies that D/DIC should be interpreted relative to the
parameters settings in Table 3 in combination with the intra-class
variability in LC time series.
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4. Results

All subsequent figures represent the mean outcome of the annual
analyses repeated in the 2001–2006 time interval. The choice to
represent the results by the mean outcome was driven by clarity
purposes and the small inter-annual variability between annual analyses.
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Fig. 4. Illustration of basic time series statistics of NDVI, EVI, and LAI data used in the MC
simulations: a) mean in function of time; b) intra-class (IC) variance and inter-class
variance in function of time; and c) serial correlation in function of lag in observations,
where one observation represents a time lag of 16 (NDVI and EVI) and 8 days,
respectively.
4.1. Time series properties

Fig. 4 shows the basic time series statistics (i.e., mean and variance
over time, serial correlation) of the NDVI, EVI, and LAI time series. For
the mean time series it can be seen that, conform to Fig. 3, NDVI and
EVI time series show similar behavior, but that NDVI covers a wider
range than EVI. Furthermore, the LAI time series are not confined in
the [−1, 1] interval and show more abrupt changes at the beginning
and the end of the growing season.

The variance of the time series data indicates that NDVI and EVI
demonstrate a low intra-class variance (IC), but a much higher inter-
class variance. Moreover, a timing difference in inter-class variance
can be noticed between the NDVI and EVI data: the highest inter-class
variance appears outside the growing season for the NDVI and within
the growing season for the EVI data. This difference can be explained
by the sensitivity of NDVI and EVI to background reflectance. Since the
EVI is designed to be de-coupled of the canopy background
reflectance (Huete et al., 2002), it will not capture the variance due
to background reflectance, especially important outside of the
growing season. The variance of LAI data, on the other hand, shows
a clear seasonality, both in intra- and inter-class variance.

Comparison of the serial correlation reveals the difference in
temporal resolution for the NDVI, EVI (both 16 day) and LAI (8 day)
data, where the serial correlation decreases slower for LAI than for
NDVI and EVI due to the higher temporal resolution of the LAI data.
Additionally, it shows that the difference in serial correlation between
NDVI–EVI and LAI data is due to the observation interval, as similar
serial correlations are obtained for identical time lags (i.e., lag in
function of time, not in function of observation). For example, the
serial correlation at a lag of ten observations (i.e., a time lag of
10×8=80 days) corresponds to the serial correlation at a lag of five
NDVI and EVI observations (i.e., a time lag of 5×16=80 days). This
illustrates again serial correlation is driven by the seasonal cycle of
phenological variability (Zoffoli et al., 2008), but may show up
differently due to the temporal resolution of the data.
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4.2. Monte Carlo simulation

Figs. 5–7 illustrate the effect of a) amplitude scaling, b) amplitude
translation, c) time scaling, d) time translation, e) white noise, and f)
biased noise on the D/DIC values for the NDVI, EVI, and LAI time series
respectively. Based on the change of each similarity measure D in
function of wAsc, wAsh, wTsc, wTsh, wWN, and wBN, the sensitivity of each
D can be determined as large changes in D/DIC indicate high
sensitivity.

Generally, the introduced amplitude effects (i.e., amplitude scaling
and translation) result in smaller changes in D/DIC values than time
scaling, time translation or noise effects. This difference between
amplitude and timing-noise effects, however, is mainly the result of
the parameter settings in Table 3, which should be interpreted
relatively to the existent intra-class variability. Consequently, higher
values ofwAsc orwAsh relative to the intra-class variability will result in
higher sensitivities.

Comparison of the Ds shows that different responses to the
induced effects can be distinguished. Firstly, the Minkowski metrics
DMan and DE are sensitive to all introduced changes in wAsc, wAsh, wTsc,
wTsh, wWN, and wBN, where DMan/DIC values exhibit an almost linear
increase for all introduced changes and DE/DIC shows a higher, often
non-linear sensitivity. This higher sensitivity can be explained by DEs
non-linear character and responsiveness to outlier values.

Secondly, the PCA based distance DPCA performs very similar to
DMan for amplitude and timing effects, whereas it shows a reduced
sensitivity when noise is introduced.

Thirdly, the Fourier based DFk displays also an almost linear
increase for all introduced changes. Consequently, it resembles DMan

with a similar sensitivity to amplitude scaling, a lower sensitivity to
amplitude translation, and a higher sensitivity to time scaling. For the
NDVI and EVI data, DFk shows a higher sensitivity to noise than DMan,
but for the LAI data it is opposite.

Fourthly, the Mahalanobis distance DMah shows the largest
absolute sensitivity to all introduced changes (Note: the DMah

∗ shown
in Figs. 5–7 is represented on a logarithmic scale). Relatively, however,
this sensitivity is especially strong when large deviations from the
intra-class variability are introduced by the MC simulations. These
large deviations from the intra-class variability occur, for example,
when time scaling and time translation effects are introduced that
cause large changes in the periods of green-up and dormancy which
differ strongly from the intra-class variability. It also explains the
difference in sensitivity of the NDVI, EVI, and LAI data sets to changes
inwAsh andwBN, as these data sets show clear differences in intra-class
variability (Fig. 4b). For example, the LAI time series are strongly
non-stationary with a lower intra-class variance outside the growing
season (Fig. 4b). Consequently, DMah will give extra weight to the
changes introduced outside the growing season and less weight to the
introduced changes within the growing season. Since amplitude
translation relatively has a more pronounced effect outside the
growing season and biased noise relatively has a stronger effect
within the growing season, DMah shows an increased sensitivity to
wAsh and decreased sensitivity to wBN for the LAI data. The NDVI
and EVI data, on the other hand, show a stable intra-class variance
and will therefore account equally for the amplitude shift and
biased noise changes. However, as the absolute effect of biased
noise is much stronger than the effect of small amplitude shift
changes, NDVI and EVI data show a larger sensitivity to wBN than to
wAsh.

Fifthly, the Pearson's cross-correlation coefficient displays the
expected unchanged DCC values when amplitude effects are inserted.
However, when time scaling, time translation or noise effects are
introduced it results in almost linear increases in 2−DCC and thus a
linear decrease in DCC.

Sixthly, the Fourier based similarity measures DFFT, Dξ differ from
the other D as they demonstrate specific sensitivities. Dξ, for example,
is very sensitive to time scaling effects (i.e., very steep increase of Dξ

with DTsc), less sensitive to time translation, and insensitive to
amplitude effects. DFFT, on the other hand, shows a large sensitivity to
time scaling and translation (especially for the NDVI and EVI data) and
is less affected by amplitude effects. BothDFFT and Dξ showmoreover a
high sensitivity to noise effects, although theywere designed based on
the assumption that noise was eliminated by taking adequate FT
components.

5. Discussion

5.1. Performance of similarity measures

Based on the results, it can be seen that most D values increase
when the original time series are affected by changes in amplitude,
timing effects, or noise. However, the sensitivity to these changes is
not similar between all Ds and four main groups of similarity
measures with different sensitivities can be distinguished: (i) the
Minkowski metrics (DMan, DE), PCA based (DPCA), and Fk-distance
criterion (DFk), (ii) the Mahalanobis distance that accounts for
temporal correlation and non-stationarity of variance, (iii) Pearson's
cross-correlation DCC that accounts for temporal correlation, and
(iv) the Fourier based measures (DFFT, Dξ).

In the first group DMan, DE, DPCA, DFk show similar behaviors with
subtle distinctive features. The similar behavior between these four
measures can be explained by the fact that they all are difference
measures that quantify the difference in time series values, whereas
the distinctive features are the result of their specific characteristics.
For example, DMan and DE quantify the difference in raw data values
(see Eq. (1)), but DE is more sensitive to outlier values due to its non-
linear character.

DPCA is also a difference measure as the PCA transforms the data to
a new coordinate system based on a linear transformation, and DPCA

uses the difference of these PCs. Mathematically, DPCA is even identical
to DE when all PCs are included. Consequently, the differences
between DPCA and DE are the result of reducing the number of PCs.
Due to the dimensionality reduction in this study, DPCA is less sensitive
to noise effects, since parts of the noise is expressed in the later PCs
that do not describe the majority of the total variance in the data set
and are not included in DPCA. Amplitude and timing effects, on the
other hand, are clearly captured by the first three PCs, resulting in
higher sensitivities. Nevertheless, the sensitivity of DPCA is still lower
than for DE, but this can be explained by the dimensionality reduction,
since part of the variability due to the introduced effects is captured by
later PCs and thus not quantified. This stresses the importance of a
proper understanding of the captured variability (e.g., amplitude,
timing, noise effects) in the m selected PCs, as it will determine the
sensitivity to these effects.

Finally, DFk is also a difference measure, as it is based on the Fourier
transform of the difference between raw data values of two time series
(Lhermitte et al., 2008). Since the FT componentswereused thatexpress
the majority of the ecosystem periodic variability, the similarity
between DFk and the other difference measures is logical. However, as
DFk uses the FT of the difference, it is specifically sensitive to differences
that result in high Ak

p−q. This occurs, for example, as a result of time
scaling or time translation.

The second group consists of DMah that measures the difference
between time series, but that also accounts for the temporal cross-
correlations in the data set and non-stationarity of variance. As a
result, it is specifically sensitive towards changes that create large
deviations from the intra-class variability (e.g., the effect of amplitude
shift on LAI data outside the growing season) or from the temporal
cross-correlations in the data set (e.g., time scaling, time translation or
white noise).

The third group consists of DCC that quantifies the temporal cross-
correlation and does not account for the difference between time
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Fig. 5. Illustration of the effect of a) amplitude scaling, b) amplitude translation, c) time scaling, d) time translation, e) white noise, and f) biased noise on the D/DIC values for the
NDVI time series time series. Note that DCC has been adjusted to 2−DCC to be represented on the same data interval as the other D. This implies that 2−DCC=0, when perfect
correlation (DCC=1), and 2−DCC increases when the correlation decreases. Note moreover, the*with DMah to highlight that DMah/DIC is represented by the logarithmic scale on the
right side of each graph.

3141S. Lhermitte et al. / Remote Sensing of Environment 115 (2011) 3129–3152



EVI

wAsc

D
D

IC

0.
8

1.
0

1.
2

1.
4

1.
6

1.
8

2.
0

0 0.02 0.06 0.1 0.12 0.16 0.2

1e
+

01
1e

+
03

D
M

a
h

D
IC

DMan

DE

DMah
*

2 − DCC

DPCA

DFFT

D ξ

DFk

a)

EVI

wAsh

D
D

IC

0.
8

1.
0

1.
2

1.
4

1.
6

1.
8

2.
0

0 0.01 0.03 0.05 0.07 0.09 0.1

1e
+

01
1e

+
03

D
M

a
h

D
IC

DMan

DE

DMah
*

2 − DCC

DPCA

DFFT

D ξ

DFk

b)

EVI

wTsc

D
D

IC

0.
5

1.
0

1.
5

2.
0

2.
5

3.
0

3.
5

4.
0

0 1 2 3 4 5 6 7 8 9 10

1e
+

01
1e

+
03

D
M

a
h

D
IC

DMan

DE

DMah
*

2 − DCC

DPCA

DFFT

D ξ

DFk

c)

EVI

wTsh

D
D

IC

0.
5

1.
0

1.
5

2.
0

2.
5

3.
0

3.
5

4.
0

0 1 2 3 4 5 6 7 8 9 10

1e
+

01
1e

+
03

D
M

a
h

D
IC

DMan

DE

DMah
*

2 − DCC

DPCA

DFFT

D ξ

DFk

d)

EVI

wWn

D
D

IC

0.
5

1.
0

1.
5

2.
0

2.
5

3.
0

3.
5

4.
0

0 0.01 0.05 0.09 0.13 0.17

1e
+

01
1e

+
03

D
M

a
h

D
I C

DMan

DE

DMah
*

2 − DCC

DPCA

DFFT

D ξ

DFk

e)

EVI

wBn

D
D

IC

0.
5

1.
0

1.
5

2.
0

2.
5

3.
0

3.
5

4.
0

0 1 2 3 4 5 6 7 8 9 10

1e
+

01
1e

+
03

D
M

a
h

D
IC

DMan

DE

DMah
*

2 − DCC

DPCA

DFFT

D ξ

DFk

f)

1e
−

01

1e
−

01

1e
−

01

1e
−

01

1e
−

01

1e
−

01

Fig. 6. Illustration of the effect of a) amplitude scaling, b) amplitude translation, c) time scaling, d) time translation, e) white noise, and f) biased noise on the D/DIC values for the EVI
time series. Note that DCC has been adjusted to 2−DCC to be represented on the same data interval as the other D. This implies that 2−DCC=0, when perfect correlation (DCC=1),
and 2−DCC increases when the correlation decreases. Note moreover, the * with DMah to highlight that DMah/DIC is represented by the logarithmic scale on the right side of each
graph.
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Fig. 7. Illustration of the effect of a) amplitude scaling, b) amplitude translation, c) time scaling, d) time translation, e) white noise, and f) biased noise on the D/DIC values for the LAI
time series. Note thatDCC has been adjusted to 2−DCC to be represented on the same data interval as the otherD. This implies that 2−DCC=0,when perfect correlation (DCC=1), and
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series. It is not affected by amplitude effects as they do not affect the
correlation, but it is highly sensitive to time scaling, time translation
and noise effects. Both time translation and time scaling create a lag
between the original and simulated time series values. Consequently,
the effect of that lag on the correlation can be understood by looking
at the serial correlation at different lags (Fig. 4c), which indicates a
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decrease in correlation for increasing lags. The noise, on the other
hand, also results in a decrease correlation, as also shown by
Evrendilek and Gulbeyaz (2008).

The fourth group consist of the Fourier based measures (DFFT, Dξ)
with specific sensitivities. They are completely (Dξ) or relatively (DFFT)
robust to amplitude effects, but highly sensitive to time translation
and scaling, andmuchmore sensitive to noise effects than assumed by
Moody and Johnson (2001), Evans and Geerken (2006), and
Wagenseil and Samimi (2006). For DFFT, the high sensitivity to time
effects and relative robustness to amplitude effects can be explained
by the equal weights for amplitude and phase in Eq. (8). This equation
will be dominated by phase differences between time series, since
phase values differ from−π and π, while the amplitudes for NDVI–EVI
time series only vary between 0 and 1. This is also apparent in the
study of Wagenseil and Samimi (2006), where the variability in phase
values is much higher than for the amplitude values. As a result, DFFT is
not affected by small changes in amplitude values due to wAsc and
wAsh, whereas small changes in phase values due to time translation
result in a abrupt increase. For the LAI time series, on the other hand,
this dominance of phase differences is not as strong, since LAI values
vary between 0 and ±5. For Dξ, on the other hand, the robustness to
amplitude effects can be explained by its design, whereas the effect of
time scaling on Dξ can be attributed to its defined sensitivity to shape
changes, which resemble time scaling. Although the effect of time
translation is unexpected given Dξs design (Evans & Geerken, 2006), it
can be explained by looking at the differences between time
translation in theory and in reality. In the theoretic definition of
time translation, the observation value that disappears on the right,
reappears on the left (or vice versa). In real ecosystems, however, the
observations at the beginning and end of the time window do not
necessarily correspond and may cause changes the individual FT
components and consequently in Dξ.

The high sensitivity of DFFT and Dξ to noise effects stresses the
importance of a proper selection of FT components, as it can be explained
by the decomposition of noise in simpler periodic signals. In this context,
DFFT and Dξ were defined robust to noise based on the assumption that
noise is only contained in the high frequency Fourier components. This
assumption, however, is not true forwhite noise and biased noise.White
noise has equal power in any frequency component (Vasseur & Yodzis,
2004) and it tends to influence the similarity measures when the power
of the noise equals the time series signal power. This influence can be
understood by using the additive property of Fourier transform, which
explains how noise components with relative high power result in
arbitrary similarity for DFFT and DFk (see Appendix A).

The effect of biased noise on DFFT and Dξ is comparable since biased
low or high values also result in high power in the first Fourier
components. This is illustrated in Fig. 8, where Fig. 8a shows the
original NDVI, EVI, and LAI time series of one LC class, white noise and
biased noise, and Fig. 8b displays amplitude of the first ten Fourier
components. Comparison of these Fourier components in Fig. 8b
shows that Ak

p still contains a high signal to noise ratio (SNR) for k=1,
but that the SNR is very low and even below one for k=2.
Consequently, the noise for k=2 will influence the similarity
measures DFFT and Dξ, resulting in high sensitivities for increased
noise effects. This sensitivity is specifically strong for the biased noise
in the NDVI time series, as it introduces relatively high power in the
first Ak

p components. For the LAI data, on the other hand, the effect of
the introduced biased noise on A1

p and A2
p is less pronounced as the

SNR is higher, resulting in smaller increases in DFFT and Dξ for the LAI
data. The sensitivity of DFFT and Dξ to noise effects stresses again the
importance of selecting only FT components with a high SNR. In this
context, the assumption that noise restricted to the high frequency
components is, as shown, not necessarily true and thus the SNR needs
to be considered when selecting the FT components.

Although noise also affects difference measure DFk, its effect is less
pronounced. This can be explained by looking at Eq. (13), where DFk is
dominated by the FT components with high information content. This
implies that, although the power of A2

WN and A2
BN equals the power of

A2
p and A2

q, they will only contribute little to the final DFk when A2
p− q

contains little power. This effect is not true for DFFT where each phase
and amplitude has equal weight on the outcome. Consequently, a low
SNR in one component (e.g., A2

p) will tend to dominate DFFT, although
the overall time series' SNR is not necessarily very low (e.g., when A1

p

has a high SNR and A1
p
NNA2

p). A similar conclusion was drawn by
Mimmack et al. (2001), who discussed the use of standardized PC
scores in similarity assessment, and encountered a dominance of
noise when each component was given equal weight instead of the
weight related to its information content.
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5.2. Importance of knowledge of time series characteristics

The heterogeneity in sensitivity of each D stresses the importance
of understanding the time series characteristics before applying any
classification of change detection approach. This requires knowledge
of the time series characteristics related to baseline, amplitude, timing,
noise of the ecosystem time series and highlights the importance of
preliminary data analysis to understand these. This is also shown in
this quantitative comparison, where the different sensitivities of D for
NDVI, EVI, and LAI can be explained by the temporal characteristics of
each data set. Consequently, it implies that analysis of the individual
time series and their descriptive statistics (i.e., mean/median and
variance over time (Fig. 3), serial correlation (Fig. 4c)) is crucial before
applying any classification or change detection approach, since it will
give insight in the temporal data characteristics. For example, the
mean time series allow an analysis of the phenological cycle and their
differences over time. The variance over time, on the other hand,
permits analysis of the temporal variability in amplitude and timing
effects as (i) variability in amplitude translation affects the variance
over time uniformly, (ii) variability in amplitude scaling increases the
variance for the high value observations and (iii) variability in timing
effects specifically alters the variance in the periods of green-up and
dormancy.

For the transformation based similarity measures it also requires
an analysis of the PCA or FT components before using the transformed
time series. This analysis of PCA or FT components will explicate what
temporal variability will be accounted for. Wagenseil and Samimi
(2006), for example, stressed that the assumption of Fourier analysis
(i.e., the data can be represented by a periodical and sinusoidal signal)
is often not satisfied for the complex shape of NDVI signals, and may
therefore require high frequency terms for suitable approximation. In
this context, Lhermitte et al. (2008) analyzed the contribution of each
FT component in the differenced time series signals in function of the
spatial distance between pixels before applying DFk. Similar analysis is
essential before using DFFT or Dξ, since it will provide comprehension
of the relative contribution of amplitude and phase (e.g., understand-
ing the contribution of amplitude and phase values in Eq. (8)) and
avoid hidden dominance of either of both.

Additionally, noise estimation is a crucial step before applying time
series similarity measures as it is crucial to distinguish signals from
the background noise (Mann & Lees, 1996). Hird and McDermid
(2009) in this context warned time series data users to consider both
their ultimate objective and the nature of the noise present in an NDVI
data set when selecting an approach to noise reduction. In this
framework, a number of interestingmethods have been proposed that
allow separation of noise from the smoothed phenology signals based
on several fitting (Bradley et al., 2007; Carrao et al., 2010; Chen et al.,
2004; Hermance et al., 2007; Jönsson & Eklundh, 2004; Ma &
Veroustraete, 2006; Roerink et al., 2000) or decomposition method-
ologies (Cihlar et al., 1997; Lu et al., 2007; Verbesselt et al., 2010a) that
sometimes also handle intervals of missing values. Since these
methodologies subsequently allow to quantify the signal to noise
ratio (Bacour et al., 2006; Carrao et al., 2010; Dash et al., 2008;
Evrendilek & Gulbeyaz, 2008; Geerken et al., 2005b) and determine
the statistical properties of the noise (e.g., noise color; Vasseur &
Yodzis, 2004), they also allow to determine the influence of noise on
the D.

Besides, the effect of length of the time series and serial correlation
should seriously be considered when assessing time series similarity.
In our analysis, the serial correlation analysis indicates that NDVI, EVI
and LAI time series show high serial correlation for short observation
intervals (Fig. 4c); especially for the LAI data set with 8-day
observation composites vs. 16-day composites for NDVI and EVI. As
a consequence, the subsequent observations in the time series contain
redundant information, certainly when the evolution of vegetation at
various phenological stages is relatively slow and not related to abrupt
disturbances such as fire, frost, or harvesting. In classification
approaches this redundant information may result in high accuracies
with few observations as demonstrated by Carrao et al. (2008), who
found a sharp increase in classification accuracy for few observation
dates followed be small increases with more observation dates.
Although, the best performance was attained by combining all dates,
the classification accuracy reached already an acceptable rate with
only a few input dates. Nevertheless, fine time scale variations are not
accounted when using fewer temporal inputs (Lambin, 1996) and
may complicate phenological event detection (Zhang et al., 2009).
This was also shown by Lhermitte et al. (2011) and Veraverbeke et al.
(2010) who stressed the importance of high frequent observations to
capture the intra-annual changes due to abrupt disturbances. Analysis
of the serial correlation as performed by Alexandridis et al. (2008) is
therefore essential to determine an appropriate temporal sampling
interval for monitoring vegetation. This is certainly essential when the
cross-correlation similarity between time series is considered, as
Olden and Neff (2001) stressed that serial correlation can inflate
estimates of cross correlation.

5.3. Importance of ecosystem dynamics and knowledge of time series
variability

Besides understanding the time series data characteristics, the
definition of the ecosystem dynamics one want to discriminate is
also crucial in the appropriate selection of D. This choice of
ecosystem dynamics should be driven by the ability to account for
variability at one scale, while identifying differences at another
(Verbesselt et al., 2010a; Verbesselt et al., 2010b). For example, in
classification approaches of ecosystem dynamics, one may be
interested, depending on the application, in using similarity
measures which are specifically sensitive or insensitive to the soil
background, understory vegetation, etc.. In change detection
approaches, on the other hand, one may want to discriminate changes
in vegetation type, without considering phenological changes (e.g.,
onset and timingof phenological events; Evans&Geerken, 2006) or vice
versa (de Beurs & Henebry, 2005).

Before defining the ecosystem dynamics to discriminate the
understanding of the data variability is crucial. In this context, an
analysis of the natural versus changed variability (for change detection
approaches) or intra- versus inter-class variability (for classification
approaches), can provide insights in the dynamics and separability. This
can be done by calculating the overall data variability and trying to
understand the causes of variability (e.g., Julien & Sobrino, 2008;
Linderman et al., 2005) or by using pre-determined groups or classes
and compare their intra- versus inter-class variability. Alternatively,
statistics that express the separability between groups or classes such as
the simple index (Somers et al., 2009; Zhang et al., 2006), the Jeffries–
Matusita distance (Lu & Weng, 2007) or Mahalanobis distance (Carrao
et al., 2008) might serve as an quantitative indicator of separability.
Based on these approaches, the D that maximizes the desired
separability can be selected, for example by comparing these using D/
DIC. Generally, this selection is a combination of ultimate objective and
the nature of the separability. For example, amplitude sensitive
difference measures might be optimal, when amplitude differences
determine the separability of changed–unchanged or different classes
(e.g. difference between grass land and forest types; Lu et al., 2003),
whereas correlation based Ds might be better when the separability is
determined by correlation.

6. Case study

As an illustration of the importance of understanding the time series
characteristics related to baseline, amplitude, timing, noise and their
intra- and interclass variability, this sections present a case study based
on LC classification using NDVI, EVI and LAI time series. The goal of this
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case study was not to determine the optimal LC classification approach,
but to demonstrate the importance of understanding the time series
data and their variability as it may affect the performance of each D.
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Fig. 10.Mean FT amplitudes for components Fk of the raw, Timesat fitted, and extracted
noise time series.
6.1. Methodology

For the LC classification, 500 sample NDVI, EVI, and LAI time series
(2001–2006) per LC type were randomly extracted from the nLC NDVI,
EVI and LAI time series for the northern hemisphere (Section 3.1).

Before classifying these time series, we aimed at understanding the
time series characteristics related to baseline, amplitude, timing, noise
of the ecosystem time series. The aspects related to baseline, amplitude,
timing are already illustrated in Figs. 3–4 and discussed in Sections 3.1–
4.1. To understand the importance of noise on the time series, the
Timesat programwas selected to produce temporally smooth estimates
of NDVI, EVI and LAI (Jönsson & Eklundh, 2004). The iterative and
adaptive Savitzky–Golay (SG)filteringmethodwas selected, since it has
been shown to be most effective to minimize overall noise (Hird &
McDermid, 2009). Before applying the SG filter, spurious observations
were identified using the data quality controlflags and assignedweights
for the SG filter (w=1 for good quality observations; w=0.5 for
marginal data;w=0 for cloudy data and fill values). Subsequently, the
SG filter was applied using two fitting iterations, a window width of
three months and an adaptation strength of two. These optimal fitting
settings were selected after visual inspection. The result of the Timesat
fitting process can be seen in Fig. 9 which displays the raw and fitted
time series for a Deciduous Broadleaf Forest pixel. For this pixel it is
apparent that the 8-day LAI time series contains more noise than the
16-day NDVI–EVI time series. This is also visible when looking at the FT
amplitudes for componentsAkof all rawandTimesatfitted timeseries in
Fig. 10, where the noise time series (i.e., raw time series minus Timesat
fitted time series) contains relatively higher amplitude levels for the LAI
data than for the NDVI–EVI data. It also illustrates the relative
importance of noise for Ak when kN1, where Ak contains similar
amplitudevalues for thenoise as for the TimesatfittedNDVI, EVI and LAI
time series. This implies a low signal to noise ratio, whichmay interfere
with Ak as discussed in Section 5.

The 500 sample time series of each LC type were subsequently
classified by comparing the pixel's annual time series with the mean
annual time series of each LC type f

LC
tð Þ and assigning the pixel to the

most similar class in a minimum distance classification approach.
Practically, this means pixel p's 2000–2001 time series is compared
with each 2000–2001 f

LC
tð Þ and assigned to the most similar LC.

Afterwards, this process is repeated for 2001–2002, etc. This whole
process was performed for both the raw and Timesat fitted time
series.

The eight Ds of Section 3.3 were used in the minimum distance
classification. Additionally, alternative DFFT

∗ , Dξ
∗, and DFk

∗ were calculated
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Fig. 9. Illustration of the Timesat Savitzky–Golay (SG) filtering method for a NVDI, EVI, and
good quality observations, w=0.5 for marginal data and w=0 for cloudy data and fill value
time series. The difference between both can be attributed due to noise effects.
which include only the mean and annual component (k=0, 1;
wk=0.5). The comparison of these alternative DFFT

∗ , Dξ
∗, and DFk

∗ with
DFFT,Dξ, andDFk allows to assess the importance of the noise for Fk; kN1.

After the classification, overall accuracy across all classes was
calculated as a measure of classification accuracy. Although this
measure has been criticized as measure of accuracy (Foody, 2002;
Strahler et al., 2006), it is a well established community protocol for
classification accuracy and allows to compare the performance of the
Ds in a supervised classification approach (i.e., the class mean time
series for each class are known).
6.2. Results and discussion

Fig. 11 illustrates the effect of each D on the overall classification
accuracy in a minimum distance classifier. For all D, classification
accuracies below 0.5 are obtained, whereas Herold et al. (2008) and
Friedl et al. (2010) obtained in their validation of the MOD12 product
overall accuracies across all classes of 78.3% and 74.8% respectively.
The lower accuracies in this case study, however, are not unlogical as
the original MOD12 LC classification is based on a more sophisticated
ensemble supervised classification algorithm. The ensemble algo-
rithm uses a combination of input time series products in a complex
decision tree and artificial neural network classification algorithm to
assign land cover classes using training data (Friedl et al., 2010).
Additionally, the MOD12 product is post-processed to correct
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s) represent the raw data values, whereas the line represents the temporally smoothed
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classification results for biases and to exploit geographic distribution
information. In this case study, on the other hand, only one data set
was used (NDVI, EVI and LAI respectively), the mean and standard
deviation of f

LC
tð Þ were assumed to typify each LC type, and no post-

processing or geographic corrections were applied. As a result, lower
overall accuracies are not unlogical. However, as our goal was not to
maximize absolute classification accuracy (e.g., by merging confusing
classes in a post-classification approach), the relative accuracy still
allows to determine the relative performance of each D and to
understand the causes of this performance.

From the relative comparison of the Ds, it can be observed that
similarity measures that quantify the difference between time series
(DMan, DE, DPCA, DFk) result in the highest accuracies with subtle
differences between each of them. Secondly, the similarity measures
that account for correlation (DMah, DCC) generate much lower
accuracies, where only DMah results in accuracies above 20% for the
EVI data. This higher accuracy of DMah for the EVI data is the result of
the EVI intra- and inter-class variance time series illustrated in Fig. 4,
where only EVI data shows a low intra-class variance (IC) and high
inter-class variance during the growing season. Consequently, DMah

for the EVI data will be specifically sensitive to inter-class differences
within the growing season, resulting in higher accuracies than for the
NDVI and LAI data that do not have this difference within the growing
season. Thirdly, the DFFT shows variable results with higher accuracies
for the LAI data than for the NDVI and EVI data. This is due to the phase
dominance for DFFT, which is stronger for the NDVI and EVI data due to
their lower amplitudes values. Comparison of DFFT and DFFT* also shows
that better classification results are obtained for DFFT

∗ with only the
mean and annual FT components. This can be explained by the equal
weight for all components in Eq. (8), whereas Fig. 10 illustrates that
the Ak values with kN1 contain little information. As a result, DFFT is
influenced strongly by A2 and θ2 with a low SNR. This effect of
including A2 and θ2 is not apparent for DFk. This can be explained by
the fact that only pixels with a high A2

p− q, which corresponds to a
higher SNR, will significantly contribute to DFk. Fourthly, Dξ and Dξ*

performs poorly for all data sets, which indicates that solely shape
information, without accounting for baseline and amplitude effects,
cannot explain all variation between LC types. This was also apparent
in Fig. 3, where the clearest distinction between LC types can be made
based on baseline-amplitude information and confirms thework of De
Fries et al. (1998), Hansen et al. (2000), Canisius et al. (2007), and Xia
et al. (2008) who established that baseline-amplitude information
constitutes the basis of the decision tree to discriminate LC types.
Comparison of classification performance between NDVI, EVI, and
LAI data shows in general that LAI data performs best. This can be
explained by (i) looking at the intra- and inter-class variance in Fig. 4,
where the relative difference between intra- and inter-class variance
is high during the whole year for the LAI data in comparison with the
NDVI and EVI data. This implies that the LAI time series are more
separable in this case study.

Moreover, the difference in accuracy between the raw and Timesat
fitted time series reveals the influence of noise on the time series. For
example, the raw EVI and NDVI time series generally perform better
than their fitted counterparts, whereas the opposite can be perceived
for the LAI data where the fitted data perform better than the original
raw data. This difference between EVI, NDVI and LAI data is the result
of their different SNR and the balance between time series integrity
maintenance and noise removal. In this context, Hird and McDermid
(2009) demonstrated that the Timesat SG fittingmethod is optimal for
noise reduction, but does not alwaysmaintain the integrity of the time
series. Moreover, they illustrated that noise reduction can reduce the
quality of the raw time series when noise levels are low. This is also
what happens here, where the NDVI and EVI data contain low noise
levels (Fig. 10). Consequently, the gain of removing noise in the NDVI
and EVI time series cannot counterbalance the loss of integrity, except
for DFFT where the noise in A2 strongly affects DFFT. For the LAI data, on
the other hand, the removal of the stronger noise component
effectively compensates for the loss of integrity in the classification,
except for DPCA on LAI data where the use of PCs already succeeds in
isolating the noise from the raw time series.

Together these results illustrate the importance of understanding
of the time series' baseline, amplitude, timing, noise and intra- and
interclass variability, as they demonstrate how the classification
accuracy for each D is affected by these. In this case study, for
example, the baseline-amplitude provides more information to
properly classify each LC class than the information related to
correlation or shape alone, whereas the LAI data show a higher intra-
inter-class separability for each LC, but are also more affected by
noise. As a consequence, the difference measures DMan, DE, DPCA, and
DFk outperform the other D, especially for the LAI data, but noise
removal is also more crucial.
7. Conclusion

Since time series similarity measures D play an important role in
several approaches to study ecosystem dynamics based on remote
sensing time series, there is a strong need for a more comprehensive
understanding concerning the existent similarity measures. These
measures range from Minkowksi (DMan, and DE) and Mahalanobis
(DMah) distance measures, to correlation (DCC), Principal Component
Analysis (PCA; DPCA) and Fourier based (DFFT, Dξ, DFk) similarities. This
understanding is specifically important since many of these similarity
measures serve as underlying decision criterion in several time series
clustering and change detection techniques and choice of the similarity
may affect the final classification and change detection outcome.

This study therefore focused on the quantitative comparison of the
frequently used time series similarity measures D in function of varying
time series and ecosystemcharacteristics, such as amplitude, timingand
noise effects. This comparison by means of Monte-Carlo simulations
based on subsets of global MODIS Normalized Difference Vegetation
index (NDVI) and Enhanced Vegetation Index (EVI) and Leaf Area Index
(LAI) data revealed four main groups of time series similarity measures
with different sensitivities: (i) DMan, DE, DPCA, and DFk quantify the
difference between time series, (ii) DCC assesses the temporal
correlation between time series, (iii) DMah also quantifies the difference
but specifically accounts for temporal correlation and non-stationarity
of variance, iv) the Fourier based measures DFFT and Dξ quantify a
derived similarity based on specific frequency components.
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The first group of difference measures is sensitive to all introduced
effects, but show relatively the highest sensitivity to amplitude effects.
The similar behavior between these four measures can be explained by
the fact that they all are differencemeasures that quantify the difference
in time series values. Their distinctive features, on the other hand, are
the result of their specific characteristics related to outliers (DE),
Principal Component selection (DPCA), or differenced time series (DFk).
The second (DMah) and third group (DCC) are highly sensitive to
variations that change the temporal cross-correlation between time
series (e.g., time scaling or translation and noise effects), whereas the
performance of DMah also depends strongly on the intra- and inter-class
variability. The fourth group of Fourier based measures (DFFT and Dξ),
finally, show their specific sensitivity based on the selected Fourier
components, where the signal to noise ratio and the balance between
amplitude and phase dominance is of crucial importance.

As a result of these different sensitivities, it is essential to
understand the ecosystem dynamics and time series characteristics
related to baseline, amplitude, timing, noise and variability before
selecting a D. This was illustrated in the quantitative comparison, as
the different sensitivities of D for NDVI, EVI, and LAI data were
obtained which relate specifically to the temporal characteristics of
each data set. Additionally, the importance of understanding the time
series noise and intra- and interclass variability was demonstrated in
a case study based on LC classification, where it was shown how the
time series' baseline, amplitude, timing, noise and intra- and
interclass variability affect the classification accuracy based on D.
Future users of time series similarity measures therefore need to
consider the relation between the (i) ecosystem dynamics to be
classified/ecosystem changes to be detected and (ii) and the time
series characteristics of the data to be used.
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Appendix A

The additive property of Fourier transform implies that addition in
one domain (e.g., time domain) corresponds to addition in the other
domain (e.g., frequency domain) (Bracewell, 2000). The result of
adding noise to the NDVI, EVI, or LAI times series can therefore be
considered as adding the Fourier transform of the noise to the original
Fourier transform of the NDVI, EVI or LAI signal. An example of this
addition is given in Fig. 12. In this illustration, the effect of white
noise is the displacement of the original Fourier components (p and q)
to a new random point on the circle around the original point. The
radius of the circle will depend on the energy of the noise signalffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Fck
� �2 + Fsk

� �2q
= Anoise

k ewnoise

� �
due toParseval's relation (Bracewell,

2000). The displacement of points p and q results in new amplitude
and phase values for each FT component. This new amplitude and
phase will depend on the relative difference between original Ak

p and
Ak
noise. When the original Ak

p is high, the effect of the noise will be
small. However, when Ak

p≤Ak
noise, the effect will be large, and the new

amplitude and phase values will change the DFFT and Dξ results. For
example, a complete random phase value is obtained when the
original Ak

p is smaller than the noise level NL (e.g., NL2 in Fig. 12). Due
to the unstandardized use of phase values in Eq. (8), the random
phase value will result in arbitrary similarity measure DFFT, even
when Ak
p≤Ak

WN for only one k. The effect on Eq. (9) is of the same
order as changes of Ak

p and ϕk
p will affect Dξ and will transform it into

an arbitrary distance measure, especially when the noise on A1
p is

exaggerated in further calculations of αk and θk.
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