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ABSTRACT

It is proposed that the NDVI time series derived from MODIS
multitemporal remote sensing data can be modelled as a triply
(mean, phase and amplitude) modulated cosine function. A
non-linear Extended Kalman Filter was developed to estimate
the parameters of the modulated cosine function as a function
of time. It was shown that the maximum separability of the
parameters for different vegetation land cover was better than
that of a spectral method based on the Fast Fourier Transform
(FFT). Thus it is theorized that the cosine function parame-
ters estimated using the EKF is superior for both classifying
land cover and detecting change over time when compared to
methods based on the FFT. Results from two study areas in
Southern Africa are provided to show the improved separa-
bility using MODIS data.

1. INTRODUCTION

The use of multitemporal remote sensing data in the evalua-
tion of vegetation land cover is widely accepted to be superior
to single date imagery [1, 2]. Multi-temporal coarse resolu-
tion satellite imagery such as Moderate-resolution Imaging
Spectroradiometer (MODIS) and Advanced Very High Reso-
lution Radiometer (AVHRR) have been widely used to map
land cover at regional to global scales [3, 4]. Land cover clas-
sification methods are often based on a series of secondary
metrics derived from the Normalized Difference Vegetation
Index (NDVI) time series and include Principal Component
Analysis (PCA) [2, 5, 6], phenological metrics [7] or Fourier
(spectral) analysis [8, 9]. The Fast Fourier Transform (FFT) is
often used when evaluating NDVI time series data [8, 9, 10].
In many applications where the FFT transformation of NDVI
time series data is used for classification and segmentation,
only the first few FFT components are considered as they tend
to dominate the spectrum [8, 9]. It has been found that even
when considering only the mean and seasonal FFT compo-
nents [9], reliable class separation can be achieved. A draw-
back of using FFT-based methods is that the underlying pro-
cess is assumed to be stationary. This assumption is often in-
valid in the case of NDVI time series data, especially if a land

cover change is present. The extended Kalman Filter (EKF)
is a non-linear estimation method that can potentially be em-
ployed to estimate unobserved parameters (process model)
using noisy observations of a related measurement model.
EKF techniques in remote sensing have been used for param-
eter estimation of values related to physical, biogeochemical
processes or vegetation dynamics models [11, 12].
It is firstly proposed that the NDVI time series be modeled
as a single, but triply modulated cosine function, where the
meanµ, amplitudeα and the phaseφ are functions of time.
Secondly, it is proposed that a non-linear EKF be used to es-
timate these parameters as a function of time for each NDVI
time series.
Using MODIS MOD43 data from two study areas, it is shown
that theµ andα parameter streams over time are similar for
same class land cover types and dissimilar for different land
cover types representing natural vegetation and settlement
land cover types in the Limpopo province of Southern Africa.
The parameter sequence can thus be used to determine the
level of similarity between NDVI time series belonging to
different land cover types.

2. DATA DESCRIPTION

The proposed method was tested in two regions in the
Limpopo province. The first study area (Region A) is centred
around latitude24◦17′21.43′′S and longitude29◦39′42.96′′E
and is 43 km south east of the city of Polokwane. Region
A covers a geographic area of approximately 190 km2; 42
natural vegetation and42 settlement pixels were selected for
analysis. Region B is centred around latitude24◦19′51.50′′S
and longitude29◦18′04.07′′E and is 47 km south west of the
city of Polokwane. Region B covers a geographical area of
100 km2; 76 settlement and52 natural vegetation pixels were
selected. Each of the MODIS pixels were evaluated using
SPOT5 high resolution data to ensure that none of them had
experienced any land cover change during the study period.
The NDVI time series data was derived from 8-daily com-
posite MCD43 bidirectional reflectance distribution function
(BRDF)-corrected, MODIS data with a spatial resolution



Fig. 1. Mean NDVI Time Series for Natural Vegetation and
Settlement landcover in region A

of 500m [13] for the period 2001/01 to 2008/01. Figure 1
shows the mean NDVI time series for natural vegetation and
settlement pixels in Region A.

3. METHODOLOGY

3.1. FFT Method

The Fourier analysis of the NDVI time series has proved to be
insightful because the signal can be decomposed into a series
of cosine waves with varying amplitude, phase and frequency.
The similarity of any two arbitrary NDVI time series can be
evaluated by computing their FFT transformation respectively
and then comparing the mean and seasonal FFT component
of each FFT series [9]. A distance metric between two NDVI
time series can be computed as

DFFT
µ = ‖Y 1

0
− Y 2

0
‖, (1)

and

DFFT
α = ‖2(Y 1

7
− Y 2

7
)‖. (2)

WhereDFFT
µ andDFFT

α is the Euclidean distance between
the mean and annual FFT components respectively of two
NDVI time series.

3.2. New EKF method

It is proposed that a NDVI time series for a given pixel can be
modelled by a triply modulated cosine function given as

yk = µk + αk cos(ωk + φk) + vk, (3)

whereyk denotes the observed value of the NDVI time series
at timek andvk is the noise sample at timek. The noise is ad-
ditive but with an unknown distribution. The cosine function

is based on a number of parameters (that are not directly ob-
servable), namely the frequencyω, the nonzero meanµ, the
amplitudeα and the phaseφ. The angular frequency was ex-
plicitly computed asω = 2πf wheref is based on the annual
vegetation growth cycle. Given the 8-day composite MCD43
MODIS data,f was equal to 8/365. The values ofµk, αk

andφk are functions of time and must be estimated givenyk

for k ∈ 1, . . . , N . The estimation of these parameters is non-
trivial and require a non-linear estimator. According to the
EKF formulation, for every increment ofk (the discrete time)
a state vectorxk is defined containing the parameters to be es-
timated in the formxk = [µk αk φk]T . The relation between
xk andxk−1 is given byv, a known but possibly non-linear
function. The state vectorxk is related to the observation vec-
tor yk via a non-linear measurement functionh. Both these
models are possibly nonperfect, so the addition of processwk

and measurementvk noise is used. This is expressed as [14]

xk = v(xk−1) + wk, (4)

and
yk = h(xk) + vk. (5)

The state vector parameters may be estimated over timek by
recursive iteration [14] based on the observation datayk up
to timek. In the observation equation (5),yk is the predicted
measurement. Functionh is used to compute a measurement
given the predicted state, andvk is the observation noise vec-
tor.
The estimated values forxk = [µk αk φk]T over timek ef-
fectively results in a time series for each of the three param-
eters. The next step was to define metrics to measure class
separability corresponding to land cover type. As shown in
[9], substantial separability can be achieved when comparing
mean and annual FFT components of NDVI time series of dif-
ferent land cover types. In the proposed EKF framework, the
mean FFT component (i.e FFT component 0) corresponds to
µ and the annual FFT component (i.e FFT component 7 for
the seven year NDVI time series) corresponds toα. Hence it
is proposed that within the EKF framework a separability or
distancemetric between two NDVI time series be defined as

DEKF
µ = max{µk,1 − µk,2}, 1 ≤ k ≤ N (6)

and

DEKF
α = max{αk,1 − αk,2}, 1 ≤ k ≤ N. (7)

DEKF
µ is the maximum distance between the first (µ1) and

second (µ2) parameter sequence over timek. DEKF
α is cal-

culated in a similar manner finding the maximum distance
between the annual amplitude parameter sequence. For the
present case it was assumed that the state vectorx does not
change significantly when time is advanced by one, hencev =
1 and the process model is linear. The measurement model,
however, contains the cosine term, and as such is evaluated
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Fig. 2. Comparing the EKF derivedµ parameter with the
FFT mean component for natural vegetation and settlement
for region A

via the standard Jacobian formulation, thereby linearising the
non-linear measurement model around the current state vector
[14].

4. RESULTS

Taking the FFT of two NDVI time series and comparing the
Euclidean distance between their first and annual FFT com-
ponents respectively, produces a scalar quantity in each case.
When using the EKF to estimate theµ andα parameter se-
quence for each NDVI time series, the difference between the
parameter sequences fluctuates over the 7 year period. This is
illustrated in figure 2 where theµ sequence estimated using
the EKF is shown along with the FFT mean component for
two typical NDVI time series belonging to each of the two
classes in region A. Theµ sequence for the settlement and
natural vegetation time series clearly vary in similarity (Fig-
ure 2). This is to be expected as land cover classes tend to
be more similar during certain parts of the season than oth-
ers. This characteristic was exploited by only considering
the maximum distance between each parameter sequence as
given in (6) and (7).

To evaluate the performance of the proposed EKF algorithm,
an all-to-all comparison was made between the NDVI time
series of each pixel in the natural vegetation class with each
pixel in the settlement class. The distance metricsDEKF

α

andDEKF
µ were recorded and the consequent distributions

of the values of these distance metrics were calculated. The
distribution and values of the FFT distance metricsDFFT

α and
DFFT

µ were also calculated for comparison. Figure 3 shows
the distribution of the FFT and EKFDα values for region A.

Table 1 gives the Bayesian decision error for both the FFT

Table 1. Error Probability Comparison of the FFT and EKF
method

Region PFFT
e (µ) PEKF

e (µ) PFFT
e (α) PEKF

e (α)

A 18% 13% 4% 3%

B 32% 34% 35% 21%

and EKF distance metrics for each region defined as

PFFT
e (α) =

∫ Df∗

α

Dα=0

p(Dα|df ) +

∫
∞

Dα=D
f∗

α

p(Dα|sf ), (8)
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α
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∫
∞
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α
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PEKF
e (µ) =
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µ

Dµ=0

p(Dµ|dk) +

∫
∞

Dµ=Dk∗

µ

p(Dµ|sk). (11)

Where the value ofDy∗
x , x ∈ {α, µ}, y ∈ {f, k} is the op-

timal decision threshold minimizing the probability of error
Pe in each instance. It can be seen that the Bayesian deci-
sion error in region A using the EKF was reduced by5% over
the FFT method when consideringDµ and by1% when con-
sideringDα (Table 1). In region B the Bayes error of the
EKF method was increased with2% over the FFT method
when consideringDµ, but a significant reduction of14% was
achieved when consideringDα. Thus, overall it may be con-
cluded that the EKF formulation has a reduced probability of
error when compared to the FFT-based approach on the same
data. This implies that the EKF formulation offers improved
separability of land cover classes for regions A and B.

The phase parameterφ was found to provide negligible
additional separability in the classes and thus was excluded
from the results. The EKF was found to accurately track the
model parameters after 100 samples, this relates to approxi-
mately the first two years of the time series. The parameter se-
quence for the first two years were consequently disregarded.

5. CONCLUSION

Previous research has found that class similarity can be eval-
uated by considering the difference in FFT components, in
particular the mean and annual FFT components, as they tend
to carry the majority of signal energy [9, 8]. In this paper, the
mean and annual frequency components were estimated for
each time step using an EKF. Having iterative estimates of
these components allows one to exploit the fact that the mean
and annual frequency dissimilarity is more prevalent during
certain parts of the seasonal cycle than other parts, an effect



Fig. 3. Probability distribution functions ofDα using the FFT
and EKF method in region A wherep(Dα|sf ) is the distribu-
tion of theDFFT

α values for NDVI time series of the same
class,p(Dα|df ) is the distribution of theDFFT

α values for
NDVI time series of different classes,p(Dα|sk) is the distri-
bution of theDEKF

α values for NDVI time series of the same
class andp(Dα|dk) is the distribution of theDEKF

α values
for NDVI time series of different classes.

that is merely averaged out using the traditional FFT over the
entire NDVI time series. The total probability of decision
error was reduced for both of the regions considered in this
study. A further possible application of this method is to-
wards land cover change detection. By following the changes
of the cosine parameters through time and comparing them
with neighboring pixels, a change detection method can be
formulated and this is currently being researched. Finally,
note that the EKF is well suited to multiple observations so
that the EKF can capitalize on all seven bands as opposed to
just the NDVI time series data to further improve estimates
of the underlying process model. This possibility is also cur-
rently being researched.
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