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Abstract— MODerate-resolution Imaging Spectroradiometer
(MODIS) vegetation index (VI) time-series data are among the
most widely utilized remote sensing datasets. To improve the
quality of MODIS VI time-series data, most prior methods have
focused on correcting negatively biased VI noise by approaching
the upper envelope of the VI time series. Such treatment, however,
may cause overcorrections on some true local low VI values,
resulting in inaccurate simulations of vegetation phenological
characteristics. In addition, another challenge in reconstructing
MODIS VI time series is to fill temporally continuous gaps. The
earlier spatiotemporal Savitzky—Golay (STSG) method tackled
this problem by utilizing multiyear VI data, but its performance
heavily relies on the consistency of data across different years.
In this study, we proposed an improved STSG (iSTSG) method.
The new method accounts for the autocorrelation within the
VI time series and fills missing values in the VI time series
by leveraging spatiotemporal VI data from the current year
alone. Furthermore, iSTSG incorporates an indicator to quantify
potential overcorrections in the VI time series, aiming to more
accurately simulate phenological characteristics. The experiments
to reconstruct MODIS normalized difference VI (NDVI) time-
series product (MOD13A2) at four typical sites (a million square
kilometers for each site) suggest two clear advantages in iSTSG
over the iterative SG (called Chen-SG) and STSG methods.
First, iSTSG more accurately reconstructs the annual NDVI
time series, exhibiting the smallest mean absolute differences
(MADs) between the smoothed and the simulated reference
NDVI time series (0.012, 0.018, and 0.020 for iSTSG, STSG, and
Chen-SG, respectively). Second, iSTSG more effectively simulates
phenological characteristics in the NDVI time series, including
the onset dates for vegetation greenup and dormancy, as well
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as the crop harvest period. The advantages of iISTSG were also
demonstrated when applied to the successor of MODIS, Visi-
ble Infrared Imaging Radiometer Suite (VIIRS) VI time-series
product (VNP13A1). iSTSG can be implemented on the Google
Earth Engine (GEE), offering significant benefits for various
applications, particularly in crop mapping and vegetation/crop
phenology studies.

Index Terms— Crop phenology, normalized difference vegeta-
tion index (NDVI) reconstruction, time-series smooth, vegetation
phenology, Visible Infrared Imaging Radiometer Suite (VIIRS)
NDVI.

I. INTRODUCTION

HE time series of normalized difference vegetation index
(NDVI) and enhanced vegetation index (EVI) data pro-
vided by the MODerate-resolution Imaging Spectroradiometer
(MODIS) have been extensively utilized to study various land
surface parameters, including leaf area index [1], vegetation
phenology [2], and land covers [3]. While high-quality MODIS
NDVI/EVI time-series data are crucial for these applica-
tions, the vegetation index (VI) time-series data are easily
contaminated by adverse atmospheric conditions (e.g., cloud
cover). The maximum-value composition technique [4] has
been employed to generate the MODIS VI time-series data,
but residual noise in these products still requires elimination.
Numerous methods have been developed to eliminate resid-
ual noise in the MODIS VI time-series products [5], [6].
Early methods can be categorized as temporal-based, uti-
lizing various temporal filters to smooth the original VI
time series or employing different mathematical functions to
model annual trajectories of the VI time series. Temporal
filters used to smooth the VI time series include the iterative
Savitzky—Golay (SG) filter [7], harmonic analysis of time
series [8], the mean-value iteration filter [9], the changing-
weight filter [10], and the Whittaker filter [11]. Mathematical
functions employed by previous methods include the double
logistic function [12], the asymmetric Gaussian function [13],
and the Fourier and wavelet transforms [14], [15]. Some
studies compared the performance of different temporal-based
methods, yet no clear consensus has emerged regarding the
best approach [16], [17]. Clearly, it is challenging to use
the temporal-based methods to reconstruct long-term missing
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values in the VI time series. In recent years, more sophisticated
methods integrating spatiotemporal information have been
proposed to reconstruct the MODIS VI time-series data. These
methods account for both spatial correlations among pixels
in neighboring windows and temporal correlations of VI data
across multiple years, achieving markedly better performance
in reconstructing VI time series with continuous data gaps.
The typical spatiotemporal-based methods include the spa-
tiotemporal SG (STSG) method [18], the spatiotemporal tensor
completion method [19], and the spatiotemporal prefill method
with harmonic analysis of time series [20].

The SG filter, a simplified least-square-fit convolution [21],
has undergone continuous modifications over the past two
decades to reconstruct VI time-series data. We have identified
two significant advancements within the family of SG-based
methods. The first is the iterative SG method proposed by
Chen et al. [7] (hereafter referred to as the Chen-SG method).
In this method, data noise in the VI time-series was assumed
to be negatively biased and corrected through an iterative
procedure to approach the upper envelope of the original VI
time-series data. The Chen-SG method has been employed
in thousands of geography and ecology studies to prepro-
cess VI time-series data, accumulating over 1800 citations
on the Web of Science as of November 2023. Actually,
the principle of approaching the upper envelope has indeed
been widely adopted in subsequent methods utilizing other
smoothing filters [6], [22]. The second advancement is the
integration of spatiotemporal information into the SG filtering
process, resulting in the STSG method [18]. This method
assumes that clouds are spatially discontinuous and employs
neighboring pixels to assist in noise reduction for the target
pixel. Compared with the Chen-SG method, STSG more
effectively reconstructs temporally continuous missing values
and partially alleviates the overcorrections of the true low VI
values caused by crop harvests. The computational efficiency
of STSG was further enhanced by implementing a parallel
procedure on graphics processing units [23].

Despite the progress in methods to reconstruct MODIS
VI time series, we have identified two important issues that
previous SG-based methods have not adequately addressed.
First, although integrating spatiotemporal information with the
SG filter is essential, the STSG method requires multiyear
VI data to establish the relationship between the VI time
series of the target pixel and its neighboring pixels. When
using multiyear VI time-series data, the performance depends
on the consistency of the data across different years. Several
factors affect data consistency, including significant variations
in vegetation phenology across years, abrupt land surface
changes in the current year, and inaccuracies in cloud masking
in some years. In addition, the collection and processing
of multiyear VI time series is labor-intensive, limiting the
application of STSG in large-scale areas [23]. Our tests of the
computation efficiency of STSG show that processing VI time
series with STSG takes more than 20 times longer than the
Chen-SG method (see experiments in this study). Therefore,
it is preferable to use the VI data from the current year only
while simultaneously addressing the shortcomings of Chen-SG
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method, such as poor performance for long-term data gaps and
overcorrections of true low VI values.

The second issue is enhancing the simulation of vegetation
phenological characteristics in the VI time-series data. In striv-
ing to approach the upper envelope of VI time-series data,
Chen-SG and STSG methods iteratively fit the VI time series
and preserve higher VI values in each iteration; consequently,
local low VI values may not be accurately simulated, leading
to systematic errors in vegetation phenology estimates [24].
An illustrative example highlights this issue. For an ideal
double logistic VI curve, the greenup onset date (GOD) and
dormancy onset date (DOD) are defined at 105 days of year
(DOY) and 265 DQY, respectively, following the definitions
by Liu et al. [22] [Fig. 1(a)]. Applying the Chen-SG method
to this VI curve, we observed that the segments around GOD
and DOD in the smoothed VI time series were significantly
elevated compared to that in the original VI time series.
Consequently, GOD and DOD are identified at 100 DOY (five
days earlier) and 271 DOY (six days later) in the smoothed
VI time series, respectively. Fig. 1(b) simulates a crop harvest
period within the VI time series. However, these local low
VI values were incorrectly elevated by both the Chen-SG
method [Fig. 1(b)] and the STSG method (see Cao et al.
[18, Fig. 3(D)], potentially hindering applications such as
cropping intensity and crop type mapping. Thus, preserving
phenological characteristics in reconstructed VI time-series
data has been overlooked in previous methods and requires
particular attention.

To address these issues, we proposed an improved spa-
tiotemporal SG method (referred to as iSTSG) to reconstruct
high-quality VI time-series data from MODIS and its suc-
cessor Visible Infrared Imaging Radiometer Suite (VIIRS).
This new method addressed the two unsolved issues explained
above and outperformed previous SG-based methods in com-
prehensive testing experiments. In addition, iSTSG can be
implemented on the Google Earth Engine (GEE) platform,
significantly enhancing the accessibility and application of the
new method in the relevant geography and ecology studies.

II. MATERIALS AND METHODS
A. MODIS VI Time-Series Data

We evaluated the performance of iSTSG using the MODIS
VI time-series product (MOD13A2 V061; Didan, 2021) [25].
The MOD13A2 product offers two VIs (NDVI and EVI) with a
spatial resolution of 1 km and a temporal resolution of 16 days.
Therefore, there are 23 VI data points in the annual VI time
series. Besides the VI data, the product includes a data quality
layer that indicates the quality of the VI value for each pixel on
each composition date. VI values of good quality (i.e., cloud-
and snow-free) have a pixel reliability index (RI) of 0, while
those with some uncertainty have an RI of 1. Contaminated
VI values are labeled as —1 (no data), 2 (snow and ice), or 3
(cloud). Due to page limitation, we reported the experiments
using the MODIS NDVI time-series data in Section IV and
discussed the applicability of the new method for the MODIS
EVI time-series data as well as the VIIRS VI data in Section V.
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Fig. 1.

(a) Example showing the VI deviations in the local segment around the GOD and DOD. According to the rates of curvature changes [2], the GOD

estimated from Chen-SG smoothed curve is five days earlier than the true value, and the estimated DOD is six days later than the true value. (b) Example
showing overcorrections on the local low VI values during the crop harvest period by the Chen-SG method.

B. iSTSG Method

The iSTSG method utilizes the same input data as the Chen-
SG method, specifically the VI time-series data for the current
year only. The objectives of the iSTSG method are to more
effectively address continuous data gaps in the VI time series
and simulate vegetation phenological characteristics. The new
method accomplishes the objectives in two main steps, which
are illustrated in detail in the following.

Step 1 (Generating Initial VI Estimates With Autocorrelation
of the VI Time Series): To smooth the VI time-series data
using the SG filter, the first step in Chen-SG method Sis to
fill those missing VI values (i.e., RI values of —1, 2, and
3) through linear interpolations [7]. This operation may be
effective for the local VI segments in the time series with
nearly linear changes, but it poses challenges for temporally
continuous missing VI values or the VI segments with obvious
nonlinear characteristics. In addition, some VI values in the VI
time series are labeled as uncertain values (i.e., RI value of 1),
indicating potential contamination in these VI values. These
uncertain VI values need to be processed before smoothing the
VI time series. Therefore, in the first step, the iSTSG method
generates initial VI estimates for the missing and uncertain VI
values based on autocorrelation of the VI time series.

For a missing or uncertain VI value at the date 7'/ in the
VI time series of a target pixel po (referred to as VI%), its
initial value (VIY! (initial)) can be estimated from the VI values
within a temporal window centered at 7'i (Fig. 2), given by

VIZ (initial) = median(ar; x VIL/ + br)
TjelTi—tw,Ti+ tw] (1)

where VI[TJ[{ represents the VI values at the date Tj; ar;
and by; are the slope and intercept in the linear regression,
respectively; and tw represents the size of the half temporal
window. Due to the scarcity of good quality VI values in
some cloudy areas, (1) uses the VI values within the temporal
window labeled as good or uncertain (i.e., RI values of O or
1 for VI;{). In addition, VIIT,({ values smaller than a specified
threshold (e.g., NDVI < 0.15) are excluded to prevent the

influence of nonvegetation on the regression. Utilizing both
good and uncertainty values in (1) is acceptable because
individual contaminated VI;{ less affect the initial estimate
VIIT,S (initial) by selecting the median value among a number
of estimates [i.e., the median function in (1)]. To estimate ar;
and br; in (1), the spatial neighboring pixels similar to the
target pixel were employed, which are expressed as
¢ Tj Ti72
(ary, bry) = argmin — > " [(ar; x VI + br;) = VI}]]
(arj,brj) T k=1

2

where VI!! and VIJ/ represent the good or uncertain VI
values at the dates 77 and 7j in the VI time series of a
spatial neighboring pixel py, respectively, and n denotes the
number of similar pixels within a spatial window centered
at the target pixel py. Here, we calculated the correlation
coefficients between the annual VI time series of neighboring
pixels and that of the target pixel py using only good and
uncertainty VI values, defining similar pixels as the ones with
correlation coefficients above 0.85. The size of half spatial
window, denoted as sw, is a crucial parameter and needs to
be determined. By combining (1) and (2), it can estimate the
initial VI values for the missing and uncertain VI values of
the target pixel pg. Some initial VI values in the VI time
series may not be generated due to spatially and temporally
continuous missing values, we adopted the same operations as
the Chen-SG method to fill these values by linear interpolation.
The two key parameters tw and sw were determined through
a parameter sensitive experiment (see experimental results in
Section IV-A).

Step 2 (Preserving Phenological Characteristics in the Iter-
ative SG Filter): We first corrected the VI values in the original
VI time series by using the initial VI estimates acquired in the
first step. Specifically, the missing VI values in the original VI
time series were directly replaced by the corresponding initial
VI estimates. For the uncertain VI values in the original VI
time series, we compared them with the corresponding initial
VI estimates and selected the larger values, considering the
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Fig. 2. Sketch to show the estimation of VI value at the date 7'/ in the VI time series of a target pixel po (VIZ{’; (initial)). rw is the size of the half temporal

window.

fact that contaminated VI (NDVI and EVI) values are usually
negatively biased. The VI time series after the correction was
referred to as the corrected VI time series [VI(corrected)] in
the following statements.

It remains necessary to smooth VI(corrected) to remove
possible residual noise while preserving vegetation phenolog-
ical characteristics in the smoothed VI time series. Therefore,
we first applied the SG filter to VI(corrected), referred to
as SG[VI(corrected)];, and then determined the VI value in
the filtered VI time series as the maximum value between
VI(corrected) and SG[VI(corrected)];. There are two parame-
ters in the SG filter, i.e., the order of polynomial and the size
of the smoothing window. We followed [7] to use a 90-day
smoothing window, within which there were approximately
seven NDVI points with 16-day intervals. Considering the
number of NDVI points in each smoothing window, the order
of the polynomial was set to 4. Using the SG filter once,
obvious individual VI noise points in VI(corrected) can be
processed, such as a sudden drop VI point. To approach the
upper envelope of VI(corrected), we repeated this process,
which is expressed as

VIZ (filtered), = max (Vlz(f (corrected), SG[VI(corrected)]; )
3)

where VI[T,é (filtered) , Tepresents the filtered VI value at time
Ti for the target pixel pg in kth repetitions. According to (3),

the VI time series for the target pixel py can be generated

VI, (filtered),,
_ rurl 2 23
= [VI,, (filtered) "y VI, (filtered) g VI, (filtered) k] .

This process was repeated three times (i.e., k = 3) because
the upper envelope is typically approached after applying
SG filters three times, as observed in our results and pre-
vious studies (see [7, Fig. 3]). As previously mentioned,
vegetation phenological characteristics occurring in the VI
segments with local low values may not be simulated well
in VI, (filtered);. We proposed an indicator to identify these
positions in VI, (filtered)s. In specific, for the target pixel pg
at time Ti (Ti = 1,2,...,23), this indicator quantifies the
relationship between the VI value at T'i (VIIT,(f (corrected)) and
the VI values in the temporal window at both sides of centered
at Ti (VI (corrected)), given as shown at the bottom of
the page, where

meanV = mean (VIIT,;J“’ (corrected)/ {VIIT,(f (corrected)}) . @

The item meanV indicates the mean of VI values in
the temporal window, excluding the center time 7i (i.e.,
formulated as “mean(VI[T,é—' ¥ (corrected) / {VIIT,é (corrected)})”).
The denominator in (4) normalizes Indic;f to be between
0 and 1. Indic] has a larger value when VI'!(corrected)
is closer to the minimum or maximum VI values in the
temporal window. The final estimate of VIIT,S was generated

}VI% (corrected) — meanV |

L Ti_
Indleo =

max (max VI~ (corrected)) — meanV, meanV — min(VIT/-"" (corrected)) )
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by combining VI’ (filtered), and \2 (filtered), as
Ti i Ti Ti
VL, (filtered) fnal = Indic,, x VI 2 (ﬁltere('i)1
+ (1 — Indic]}) x VI! (filtered) .

i 5)

Therefore, the iSTSG method avoids overcorrection by
considering the shapes of NDVI time series in local segments.
In the experiments, we tested the performance of iSTSG in
reducing noise and preserving phenological characteristics in

the VI time series

C. Testing Sites

We tested the performance of iSTSG at four typical sites
with an area of 1000 x 1000 km at each site (Fig. 3). The first
site is located across northeastern China and eastern Russia
(referred to as northeastern Asia), predominantly covered
by deciduous forests and grasslands. The second site is the
North China Plain, which is mainly covered by double-season
croplands and grasslands. Winter wheat is harvested during
May and June, followed by corn planting, resulting in a VI
time series with two peaks within a year. The third site is in
southeastern China, characterized by a mixture of evergreen
and deciduous forests. The fourth site is in southeastern Asia,
covering most areas of Thailand, where rice is the main crop.
Approximately 75% of the rice is single-cropped during the
rainy season (May—October), while the remaining 25% is
double-cropped, planted in both rainy and dry seasons.

The four sites were selected because they can adequately
test the performance of different methods. Southeastern China
[Fig. 3(c)] and southeastern Asia [Fig. 3(d)] present chal-
lenging scenarios due to their cloudy and rainy conditions

and subtropical and tropical monsoon climates, leading to
temporally continuous missing values in the VI time series.
The double-season crops in North China Plain [Fig. 3(b)]
have relatively complex annual VI curves, most previous
NDVI smoothing filters cannot reconstruct well [18]. In the
experiments, we reconstructed the MODIS NDVI time series
in 2020 at each testing site.

III. EXPERIMENTS
A. Benchmark Methods for Comparisons

As a new member in the family of SG-based methods,
iSTSG was compared with the Chen-SG method [7] and the
STSG method [18]. The Chen-SG method has been widely
used in relevant applications during the past two decades.
Both the iSTSG method and the Chen-SG method can be
applied to the one-year VI time series. Different from the
two methods, STSG requires multiyear VI time series as
input data. Specifically, STSG establishes the relationship
between a target pixel and its neighboring similar pixels
for each date, utilizing historical VI data from that date.
This relationship is then used to generate initial VI estimates
for each date. Finally, a weighted SG filter is applied to
smooth the VI time series, with weights defined based on the
uncertainty of each NDVI observation, accounting for potential
cloud contamination (for algorithm details, please refer to
Cao et al. [18]). We implemented the Chen-SG and STSG
methods using the publicly available source codes provided
by their authors. To compare computational efficiency, all
three methods were programmed on the GEE with the same
programming language (see discussion in Section V-A).
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B. Experiment Design

We designed four experiments. In the first experiment,
we determined key parameter values in iSTSG through
parameter sensitivity analyses, in which different parame-
ter combinations were tested. In the second experiment,
we applied the three SG-based methods to the real NDVI
time-series data and conducted qualitative assessments by
visually inspecting the NDVI images and NDVI time-series
data smoothed by different methods. In the third experiment,
we followed previous studies [17] to generate simulated
NDVI time-series data for quantitative assessments (see details
in Section III-C). The mean absolute differences (MADs)
between the smoothed NDVI and reference NDVI time-series
data were used to quantify overall fidelity. In addition, given
that the iSTSG method consists of two steps, an ablation
experiment was designed to test the effectiveness of each
step. In the fourth experiment, we focused on evaluating the
ability to simulate vegetation phenological characteristics in
local segments of the NDVI time-series data (see details in
Section III-D).

C. Generating Simulated NDVI Time-Series Data

Because true NDVI time-series data are unavailable,
we generated the simulated NDVI time-series data in 2020 for
the experiments of quantitative assessments. Specifically,
we first generated a reference NDVI time series for each
pixel by averaging all valid (cloud/snow-free) NDVI values
at the same DOY during multiple years (2001-2020). If the
number of valid NDVI values at a DOY was less than four, the
NDVI value at this DOY in the reference VI time series was
temporally linear interpolated. The reference NDVI time series
of a pixel was thus regarded as the truth NDVI time series
of this pixel, as graphically illustrated in Fig. 4. We then
simulated missing values and NDVI noise in the reference
NDVI time series according to the NDVI data quality layer in
2020. The NDVI data in the reference NDVI time series were
assumed to be missing at the dates labeled as contamination
(see light blue bar in Fig. 4). For a date labeled as uncertain
data (reference to as “uncertain dates”), it is difficult to use the

simulated NDVI time series. The reference and simulated NDVI time series are indicated by the gray and black lines,

NDVI values at uncertain dates in 2020 to directly replace the
corresponding values in the reference NDVI time series due
to vegetation growth differences between the reference and
the NDVI time series in 2020. Therefore, we followed [26] to
establish the linear transfer function between the reference and
the NDVI time series in 2020 for each pixel based on good
quality NDVI observations and then modified the NDVI values
at uncertain dates in 2020 using the established function.
Considering negatively biased noise characteristics, the smaller
values between the modified uncertain NDVI values and the
values at the corresponding dates in the reference NDVI
time series were used to generate the final simulated NDVI
time-series data (see light green bar in Fig. 4). To reduce
simulation uncertainty, we excluded those pixels with the
number of good quality observations smaller than 5 or with
low correlation coefficients of the linear transfer function
(<0.85). Using multiyear MODIS NDVI data to composite
reference NDVI time-series data has been widely adopted for
quantitative assessments in relevant studies.

D. Determining Vegetation Phenological Characteristics

We designed two scenarios to examine the simulation of
vegetation phenological characteristics in the NDVI time-
series data. The first scenario is to simulate the local low VI
values caused by winter wheat harvest at the site of North
China Plain. The second scenario is to extract GOD and DOD
from the NDVI time-series data. Specifically, we first applied
the three SG-based methods to smooth NDVI time-series data
and then fit the smoothed NDVI time series by the logistic
function. GOD and DOD were determined to be the dates
corresponding to the first local maximum (GOD) and the last
local minimum (DOD) rates of change in curvature of the
logistic-fit curve (see Zhang et al. [2, Fig. 2]).

IV. RESULTS
A. Spatiotemporal Parameters Determination in iSTSG

iSTSG has two key parameters that need to be determined:
the size of half temporal window [i.e., tw in (1)] and the
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Performance of iSTSG under different sizes of half temporal and spatial windows at different testing sites (a) Northeastern China, (b) North China

Plain, (c) Southeastern China, and (d) Southeastern Asia. tw indicates the size of half temporal window and varies from 2 to 11, and sw indicates the size of
half spatial window and varies from 3 to 16 km. For comparisons, the performance of Chen-SG and STSG methods was included in each panel (the black

dashed lines).

size of half spatial window (i.e., sw in Fig. 2). We per-
formed parameter sensitivity analyses by applying iSTSG to
1000 random pixels at each testing site while varying rw
and sw. This experiment was conducted using the simulated
NDVI time-series data. Under different combinations of tw
and sw, we calculated MADs between the smoothed NDVI
time series and the reference NDVI time series. tw varies
from 2 to 11 at an interval of 1, and sw varies from 3 to
16 km. The experimental results show that the variations in
MAD of iSTSG caused by the changes in rw or sw are
relatively small compared with the MAD of Chen-SG and
STSG methods (Fig. 5). For example, the MAD of iSTSG
varies little with rw except for slightly higher MAD at small
tw in the Southeastern China and Southeastern Asia [Fig. 5(c)
and (d)]. The two sites are in tropical and subtropical areas
with high cloud coverages, and small tw may lead to the
failure in the generations of initial VI values by (1), which may
explain the change patterns of the MAD of iSTSG at the two
sites. In summary, the parameter sensitive experiment suggests
that fw and sw may not need to be strictly selective and can be
determined in a wide range of values, indicating the robustness
of the new method. Considering computation efficiency and
stability, we recommend the value of 4 for rw and 5 km for sw.

In our sensitivity analysis, we considered different vegetation
types (i.e., deciduous and evergreen vegetation, and crops) as
well as regions with varying cloud coverages. However, the
recommended parameters may need adjustment for extreme
cloudy areas. For example, in some parts of Amazon forests,
cloud is spatially continuous, and cloud-contaminated VI
values may persist for months [27]. In such extreme scenarios,
larger tw and sw may be necessary.

B. Visual Comparisons for the Reconstructed NDVI Images
and Time-Series Data

Figs. 6 and 7 show the regional NDVI images reconstructed
by the Chen-SG, STSG, and iSTSG methods at four testing
sites. In general, the following two observations can be sum-
marized.

1) Ability to Preserve Vegetation Phenological Character-
istics: Compared with the Chen-SG and STSG methods,
the iSTSG method better simulates some key vegetation
phenological characteristics, evident from the results at the
sites of Northeastern Asia [Fig. 6(a)] and North China Plain
[Fig. 6(b)]. At the Northeastern Asia site, the NDVI time-series
data simulated by iSTSG better preserved the greenup onset



4401917 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 63, 2025

* P, (deciduous forests)

1.0 -
——Chen's SG

08 - ~——S8TSG
—IiSTSG

06 - o Good NDVI
e Uncertain NDVI
e Bad NDVI

04 -

0.2

Day of Year

0.0 T
0 100 200 300 400

10 - * Py (double-season crops) —Chen's SG
—STSG
—iSTSG
08 - , © Good NDVI
o Harvest e Uncertain NDVI
é o | ‘\ e Bad NDVI

Day of Year
0.2 T

0 100 200 300 400

Fig. 6. Visual comparisons among the three SG-based methods at the sites of (a) Northeastern Asia and (b) North China Plain. In each panel, we show the
raw NDVI image at a selected date and the NDVI images reconstructed by the Chen-SG, STSG, and iSTSG methods. Some differences in the reconstructed
NDVI images among methods were highlighted by red rectangles. Moreover, an example of the reconstructed NDVI time-series data by the three SG-based
methods is included in each panel.

characteristic of deciduous forests, whereas this phenologi- STSG methods [see the example of the NDVI time-series
cal characteristic was erroneously detected at earlier dates data of deciduous forests in Fig. 6(a)]. The reconstructed
using the NDVI time series simulated by Chen-SG and NDVI images on April 22, 2020, which is close to the
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reconstructed NDVI images among methods were highlighted with red rectangles, and an example of the reconstructed NDVI time-series data for the three

SG-based methods is shown in each panel.

GOD of deciduous forests, show that vegetation greenness of
deciduous forests is slightly lower for iSTSG than that for
Chen-SG and STSG [see the areas highlighted by rectangles
in Fig. 6(a)], suggesting later iSTSG-derived GOD. This
observation was further confirmed by extracting phenology

from the reconstructed NDVI time-series data (details were
given in Section IV-D).

At the North China Plain site with double-season crops
(winter wheat and corn), we showed the reconstructed NDVI
images on June 9, 2020, which is close to the harvest date
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TABLE I

MADSs BETWEEN THE SMOOTHED NDVI TIME SERIES AND REFERENCE NDVI TIME SERIES AVERAGED OVER EACH TESTING SITE. MOREOVER,
AN ABLATION EXPERIMENT WAS INCLUDED TO SHOW THE EFFECTIVENESS OF EACH STEP OF ISTSG

Northeastern ~ North China  Southeastern ~ Southeastern ~ Average
Asia Plain China Asia
Chen-SG 0.024 0.018 0.016 0.020 0.020
STSG 0.018 0.013 0.016 0.024 0.018
iSTSG 0.015 0.008 0.012 0.012 0.012
Ablation experiment
iSTSG S1 0.017 0.010 0.014 0.015 0.014
iSTSG S2 0.019 0.015 0.013 0.014 0.015

of winter wheat [Fig. 6(b)]. Compared with Chen-SG and
STSG, the iSTSG method better preserved the harvest phe-
nological characteristics. For example, the low NDVI values
due to winter wheat harvest were erroneously raised by using
Chen-SG and STSG [see the areas highlighted by rectangles in
Fig. 6(b)], with more serious overcorrections observed in the
Chen-SG method. Thus, it greatly underestimated the depth of
curve valley during May and June in the reconstructed NDVI
time-series data.

2) Ability to Reconstruct Temporally Continuous Missing
Values: It can be observed that continuous missing val-
ues in the NDVI time series can only be reconstructed by
the spatiotemporal filters STSG and iSTSG, with iSTSG
showing more stable performance than STSG (Fig. 7). For
instance, temporally continuous missing values occurred in
the rainy season (May—October) at the site of southeastern
Asia [Fig. 7(b)]. In Thailand, rice takes about 1-2 months
to reach the heading date (approximately the date with the
maximum NDVI) after planting in the rainy season and is then
harvested at the time 2-3 months after rice heading ( [28]).
For single cropping rice, the NDVI time series generated by
Chen-SG and STSG were obviously incorrect with too late
rice heading dates, whereas the iSTSG-derived NDVI time
series are more reasonable [point PB1 in Fig. 7(b)]. For double
cropping rice [point PB2 in Fig. 7(b)], it is too long for
the time interval between rice planting and heading in the
NDVI time series generated by the Chen-SG method, which
is caused by the temporally continuous cloud-contaminated
NDVI data in the rainy season after rice planting. Visual
comparisons of reconstructed NDVI images at the four testing
sites suggest the strengths of iSTSG in the removal of NDVI
noise, preservations of vegetation phenology, and processing
of temporally continuous missing NDVI data (Figs. 6 and 7).

C. Quantitative Assessments Based on Simulated NDVI
Time-Series Data

We conducted quantitative assessments based on the simu-
lated NDVI time-series data (see Section III-C for simulation
details). Table I summarizes the MAD values between the
reconstructed NDVI time series and reference NDVI time
series for the three SG-based methods (for the MAD values
at the pixel level, please refer to Fig. 8). We found that the
iSTSG method performed the best with the smallest MAD
values, followed by the STSG and Chen-SG methods. The
MAD values averaged over the four testing sites are 0.012,

0.018, and 0.020 for the iISTSG, STSG, and Chen-SG methods,
respectively (Table I). In addition, the STSG method has
smaller MAD values than the Chen-SG method except for
the site of southeastern Asia. STSG employs multiyear NDVI
time-series data, whereas there were substantial land cover
changes over the years due to intense human activity in
southeastern Asia, which may explain the worst performance
of STSG at this site. This experiment confirmed that the
proposed iSTSG method improves fidelity in reconstructed
NDVI values over previous SG-based methods.

Given that iSTSG consists of two steps, we further tested
the effectiveness of each step by designing an ablation experi-
ment. Two scenarios were specifically investigated. In the first
scenario, we replaced the first step of iSTSG with the oper-
ation of linear interpolation, which tested the effectiveness to
incorporate spatiotemporal information to initially fill missing
values in the VI time series (referred to as iSTSG_ S1). In the
second scenario, we replaced the second step of iSTSG with
the iterative SG filter proposed by Chen-SG (referred to as
iSTSG_ S2). Results show the decreased MAE values when
either of the two steps of iISTSG was replaced (Table I). As we
expected, iSTSG_ S1 has poor performance than iSTSG_ S2
at the cloudy sites of Southeastern China and Southeastern
Asia, suggesting the necessity to incorporate spatiotemporal
information to fill continuous missing VI values. In contrast,
iSTSG_ S2 performed obviously worse than iSTSG_ S1 at the
site of North China Plain, which can be attributed to the poor
simulations of crop harvest phenological characteristics using
the iterative SG filter in iISTSG_ S2.

D. Simulation of Vegetation Phenological Characteristics

The NDVI time-series data provide key vegetation pheno-
logical information. We expect that iSTSG can better simulate
vegetation phenological characteristics in the NDVI time-
series data, which was evaluated in two scenarios.

In the first scenario, we examined the preservation of local
low VI values caused by winter wheat harvest at the site of
North China Plain. In specific, we first identified wheat pixels
in the North China Plain using the identification algorithm
proposed by Qiu et al. [29]. To reduce uncertainty, only those
pixels continuously planted by winter wheat during 2008—
2020 were included. We applied the three SG-based methods
to the simulated NDVI time-series data and calculated the
MAD between the smoothed NDVI value and the reference
NDVI value at 161 DOY (approximately the date after wheat
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Spatial distributions of the MADs between the smoothed NDVI time series and reference NDVI time series for the three SG-based methods.

(a) Northeastern Asia. (b) North China Plain. (c) Southeastern China. (d) Southeastern Asia.

harvest) for each wheat pixel. Results show that iSTSG
achieved smaller MAD values at 161 DOY than the comparing
methods. The regional averaged MAD values for iSTSG,
STSG, and Chen-SG are 0.020 versus 0.045 versus 0.132,
respectively (Fig. 9), suggesting better simulations of wheat
harvest phenological characteristics by the iSTSG method.

In the second scenario, we examined the performance to
extract GOD and DOD from the smoothed NDVI time-series
data. We conducted this experiment at the site of Northeastern
Asia, which is mainly covered by forests with obvious annual
greenness changes. The two cropland sites (North China Plain
and Southeastern Asia) were excluded from this analysis
because crops have different phenological definitions [30].

The site of Southeastern China was also excluded due to
the main coverage of evergreen vegetation. The lack of
vegetation greenness seasonality could decrease phenological
detection accuracy and thereby confuse the analyses. In this
experiment, we first used the three SG-based methods to
smooth the real NDVI time-series data in 2020 and detected
GOD and DOD for each pixel except nonvegetated and crop
pixels in Northeastern Asia (screen out using the land cover
product MCD12Q1). Based on the illustrations in Fig. 1,
we anticipated that iSTSG would produce later GOD and
earlier DOD values compared to the other two methods. The
results confirmed our expectations: the mean GOD values are
104.2, 109.6, and 112.5 DOY, and the mean DOD values are
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MADs between the reconstructed NDVI and reference NDVI values at 161 DOY (approximately the date after winter wheat harvest) for the winter

wheat pixels in the North China Plain. This analysis was based on the simulated MODIS NDVI time-series data. To reduce uncertainty, only those pixels

continuously planted by winter wheat during 2008-2020 were included.

296.0, 292.7, and 292.1 DOY for Chen-SG, STSG, and iSTSG,
respectively (Fig. 10). We further applied the three SG-based
methods to the simulated NDVI time-series data and calculated
the differences between the true and estimated GOD (or DOD)
values (referred to as GOD-d and DOD-d, Fig. 11). The
results revealed that Chen-SG generated significantly advanced
GOD estimates (i.e., positive GOD-d) and delayed DOD
estimates (i.e., negative DOD-d), highlighting its limitations
for vegetation phenological applications. In contrast, iSTSG
effectively addressed this systematical error and achieved the
smallest GOD-d and DOD-d values among the three methods.
The mean GOD-d (DOD-d) values for Chen-SG, STSG, and
iSTSG are 5.2, 2.0, and 1.1 days (—2.8, —0.4, and 0.3 days),
respectively (Fig. 11).

V. DISCUSSION
A. Improvements in iSTSG

The MODIS NDVI time-series data are among the most
widely used remote sensing data. There is significant interest
in improving the quality of NDVI time-series data. Consid-
ering the negatively biased noise characteristic in the NDVI
time-series data, the principle of approaching the upper enve-
lope of NDVI time-series data has been widely adopted
in previous smooth filters (e.g., SG by Chen et al. [7],
Whittaker filter by Atzberger and Eilers [11], and HANTS
by Zhou et al. [8]). However, two concerns still remain
for the processed NDVI time-series data. One is continuous
missing values in the MODIS NDVI time-series data. For this
problem, several recent methods have incorporated multiyear
spatiotemporal information to reconstruct temporally continu-
ous missing NDVI data (e.g., STSG by Cao et al. [18] and
ST-Tensor by Chu et al. [19]). However, uncertainties arise
from possible inconsistency in the NDVI time-series data
among different years. Our experiments showed that STSG
performed even worse than Chen-SG at the cloudy site of
Southeastern Asia (MAD: 0024 versus 0.020; Table I), which
may be explained by interannual differences in rice cultivation
caused by climates and agricultural management. Instead,
iSTSG uses spatiotemporal NDVI data in the current year only

and estimates the relationship of NDVI values among different
dates based on autocorrelation of MODIS NDVI time-series
data (2). In our experiments, iSTSG also demonstrated its
effectiveness in regions with less distinct seasonality (e.g.,
southeastern China). For evergreen vegetation, we assume that
the NDVI value at any given date can be reliably estimated
from those NDVI values at other dates within a temporal
window because of the small annual variations in greenness.
To confirm this assumption, we evaluated the goodness of
linear fit for initial NDVI estimates (i.e., the equation shown
in Fig. 3) at the four testing sites. The standard error of linear
regressions, averaged over all dates, was found to be compara-
ble across testing sites, with error values ranging from 0.027 to
0.033. This suggests the applicability of iSTSG for vegetation
with minimal seasonality. The incorporation of spatiotemporal
information makes iSTSG applicable for filling continuous
missing values in the NDVI time-series data [Fig. 7(a) and (b)].
We also compared iSTSG with other methods besides the
SG-based methods. Specifically, we compared iSTSG with
the HANT method [8] and the results further confirm the
superiority of the new method (Table S1 in Supplementary
Materials). Another concern regarding previous methods is
the overcorrection of true local low values in the process of
approaching the upper envelope of NDVI time-series data.
Some vegetation phenological stages, such as GOD, DOD,
and crop harvest stages, occur near the date with local low
NDVI values; thus, these phenological characteristics may
be poorly simulated in the smoothed NDVI time-series data
(Fig. 1). To address this issue, iSTSG considers the shapes
of NDVI time series in the local segments and propose an
indicator to quantify possible overcorrections in the NDVI
time series (4). Our experiments confirmed that the systematic
error in phenology estimates of Chen-SG (i.e., earlier GOD
and later DOD) has been effectively corrected when using
iSTSG (Figs. 10 and 11).

Because of the two improvements in iSTSG, we expect
that the new method can benefit many applications of
MODIS NDVI time series. More accurate reconstruction of
continuous missing NDVI data is important for vegetation
productivity estimates [31]. Better preservation of crop harvest
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characteristics can improve cropping intensity monitoring
(i.e., the number of growth cycles per year) and crop
mapping [32]. As important vegetation phenological stages,
GOD and DOD have been mostly investigated in previous
phenology studies. Our study highlights uncertainty in GOD
and DOD estimates caused by curve smoothing operations
and suggests a particular application of iSTSG in future
vegetation/crop phenology studies.
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Differences between true phenological dates and estimated phenological dates based on the simulated NDVI time-series data in 2020 at the site of

B. Applicability of iSTSG to Other Satellite VIs and
Computation Efficiency

For the practical applications of iSTSG, users may be
particularly interested in the following aspects. First, except
for the MODIS NDVI time-series data in our experiments,
whether iSTSG can be applied to the MODIS EVI time-
series data? Here, we performed the quantitative assessment
experiment again (i.e., the experiment in Section IV-C) but for
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the EVI time-series data provided by the MOD13A2 product.
The results show that the MAD values averaged over the four
testing sites are 0.016, 0.021, and 0.011 for Chen-SG, STSG,
and iSTSG, respectively (Table S2 in Supplementary Mate-
rials), suggesting the superiority of iSTSG in reconstructing
MODIS EVI time-series data compared to previous SG-based
methods. It is interesting to note that STSG performed even
worse than Chen-SG for MODIS EVI time-series data. Unlike
NDVI, EVI has a nonratio form and is thus more sensitive
to different kinds of noise (e.g., atmospheric conditions and
terrain), which leads to larger data inconsistency over the
years. This may be the reason to be responsible for the poor
performance of STSG.

Second, MODIS has provided data for more than 20 years
and is entering the period of end of life [33]. As the successor
of MODIS, the VIIRS instrument on the Suomi National
Polar-orbiting Partnership provides VI product (VNP13Al)
with a 16-day acquisition period at 500-m spatial resolution.
Here, we tested the applicability to VIIRS NDVI and EVI
time-series data with the quantitative assessment experiment
again. Experimental results confirm the smallest MAD values
for the iSTSG method (Table S3 in Supplementary Materi-
als), highlighting the potential of iSTSG to process VIIRS
NDVI/EVI time-series data after the era of MODIS.

Third, computation efficiency may be a concern in prac-
tical applications. As the planetary-scale geospatial analysis
platform, GEE has a rich satellite data catalog, including
MODIS and VIIRS, and realized geospatial processing by
the google cloud platform, which greatly popular large-scale
remote sensing applications [34]. Therefore, we programmed
the three SG-based methods on GEE and tested the processing
time to process the MODIS NDVI time-series data. As we
expected, Chen-SG does not include spatial computation (i.e.,
spatial window) and thus has the highest computation effi-
ciency with about 6.5 min to process an area of 1000 x
1000 km (Table II). Compared with STSG, which uses multi-
year data, iSTSG improved computational efficiency by nearly
eight times (20.0 versus 152.8 min for 1000 x 1000 km).
Furthermore, one may be concerned whether the computation
efficiency of the new method deteriorates rapidly when applied
to larger areas, a phenomenon known as “computation effi-
ciency scalability” [27]. To address this concern, we tested the
processing times when applying the methods to areas of differ-
ent sizes (i.e., from 500 x 500 to 3000 x 3000 km, Fig. S2).
The STSG method was excluded from this experiment due to
its noticeably lower computation efficiency (Table II). Results
showed that, as area sizes increased, iISTSG exhibited a similar
linear increase in processing time as the Chen-SG method
(Fig. 12), suggesting that iSTSG maintains good computa-
tion efficiency scalability. Considering the balance between
reconstruction accuracy and computation efficiency, iSTSG
has great potential to be applied at regional and continental
scales.

C. Uncertainties of iSTSG

Some uncertainties of iISTSG should be clarified. Because
the MODIS VI product is temporally composited (e.g., 16 days
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TABLE I

COMPUTATION EFFICIENCY OF DIFFERENT METHODS ON THE GEE. THE
AREA AT EACH TESTING SITE IS ABOUT 1000 x 1000 KM

Processing time

(Unit: minute) Chen-SG  STSG  iSTSG
Northeastern Asia 5 140 21
North China Plain 7 165 22
Southeastern China 5 136 16
Southeastern Asia 9 170 19

Average 6.5 152.8 20.0
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Fig. 12. Time required to reconstruct MODIS NDVI time-series data
for areas of different sizes. The dashed lines indicate the linear trends of
processing time. The STSG method was excluded due to its significantly
lower computation efficiency.

for MOD13A2), one may be concerned that disparate dates
within a composited period could be chosen between the target
pixel and the neighboring pixels. Although the maximum dif-
ference in acquisition time between two pixels is theoretically
16 days for MOD13A2, the actual time difference, averaged
over mainland China, was examined in a previous study and
was found to be only 2.2 days (see Cao et al. [18, Fig. S6]).
We expect that NDVI/EVI varies little within this short period
and thus less affects iSTSG.

Another concern is the applicability of iSTSG in regions
with highly dynamic land cover changes, such as deforested
areas or those affected by bushfires. It may be challenging to
predict NDVI values caused by land cover changes within the
current year. However, iSTSG assumes spatial autocorrelation
and utilizes neighboring similar pixels, which was found to
be effective for reconstructing NDVI values of the target pixel
when clouds are spatially discontinuous [18]. To address this,
we conducted an additional experiment. In early 2020, bush-
fires were reported in the eastern regions of New South Wales
and Victoria, Australia. It can be seen that the iSTSG method
successfully captured the abrupt decreases in NDVI values
caused by bushfires (Fig. 13). In areas covered by evergreen
forests, the reconstructed NDVI values on December 9, 2019,
were as high as 0.8, but by January 1, 2020, it had dropped
to below 0.4 (see the lower panels in Fig. 13). These results
indicate that iSTSG can be applied to the regions with land
cover changes occurring within the current year. However,
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Fig. 13. (Top) Land cover types in Australia. The red box indicates the areas
affected by bushfires in early 2020. (Bottom) NDVI values reconstructed by
iSTSG at different dates.

care should be taken when using iSTSG in areas where very
small-scale land cover changes, as it may be difficult to rely
on neighboring pixel information in such cases.

In extremely cloudy areas, it may be difficult to generate the
initial VI values due to spatially and temporally continuous
missing values (i.e., step 1 in iISTSG). For these cases, iSTSG
fills the missing VI values by linear interpolation. To quantify
this kind of situation, we selected the cloudy Southeastern
Asia as the example and calculated the percentage of pixels.
Results show that the linear-interpolated pixels account for
about 12.5% of total pixels in this cloudy region, suggesting
that missing values in most pixels can be filled by iSTSG
(Fig. S1 in Supplementary Materials). The percentage is
expected to be further reduced by using higher spatiotemporal
MODIS and VIIRS product (e.g., MODO09A1 product with
500-m and 8-day resolution). Besides, we observed that some
linear-interpolated pixels are distributed in coastal zones or
near inland lakes (Fig. S1). For vegetation pixels near ocean
or lakes, it is more difficult to search similar pixels in spatial
windows, which may partly explain this observed spatial
distribution.

It is challenging to apply iSTSG to medium spatial res-
olution VI time-series data (e.g., 30-m Landsat and 10-m
Sentinel-2). Low temporal resolution of Landsat and Sentinel-
2 data makes the VI time-series data rather discontinuous.
In cloudy areas, cloud-free Landsat observations are often few
with uneven temporal distribution in a year [35]. Currently,
reconstructing continuous Landsat or Sentinel-2 VI time-series
data is mainly based on multisource data fusion technology,
such as MODIS-Landsat spatiotemporal data fusion [26] or
the fusion of synthetic aperture radar (SAR) and optical VI
data [36], [37].
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For some specific applications, high-quality VI time-series
data need to be generated in real time, such as for crop growth
monitoring. For instance, real-time VI time-series data are
crucial for in-season crop phenology detection [38]. iSTSG can
be employed to generate initial VI estimates in real time using
only the VI values in the left-haft window before the prediction
date (i.e., the first step in iSTSG). However, smoothing the VI
time series with the iterative SG filter still requires several VI
observations after the prediction date (i.e., the second step in
iSTSG). Some recent studies have focused on predicting VI
values after a given date using historical VI data [38], [39].
The integration of VI predictions with iSTSG for generating
high-quality real-time VI time-series data could be an avenue
for further research.

VI. CONCLUSION

Reconstructing the MODIS and its successor, VIIRS
NDVI/EVI time-series data have broad interests. In this study,
we proposed an improved iSTSG method with two main
improvements. The first improvement is to better simulate
vegetation phenological characteristics at some key stages in
the reconstructed NDVI time series. In previous methods,
the principle of approaching upper envelope of NDVI time
series may cause overcorrections on some true local low
NDVI values. iSTSG addressed this issue by automatically
quantifying possible overcorrections in the NDVI time series
and making the corresponding adjustments. The experimental
results, based on the real and simulated NDVI time series,
showed that GOD and DOD were extracted more accurately
in the NDVI time series reconstructed by iSTSG than that
by previous SG-based methods (e.g., the MAD values of
GOD are 5.2, 2.0, and 1.1 days achieved by Chen-SG, STSG,
and iSTSG, respectively; Fig. 11). The second improvement
in iSTSG is to fill missing values in the NDVI time series
by considering autocorrelation of the VI time series, which
enable the new method to be applicable to the NDVI time
series with temporally continuous missing values. In particular,
iSTSG requires NDVI time series in the current year only
and thus has more stable performance than the previous
STSG method that requires multiyear historical NDVI data.
Moreover, iSTSG has a good balance between reconstruction
accuracy and computation efficiency. The source codes of
iSTSG (GEE version and Python version) are available from
https://github.com/wyWang365/iSTSG.
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