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Improved algorithm for reconstructing vegetation index image time
series based on Fourier Harmonic Analysis
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Abstract: This paper, based on Fourier-transform-based Harmonic Analysis Algorithm, proposes an improved algorithm to
overcome the drawback of artificially setting key parameters and to reconstruct high-quality time-series data. Firstly, outlier
detection algorithm, instead of threshold setting method, is used to find unreasonable data points before curve fitting. Then,
regarding the inherent phenological regulation for each land cover, Numbers of Frequency (NOF) is calculated pixel by pixel
by polynomial fitting, which is more reasonable than setting a unique global NOF for the whole scene which contains complex
land cover types. Fitting-effect Index, instead of manually setting one fitting tolerance, is employed to decide automatically
when to terminate the iteration. The improved method is validated by the MODIS_EVI time series of Huabei plain of 2003.
The widely used Harmonic Analysis of Time Series (HANTS) is chosen as a comparison. The result shows that both of the two
methods can reflect the phenological regulations of land covers, the reconstructed EVI temporal profile of single-season crop-
land (e.g. cotton) takes on one peak pattern, and those of double-season cropland and inland water take on double peak pattern
and low-steady curve. But the improved method performs better in tracking the change tendency of the original curve. More-
over, the peak time and peak value of croplands are mostly consistent with the original curve, which will be useful for
VI-based crop yield prediction.
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1 INTRODUCTION

As one useful indicator of vegetation greenness and intensity
of photosynthesis, vegetation index (V1) could not characterize
land cover types directly. But VI time series data can represent
certain phenological regulations, thereby enabling it to monitor
regional even global phenological dynamics (Moody & John-
son, 2001; Zhang et al., 2004). Up to now, VI time series have
been used successfully to improve the accuracy of land cover
classification (Bartalev et al., 2003; Loveland et al., 2000) and
to study effects of climatic change (Roerink et al., 2003).
However, VI time series still suffer from residual noise of cloud
contamination, atmospheric variability and so on; therefore its
further applications are limited.

Fourier-transform-based Harmonic Analysis Algorithm is
one of the most widely used methods for VI time series data
reconstruction. The temporal VI curve of one pixel is trans-
formed as a sum of a series of harmonic curves. Each harmonic
curve is determined by its unique amplitude and phase. When
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they are assembled together by a certain regulation, a smooth
and complicated curve can be reconstructed. The typical algo-
rithms of Fourier-transform-based harmonic analysis include
Sellers algorithm (Sellers et al., 1996) and HANTS (Huete et
al., 2002; Immerzeel et al., 2005). Both of them have the advan-
tage that they can reveal the inherent phenological regulation
implied by VI time series data. However, this kind of approach
still has some drawbacks (Li et al., 2009): (1) Some key parame-
ters (e.g. NOF) need to be determined by manual trials and
experience, there is no definite rule to follow. It is easy to intro-
duce new subjective error and interference in the original data.
(2) A unique set of parameters are used for the whole scene that
may contain complex land cover types, which is unreasonable
for the real situation. (3) For the weight criterion, Sellers (1996)
used distance-based rule. Lin el al. (2006) in their study revea-
led that this rule was suitable for tropical broadleaf forest but
not helpful for VI time series composed by short interval data.
HANTS has its own weight criterion which integrated in its
software package; its criterion cannot be modified based on
different application situations, thus this would influence its
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application effects.

In this paper, our study is based on Sellers algorithm. The
main improvements include outlier detection, automatic estima-
tion for NOF and fitting-effect Index to automatically terminate
iteration. Some new parameters and strategies are introduced to
avoid artificial influences and over-interference in the data.
Finally a more objective VI time series reconstruction result can
be obtained.

2 IMPROVED ALGORITHM AND ITS IMPLEMENT

2.1 Rules for image time series reconstruction

To ensure that the improved algorithm reveal phenological
regulation accurately, four rules are proposed for reconstructing
the VI time series:

(1) Reduce the disturbances to the original data as few as
possible. Because reconstruction algorithms usually disturb
original data a lot; the more the disturbances are, the lower
reliability the result is.

(2) Use auxiliary data as little as possible. Although auxil-
iary data can provide some diagnostic information, for example,
aid in distinguishing cloud-contaminated pixel, it can also intro-
duce uncertainty to some extent to data reconstruction because
of error of the auxiliary data itself.

(3) Take full consideration of the physical meanings of the
data. VI time series imply specific phenological regulations of
different land covers, so it will lead to a reasonable result when
full consideration is given to the physical meanings of the data
during data processing.

(4) Keep a balance between effects and efficiency. Auto-
matically choosing NOF on pixel base may be time-consuming
in spite of considering complex land covers. The employment
of Fitting-effect index may improve the processing efficiency.

2.2 Implement of the improved algorithm

2.2.1 Outlier detection

Due to residual noise, it is hard to identify the real value and
outlier. Most traditional methods employ setting a threshold to
find outliers, but they could not work well all the time. There-
fore it is necessary to analyze the inherent regulations of data to
identify the outliers before data reconstruction. The improved
method introduces outlier detection algorithm and identify if
there are outliers in the data set before further process. This
new strategy can also avoid artificial error and new uncertainty
caused by distance-based weight criterion. In this study, we
utilize Grubbs Test (Baksalary & Puntanen, 1990) to detect
outliers. The theoretical basis is described as follows.

Suppose a set residue of repeated observations is sorted by
its values: V(1)==V(2)== =V(n). Grubbs statistics could be

calculated by Eq. (1) and Eq. (2):
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value to judge if the maximum was an outlier, g,’ is used to
judge whether the minimum is an outlier. g, and g," have the
same probability distribution. go(n, @) shows the critical value
under the significant level «, which can be obtained from the
look-up table.

When |gn|=00(n, @) or |g,'|=d0(n, @), we can regard the cor-
responding observation value of the residue includes gross error
and the maximum (or minimum) is an outlier. The significant
level «is 0.05 or 0.01 generally.

Because the input data set of Grubbs Test is required to obey
normal distribution, in order to avoid large programming con-
suming, we employ the absolute value of the residue and then
put a log-transformation so that the data set can adapt to the test
algorithm approximately.

2.2.2  Automatically estimation for NOF

One significant advantage of Fourier-transform-based har-
monic analysis is to consider the inherent phenological regula-
tion implied by VI time series. This advantage is represented by
choosing suitable number of frequency (NOF). Traditional
methods apply a unique global NOF on the whole scene. It
implies an assumption that the phenological regulation on the
whole scene was the same. However, this assumption is not
always correct especially for a large scale research. Applying a
unique global NOF on the whole scene is unreasonable; it could
disturb the accuracy and reliability of fitting curve.

To solve this problem, our improved algorithm has a
prepositive estimation for NOF. In this process, NOF of each
time point has been obtained. NOF is the number of harmonic
frequency used to stimulate the real time series curve, and it is
equal to the number of peaks of the real curve ideally (here zero
NOF is excluded). Given the noises in time series, taking the
number of local maxima as NOF would not be reliable. How-
ever, we could use the number of the peaks of pseudo-fitting
curve as NOF. The so called “pseudo-fitting curve” is the curve
obtained by simple fitting algorithm and may not be consistent
with the real curve shape, but these curves have the same num-
ber of local peaks (NOF) approximately. NOF could be esti-
mated by the following steps:

(1) After data availability judging, put the first element of
the series append to the last element, so we generate a new
series that has (n+1) elements to avoid peak lost at head and tail
of the series.

(2) Perform three-order polynomial fitting on the new series
obtained after step (1) to generate a new curve. According to
past experience, three-order polynomial is enough. If the order
is smaller than three, peaks would be lost; while the order is
larger than 3, it would be more time-consuming and generate
some artificial peaks.

(3) Get the number of maxima (peaks), namely NOF, by
calculating second derivative of the new curve.

Of course, we can also obtain NOF by filtering then fitting.
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2.2.3 Fitting-effect Index

HANTS sets fitting tolerance obtained by experience and
experiment to determine when to terminate the iteration, so
does Sellers algorithm. To avoid importing objective errors and
to automatically stop the iteration, the improved algorithm in-
troduces a new parameter, Fitting-effect Index (FEI) (Gu, 2003;
Chen, 2004), instead of traditional threshold. Calculating FEI
for each iteration, when this parameter reaches the minimum
(or local minimum), the iteration stops automatically.

FEI can be defined as: the k™ FEI represents the similarity of
the fitted value and its true value. When F, reaches the mini-
mum, it means that the fitted value has the largest similarity to
its true value.

L k+1 2
Z(N i “-N ?)
Fo=21

L ®)
where, N:‘“ is the new series obtained after k times fitted,

N? is the original series, L is the number of available data

points that are valid and will take part in the (k+1)" fitting.
When Fy_; =F<Fy,,, the fitting iteration stops automatically.

2.3 workflow of the improved algorithm

Fig.1 shows the work flow of the improved algorithm. For
each time point, NOF is calculated once, while outlier detection
is applied in input data validation and iteration separately.

3 VALIDATION AND ANALYSIS OF THE IMPROVED
ALGORITHM

MODIS_EVI data is a 16d synthesized series of NASA
USGS vegetation index product- MOD13Q (Huete et al., 2002),
whose spatial resolution is 250 m. The data chosen covers the
whole Huabei plain, containing 23 time points (phase) data.
Meanwhile, relevant local phenological information has also
been collected from a lot of weather stations in Hebei Province
and Shandong Province. This information was obtained by field
investigation, so it has good representation of large scale
phenology.

In this study, we both applied our improved algorithm and
HANTS software to reconstruct the data series, and chose several
classical curves to assess our improved algorithm by comparing
the two results. Furthermore, we also located the important time
points of vegetation on fitting curves and make comparison
with phenological information according to the approach of Xin
et al. (2001).

According to investigation data in four countries of Heibei
province (Shenzhou, Nangong, Feixiang and Fucheng), we can
find that at the end of April, cotton (single-season pattern)
would be planted and begins to grow (the 8" temporal phase in
MODIS time series approximately). Cotton plant grows to enter
three leaves stage and then five leaves stage at the end of May.
In early June (about the 11" temporal phase), cotton plant
grows to show buds and split boll stage in the middle of August
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Fig. 1 Flow chart of the improved Fourier Harmonic analysis algorithm
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(about the 15™ temporal phase). At about the middle and the
end of October (the 19" or 20" time phase), cotton enters har-
vest time, totally 180d (about 11.25 temporal phases). The reco-
nstructed data curve has only one peak, which shows the local
phenological regulation of single-season cropland. Fig.2(a)
shows the MODIS_EVI curve which represents single-seasonal
pattern of cotton in Shenzhou, Hebei. Data reconstructed by our
improved algorithm shows that cotton begins to grow at the 8"
temporal phase (May 2™ at seeding stage); cotton flourished at
the 15" temporal phase (August 29" at splitting boll stage):;
cotton were harvested at the 19" phase (the observed date, October
23" at this phase). All the information revealed by the recon-
structed data is consistent with the data obtained from observa-
tion stations. While data reconstructed by HANTS shows that
between the 1% and the 4" temporal phases, the curve goes
down then up. It shows the growth stage is at the 7" temporal
stage which is not consistent well with the observed data.
Moreover, the peak appears one temporal phase later than the
observed one.

Investigation in the four countries of Shandong province
(Dezhou, Huimin, Hanting and Liaocheng) shows that for
WinterWheat-SummerCorn pattern, winter wheat would be
planted around early October (the 18" temporal phase), wheat
begins to return green around the end of February the next year
(the 4™ temporal phase), then heading around early May (the 8"
temporal phase) and harvest in early June (the 10" temporal
phase), totally 243d approximately (15.2 phases). Summer corn
would be planted in early and middle June (the 10™ and 11™
temporal phase), around early and middle August (the 14™ and
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15" temporal phase) this crop begins heading and silking, then
harvest time is around end September and early October (the
17" and 18" temporal phase), totally 117d approximately (7
temporal phases). Thus this reconstructed curve of cropland
pattern would have two peaks, the first peak represents flourish
of winter wheat from the 4™ to 11™ temporal phases, while the
second one shows summer corn’s from the 11" to 18" temporal
phases. Fig.2(b) is the classic temporal curve of Winter Wheat-
SummerCorn pattern in Liaocheng. Data reconstructed by imp-
roved algorithm and HANTS both show that winter wheat
begins to return green from the *™ temporal phase which is one
phase later than the observed date (February 20). At the 8"
temporal phase (observed data shows May 3 which belongs to
the 8" phase) the crop began heading and flourishing; winter
wheat were harvested around the 10" temporal phase which is
consistent with the investigated date, June 8. Summer corn would
grow to flourish around the 15" phase (observed date, August
18, located in this phase) and were harvested at the 19" phase
(consistent with observed date, October 16). The data reconstruc-
ted by the improved method could maintain the inherent pattern
of the original data.

For single-seasonal pattern of cotton and winter wheat, beca-
use of none coverage or wheat suffering growth retardation, the
curve at this period would be gently. In Fig.2(a), HANTS data
shows that EVI value goes down then up between 1% and 6™
temporal phase. While in Fig.2(b), both data reconstructed by
the improved algorithm and HANTS are inconsistent with ac-
tual situation. This problem is caused by harmonic analysis’s
own drawback and spectral mix effects. Harmonic analysis
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Fig.2 MODIS_EVI temporal profiles of typical cropping systems and inland water in Huabei Plain
(a) Cotton single-season cropland (Shenzhou, Hebei); (b) Wheat-corn double-season cropland (Liaocheng, Shandong); (c) Inland water (119°19'E, 32°55'N);
(d) Inland water (116°11'E, 35°57'N)
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applies absolutely symmetrical sine wave to fit real curve. This
problem could not be avoided but choosing suitable number of
harmonic can relieve this problem. The difference between data
by the improved algorithm and HANTS respectively is due that
these two methods use different NOF. HANTS employs a
global number, but the improved algorithm automatically
chooses a NOF. MODIS_EVI data has a very low spatial reso-
lution, leading to spectral mix effect, which makes it hard to
represent local single crop-pattern phenological regulation.
Moreover, the data are 16d synthesized, if the key period of
growing was up to only a little part of the range, the synthe-
sized data could not represent the true situation of local area
and the useful information would be merged.

Fig.2 (c) and Fig.2 (d) shows EVI annual change curve of
inland water. Because of phytoplankton, EVI of water shows
fluctuation rather than flatness. Ideally, the curve of water
should be flat with low EVI value. And phytoplankton in water
has a slight influence on water EVI, thus the change of curve
inland water would be small, and none drastic fluctuations
would happen. The figure shows that data reconstructed by the
improved algorithm is more similar to the actual situation.

4 RESULT

This paper, based on Fourier-transform-based harmonic
analysis algorithm, proposes an improved algorithm which in-
cludes outlier detection algorithm, automatically NOF estima-
tion and fitting-effect index. These new parameters or strategies
help the improved algorithm overcome the drawback of artifi-
cially setting key parameters and to reconstruct high-quality
time-series data. Firstly, it introduces an outlier detection algo-
rithm Grubbs Test instead of threshold setting method, in order
to find unreasonable data points by its own inner characteristics
before curve fitting. Then, considering the inherent phenological
regulation for each land cover, Numbers of Frequency (NOF) is
calculated pixel by pixel through polynomial fitting; it is more
reasonable than setting a unique global NOF for the whole scene
which may contain complex land cover types. To avoid import-
ing external subjective disturbances and uncertainties to original
data, Fitting-effect Index, instead of manually setting one fitting
tolerance, is employed to decide automatically when to termi-
nate the iteration.

The improved method is validated by the MODIS_EVI time
series which were 16d synthesized. The widely used Harmonic
Analysis of Time Series (HANTS) is chosen as a comparison.
The result shows that both of the two methods can reflect
phenological regulations of different land covers, the recon-
structed EVI temporal profile of single-season cropland (e.g.
cotton) takes on one peak pattern, and those of double-season
cropland and inland water take on double peak pattern and
low-steady curve. But the improved method performs better in
tracking the change tendency of the original curve. Moreover,
the peak time and peak value of croplands are mostly consistent
with the original curve, which will be useful for VI-based crop
yield prediction.

Both result curves of the two methods are abnormal between
the 1 and the 6™ temporal phases. They show wrong time of

crop returning green both for single-season crops and dou-
ble-season crops. The reason is that the two methods use abso-
lutely symmetrical sine wave to fit the real curves. Choosing a
suitable NOF can relieve this problem. Another reason is that
low spatial and temporal resolution of MODIS_EVI is inade-
quate to show the inherent phenological characteristics of a
single land cover.
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