
1. Introduction

Time series of remotely-sensed data provides

information on the temporal variability of land

surface parameters such as Normalized Difference

Vegetation Index (NDVI), Leaf Area Index (LAI)

and albedo, which are very important for regional and

global environmental studies. Satellite remote sensing

is one of the best tools available to obtain accurate

timely information on the earth’s surface. The

evolution of technology is radically affecting the

quantity and quality of data collected through satellite

remote sensing. The Terra and Aqua satellites with

the Moderate Resolution Imaging Spectroradiometer

(MODIS) sensor were launched respectively in

December 1999 and May 2002 by National

Aeronautics and Space Administration (NASA), and

have supplied a variety of time series data related to

the physical processes of land surface for the

researchers. However, these time-series data

inevitably contain disturbances caused by cloud

presence (Gutman, 1991), atmospheric variability
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(Huete and Liu, 1994), and aerosol scattering (Xiao et

al., 2003). These disturbances contaminate the data,

thereby resulting in bad or missing observations

which limit the temporal analysis of land surface

parameters. For the NDVI analysis, the Maximum

Value Composite (MVC) method (Holben et al.,

1986) is usually composited to get a higher

percentage of clear-sky data. Using the MVC data,

several techniques have been suggested to reconstruct

high-quality NDVI time-series data by reducing

noise. These techniques are based on interpolation of

time series data. Van Dijk et al. (1987) compared

various polynomial function fitting techniques and

Viovy et al. (1992) proposed the best index slope

extraction (BISE) algorithm. Fourier-based fitting

methods were suggested to remove noise in the

frequency domain (Sellers et al., 1994; Roerink et al.,

2000). An asymmetric Gaussian function fitting

approach demonstrated the improved performance

over a BISE algorithm and a Fourier-based method

(Jönsson and Eklundh, 2002). Chen et al. (2004)

modified a Savitzky_Golay (1964) filter and

compared to the fast Fourier transform technique of

Sellers et al. (1994). Jönsson and Eklundh (2004)

showed that the asymmetric Gaussian function-fitting

method could perform better than a Savitzky_Golay

filter and an alternative harmonic analysis. A mean-

value iteration (MVI) method was compared with a

BISE algorithm and a Fourier-based method (Ma and

Veroustraete , 2006) and Beck et al. (2006) showed

that a double logistic function-fitting strategy

surpasses Fourier-based methods in noise-removal

performance. A wavelet-based method was compared

to a BISE algorithm, a Savitzky_Golay filter and a

Fourier-based method (Lu et al., 2007). Hird et al.

(2009) demonstred a model-based empirical

comparison of six selected NDVI time series

including the most recent approaches: Jönsson and

Klundh’s (2002) asymmetric Gaussian method, Beck

et al.’s (2006) double logistic method, Chen et al.’s

(2004) modified Savitzky_Golay filter and Ma and

Veroustraete’s (2006) mean-value iteration (MVI)

filter. All these methods use the MVC data with a

composite period of 8 to 16 days to reconstruct high-

quality NDVI time-series. A shorter composite period

cannot remove effectively the atmospheric

disturbance, but they may need a shorter period in

finding dynamic changes on land surface. The

conventional methods are designed to produce a new

time series of bulk data, which have been compiled

for an extensive period, using a global analytic

technique. It is not suitable to timely monitor real-

time changes on land surface. Lee and Crawford

(1991) and Lee (2002) proposed the adaptive

reconstruction systems to track real-time changes in

time series of remotely-sensed images. The system of

Lee and Crawford (1991) uses a general statistical

model which represents temporal processes of image

data related to land surface parameters. The adaptive

reconstruction estimates sequentially a noise-free

original intensity series by “automatic unsupervised

learning” using an adaptive linear prediction filter and

maximum a posterior (MAP) restoration filter. A

simple statistical model of polynomial function is

used for efficient reconstruction in Lee (2002). Lee’s

reconstruction employs a dynamic compositing

scheme which produces a composite image as a

weighted sum of the observed value and the predicted

value according to local temporal trend. These

adaptive systems update the statistical models for

recent changes in observation and produce an

estimate of non-contaminated original data at every

time point. It makes them capable of real-time

monitoring for present observation without

investigation to data history.

The surface parameters associated with the land are

usually dependent on the climate of local region, and

many physical processes that are displayed in the
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image sensed from the land then exhibit temporal

variation with seasonal periodicity. Of great

importance is the need to incorporate temporal

variation of the spectral component according to

physical properties of the earth surface into image

processing techniques. A feed-back system was

proposed to reconstruct a sequence of images

remotely sensed from the land surface having

physical processes of seasonal periodicity (Lee,

2008). This system assumes that the seasonal

processes can be represented with a harmonic model

of single period which is characterized by four

components: level, frequency (period), amplitude,

and phase angle. The parameterization of the

harmonic components for an individual pixel

provides physically interpretable values to

characterize the seasonal variation of local region

corresponding to the pixel. However, the simple

sinusoidal model of single period may not be

appropriate for temporal physical processes of land

surface. A complex model of multiple periods would

be more proper to represent inter-annual and inner-

annual variations of surface parameters. This study

proposed a harmonic model, which is expressed as

the sum of a series of sine waves, to track temporal

variation through time. Each wave is defined by a

unique amplitude and phase angle. Given multiple

periods, the adaptive exponentially-weighted least-

squares filter of Lee (2008) for the single-periodic

model is extended to estimate the other harmonic

components of multi-periodic model. The purpose of

this study is to evaluate the proposed system for

reconstruction accuracy as well as to provide

fundamental information on the system elements for

right usage in application via simulation study.

Time series of NDVI, which are depressed by

atmospheric and other effects, are the most

commonly used for temporal analysis of land surface.

For the system assessment, simulation data were

generated from a model of negative errors, based on

the assumption that the observation is contaminated

only by negative noise. Sections 2 briefly outlines the

feed-back system for the adaptive reconstruction, the

multi-periodic harmonic filter is described in Section

3. Section 4 contains the experimental results using

simulation data for assessment of the proposed

system. Conclusion is presented in Section 5.

2. Feed-back System for Adaptive
Reconstrunction

Lee (2008) proposed a feed-back system to

adaptively reconstruct a sequence of remotely-sensed

images. The feed-back system uses a harmonic model

to estimate seasonal variation through time as long-

term trends and a Gibbs random field (GRF) to

represent the spatial dependency of digital image

processes. Fig. 1 outlines the feed-back system. In the

reconstruction system, missing observation is

replaced by the prediction from the harmonic model

and bad observation is recovered by the dynamic

compositing. The dynamic compositing (Lee, 2002)
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Fig. 1.  Outline of feed-back system for adaptive reconstruction
system.



employs a polynomial model to trail local temporal

trends. Because simultaneous modeling of temporal

and spatial components is extremely complex, the

feed-back system includes the separate filters of each

component, which are independently operated. It is

natural to suppose that the temporal parameters of the

polynomial and harmonic models change over time.

The adaptive temporal filters sequentially update the

parameters over time using an exponentially-

weighted least-squares criterion. The Point-Jacobian

iteration MAP filter (Lee, 2007) estimates noisy-free

original intensity without spatial correlation between

adjacent pixels, using contextual information of the

GRF.

3. Adaptive Filter of Multi-period
Harmonic Model

The process of seasonality in local region can be

represented with a harmonic model whose

components are assumed to be only due to the local

characteristics. Many physical processes exhibited on

land surface are complicate, and cannot be then

appropriately represented with a simple sinusoidal

model used in the previous system of Lee (2008). A

multi-periodic harmonic model, which can produce a

complex curve, can more properly embody temporal

variation of land surface parameters. Fig. 2 illustrates

the curves generated from the harmonic models of

single period, two periods and three periods.

As shown in Fig. 2, the multi-periodic harmonic

model can capture inter-annual features as well as

inner-annual dynamics for the changes of land

surface.

A sample image is considered as a set of n pixels

and the intensity process can be represented at time t

in the form

Yt = Xt + eet (1)

Xt = mmt + ddt = {hi + gik sin(wikt + qik), i∈In}
where In = {1, 2, …, n} is a set of pixel indices, Yt and

Xt are the observed and original intensity vectors

respectively, eet is the spatially-correlated random

noise vector, mmt is the mean intensity vector associated

with local texture, ddt is the deviation vector from the

mean intensity, and p is the number of harmonic

periods. Texture involves the spatial distribution of

intensity in a local region. It contains important

information about the structural arrangement of

surfaces and their relationship to their neighboring

surfaces. For the feed-back system of adaptive

reconstruction, the original intensity is assumed to be

spatially distributed with a same mean as its neighbor

pixels according to the structure of local texture.

The parameters of harmonic model are

independently derived from the temporal trajectory of

each pixel’s intensity for the original intensity image

estimated by the MAP filter in the feed-back system.

The estimated original intensity is supposed to have

no spatial correlation between pixels. The sinusoid

form of Eq. (1) for each pixel is individually restated

without the pixel index as

xt = h + gk sin(wkt + qk) 

= h + ak cos wkt + bk sin wkt

(2)

where

p

S
k=1

p

S
k=1

p

S
k=1

Korean Journal of Remote Sensing, Vol.26, No.6, 2010

–724–

Fig. 2.  Curves generated with single period (dotted), two
periods (black solid), and three periods (gray solid).



gk =    a2
k + b2

k

qk = tan
_1 for bk≠0,

for bk = 0, qk, has a value of 0, p, _p (Bloomfield,

1976).

Given a sequence of m time steps, {t = t1, t2, …, tm},

Xm = HmV (3)

where

Xm = [xt1, xt2, …, xtm]T

Hm = 

V = [h, a1, b1, …, ap, bp]T.

If the frequencies, {wk}, are known, the least-

squares estimate of the unknown harmonic parameter

vector V is calculated for a given realization series at

a pixel site from the following objective function:

{(Xm
_ HmV)T(Xm

_ HmV)}. (4)

By taking the first derivative of Eq. (4) as 0, the least-

squares estimate is obtained as in Eq. (5). The

harmonic parameters can be adaptively estimated by

using the exponentially weighted least squares

criterion. Given a weight, 0≤lh≤1, the estimates of

the harmonic parameters are sequentially updated

over time for a realization {xt,iΩt = t1, t2, …,  tk} at the

ith pixel as in Eq. (6). The weight lh is an exponential

forgetting factor that introduces a decaying

dependence on past observations, thereby allowing

min
V

ak

bk
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V̂ = (HT
mHm)

_1HT
mXm = (5)

where

L(tk) = lh
(tk _ tk_1)L(tk_1) + 1 fx,i(tk) = lh

(tk _ tk_1)fx,i(tk_1) + xtk,i

Cr(tk) = lh
(tk _ tk_1)Cr(tk_1) + cos wrtk fcr,i(tk) = lh

(tk _ tk_1)fcr,i(tk_1) + xtk,i cos wrtk

Sr(tk) = lh
(tk _ tk_1)Sr(tk_1) + sin wrtk fsr,i(tk) = lh

(tk _ tk_1)fsr,i(tk_1) + xtk,i sin wrtk

CCrs(tk) = CCsr(tk) = lh
(tk _ tk_1)CSrs(tk_1) + cos wrtk cos wstk

CCrs(tk) = SCsr(tk) = lh
(tk _ tk_1)CSrs(tk_1) + cos wrtk sin wstk

SSrs(tk) = SSsr(tk) = lh
(tk _ tk_1)SSrs(tk_1) + sin wrtk sin wstk

and the initial values of all the elements at time t0 are zero.

(6)

¸
Ô
Ô
Ô
Ô
Ô
Ô
Ô
Ô
˛
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the estimates to track the temporal varying

characteristics of the intensity process.

4. Experiments

In the experiments, all the simulation series were

generated for 5 years at one-day time interval and a

year was used as unit of time. First, a simulation

curve was generated from two harmonic functions of

three periods (a year, a half year, and three months)

without errors to evaluate the adaptive harmonic

temporal filter for the preciseness in the model

estimation. The curve was designed to change the

shape after the beginning of the 4th year using two

different harmonic functions of, for the first 3 years,

xt = 0.5 + 0.3sin(2pt + 0.7p) + 0.10sin( t + 0.9p) 

+ 0.05sin( t + 1.0p) 

and, for the next two years,

xt = 0.5 + 0.2sin(2pt + 0.8p) + 0.08sin( t + 0.9p) 

+ 0.03sin( t + 1.0p).

The filter of the feed-back system adaptively

estimated the curve for a sequence of simulation data.

The adaptive system employed a 7-periodic harmonic

model with the predetermined frequencies The

frequencies were selected with the numbers

equivalent to the periods of one year, a half year,

three months, two months, one month, two weeks

and one week:

w1 = 2p, w2 = , w3 = , w4 = , w5 = , 

w6 = , w7 = .
(7)

Note that the adaptive system used the 7-periodic

model and the experimental data were simulated from

the harmonic functions of three periods. Fig. 3 shows

the resultant curves when using lh = 1.0, 0.99, 0.95

respectively in Eq. (6). Without using the exponential

forgetting weight (lh = 1.0), the adaptive filter failed

in tracing the change as shown in the top plot of Fig.

3, while properly tracking the change with using the

forgetting factor. The smaller the forgetting factor

uses, the faster the estimation converges to the

original values. However, using a small weight may

not be proper for noisy data because the estimation

becomes sensitive to local disturbances. 

Next the adaptive system was applied to a series of

simulation images with noise. As mentioned in the

introduction, many time series of satellite data related

to land surface parameters are affected by mainly

atmospheric effects such as cloud or fog. In this

2p
52

2p
26

2p
12

2p
6

2p
4

2p
2

2p
4

2p
2

2p
4

2p
2
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Fig. 3.  Original curve (dotted) and estimated curves (solid) of
adaptive harmonic temporal filter with lh = 1.0, 0.99,
0.95.



remote sensing, the observation is depressed by bad

weather, and the clear sky data are considered as

original values. Based on this fact, simulation data of

a two-periodic harmonic process were generated for

accuracy assessment of the proposed system using

the procedure of Fig. 4. Given the rates of the clear

and cloudy sky days, the procedure produces a time

series with only negative Gaussian noise for the other

days. Since the main purpose of this study is to

evaluate the temporal filter’s performance, a

sequence of very small images of 5×5 was used in

this experiment. The short periodic terms of the

harmonic temporal filter are responsive to local

distractions of time series caused by noise or missing

observation. The feed-back system, which employed

the harmonic filter using the first 4 periods of (7) and

lh = 0.99, was applied to the two datasets of s = 0.3.

One dataset was generated with the clear days of 50%

and the cloudy days of 25%, the other with the clear

days of 30% and the cloudy days of 35%. Fig. 6

shows the time series of simulation images at the

center pixel. Fig. 6 contains the resultant plots when

applying the adaptive estimation to a sequence of the

simulation data shown in Fig. 5. As shown in the

results of Fig. 6, the adaptive estimation failed in

correctly tracking the pattern during the peak periods

for the first three years and the reconstruction had

local disturbances different from the original pattern.

It resulted from the observations which are

suppressed by negative noise and not existed in the

cloudy days. To alleviate this problem, the MVC

technique using a moving window is combined into

Adaptive Reconstruction of Multi-periodic Harmonic Time Series with Only Negative Errors: Simulation Study
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Fig. 4.  Procedure to generate simulation data with depressed
observation.

Fig. 5.  Simulated time series data of s = 0.3.

Fig. 6. Results of adaptive reconstruction using 4-periodic
harmonic filter.



the feed-back system. In the new system, instead of

using a sequence of real observations, the maximum

value of the data observed in a moving window

period is input into the feed-back system as the

observation at the present time point. Given a size of

moving window, m, and a series of real observation,

{…, yt_2, yt_1, yt}, an input sequence of observation

for the system is {…, yc
t_2, yc

t_1, yc
t} where

yc
t = max{yt, yt_m, …, yt_m+1}. (8)

Fig. 7 displays the plots which shows tracking

performance of the feed-back system combining the

moving window MVC for original time pattern. The

proposed system yielded the excellent results with the

window size of 4 days for both the datasets. The

moving window of 7- days produced a better tracking

of the original pattern in this experiment, but using a

window of a long period may fail in capturing a

dynamic feature of short period.

5. Conclusion

This study suggests an adaptive reconstruction

system to analyze sequential digital images. The

system is effective in recovering the images sensed

from the land surface, which generally exhibits inter-

annual and inner-annual variations, and obtaining

useful information on seasonal changes from a

sequence of contaminated observations. The

proposed system employs a multi-periodic harmonic

model to track temporal pattern of a given time series

and an adaptive scheme using the exponentially

weighted least square criterion.

The most advantage of the proposed system is the

adaptive estimation using real-time data. The feed-

back system is capable of adaptively reconstructing a

sequence of image series observed by imperfect

sensing technology in the environment which are

frequently influenced by bad weather. The

conventional approaches reconstruct time series data

by a global estimation technique using bulk data,

which have been compiled for an extensive period. It

is not suitable to timely monitor temporal variation

for automatic detection of changes in physical

processes of land surface. The results of this

simulation study show the potentiality of the

proposed system for real-time monitoring.

There exist positive errors in remote sensing

observation related to land surface parameters.

However, in most of remote sensing applications for

the problems of land surface, time series of

observation data are mainly disturbed by climate

condition. This study then presented the experimental
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results using the simulation data of negative error

under the assumption of observational suppression

resulting from bad weather. If time series data involve

some positive noise, the proposed system can also

produce a reconstructed series of high quality by

controlling the forgetting factor and window size of

moving MVC scheme. Since this study aims at

assessing the feed-back system, the experiments were

carried out with simulation data. The experimental

extension to real data will be the subject of future

study.
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