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Abstract: High-quality Normalized Difference Vegetation Index (NDVI) time series are essential in
studying vegetation phenology, dynamic monitoring, and global change. Gap filling is the most
important issue in reconstructing NDVI time series from satellites with high spatial resolution, e.g.,
the Landsat series and Chinese GaoFen-1/6 series. Due to the sparse revisit frequencies of highresolution satellites, traditional reconstruction approaches face the challenge of dealing with large
gaps in raw NDVI time series data. In this paper, a climate incorporated gap-filling (CGF) method
is proposed for the reconstruction of Landsat historical NDVI time series data. The CGF model
considers the relationship of the NDVI time series and climate conditions between two adjacent years.
Climate variables, including downward solar shortwave radiation, precipitation, and temperature,
are used to characterize the constrain factors of vegetation growth. Radial basis function networks
(RBFNs) are used to link the NDVI time series between two adjacent years with variabilities in
climatic conditions. An RBFN predicted a background NDVI time series in the target year, and the
observed NDVI values in this year were used to adjust the predicted NDVI time series. Finally,
the NDVI time series were recursively reconstructed from 2018 to 1986. The experiments were
performed in a heterogeneous region in the Qilian Mountains. The results demonstrate that the
proposed method can accurately reconstruct and generate continuous 30 m 8-day NDVI time series
using Landsat observations. The CGF method outperforms traditional time series reconstruction
methods (e.g., the harmonic analysis of time series (HANTS) and Savitzky-Golay (SG) filter methods)
when the raw time series is contaminated with large gaps, which widely exist in Landsat images.
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High-quality time series of the Normalized Difference Vegetation Index (NDVI) are
essential in studies of vegetation phenology, dynamic monitoring, and global change [1,2].
The NDVI products derived from AVHRR (Advanced Very High Resolution Radiometer) [3], MODIS (Moderate-resolution Imaging Spectroradiometer) [4], and SPOT-VEGETATION [5] have provided moderate- to coarse-resolution NDVI time series globally
since the 1960s and have been widely applied in global environmental studies [6]. Highresolution NDVI time series are more advantageous and have gradually become highdemand products used to reveal detailed information on vegetation at a regional scale.
Landsat, first launched in 1972, is the only satellite that has provided long-term remote
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sensing images at a 30 m resolution for over 40 years [7]. However, widespread contamination (due to clouds, high aerosols, etc.) as well as the long revisit period of high-resolution
satellites induces large gaps in the NDVI time series data and limits their application in
related studies. Thus, an effective reconstruction method is required for the generation of
continuous Landsat NDVI time series.
The raw NDVI time series obtained from remote sensing images are commonly affected by two factors [8], i.e., noise and missing values (gaps). The noise may come
from atmospheric contamination or inconsistencies in the sun–target–sensor geometries.
The missing values are usually caused by cloud cover, faulty sensors, and absent observations in Landsat images. To improve the quality of these time series, several reconstruction methods have been developed from different perspectives. These methods
could be categorized into 3 types based on the length of the temporal processing window. (1) Local window: the characteristics of a (consecutive) portion of the time series are
considered in processing (function fitting or filters). The adaptive Savitzky–Golay (SG)
filter [9] and locally adjusted cubic spline capping method (LACC) [10] use polynomial
functions and cubic splines, respectively, to iteratively fit the upper envelope of time series
data. The asymmetric Gaussian filter (AG) [11] and double logistic method (DL) [12] use
asymmetric Gaussian functions and logistic functions, respectively, to fit the vegetation
phenological characteristics present in data. (2) Global window: the characteristics of
all the time series are considered in the data processing. The harmonic analysis of time
series (HANTS) method [13,14] uses several harmonics to fit the time series data. The
Whittaker method [15] uses penalized least square regression to smooth time series data.
The TSGF (temporal smoothing and gap filling) algorithm applies the SG filter with a
changing window size to fuse multi-sensor LAI (leaf area index) time series [16]. (3) Others:
additional data (e.g., climatology) are used, e.g., the CACAO (consistent adjustment of
climatology to actual observations) approach [17] and data assimilation method [18]. There
are also some compound reconstruction methods, e.g., TSF (temporal spatial filter) [19],
STSG (spatial-temporal Savitzky–Golay) [20], and mTSF (modified temporal spatial filter)
methods [21].
The existing reconstruction methods have mainly been developed for moderateto coarse-resolution sensors that have sufficient observation data in their time series.
For example, the MODIS instrument onboard the Terra and Aqua satellites provides two
observations globally every day. However, the revisit period of Landsat is 16 days, which
means that large gaps exist in Landsat-derived NDVI time series. The current methods
used to deal with these missing data use linear or bilinear interpolation [9,22], which is
reasonable for small gaps but can induce large errors when used for large gaps. Kandasamy
et al. compared the performances of different methods in smoothing and gap-filling time
series [23]. Most existing methods failed to fill the gaps with a fraction over 50%, and
only the climatology method performed well when filling large gaps. Robinson et al. [24]
generated a Landsat-derived 16-day composited NDVI product for the United States
using a climatology-driven approach to fill missing data with the Google Earth Engine
platform. However, this approach may produce anomalies and may lose phenological
variations between years especially in cases of land cover changes. Spatial-temporal fusion
methods [25–27] can be used to fuse satellite images of different resolutions (e.g., MODIS
and Landsat) to obtain images with high spatial-temporal resolutions [28]. However,
these fusion methods are seldom validated for long time series, and proper satellite data
with high temporal resolutions are not available before the 2000s to be used to match the
Landsat records. Artificial neural network (ANN) methods have been proven efficient
in interpolating missing data in meteorological time series [29,30] but have rarely been
applied in NDVI reconstruction studies.
Two aspects should be considered for generating a high-quality Landsat NDVI time
series. The temporal interval (compositing period) of the NDVI time series should be as
short as possible because a boundary would exist in the composited NDVI maps for a long
compositing period. The other problem is how to fill the large gaps that exist in the time
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series. Vegetation growth is significantly constrained by climatic conditions when land
cover is unchanged [31–33]. In this paper, we proposed a climate-integrated gap-filling
method to generate 8-day NDVI time series from Landsat data. Section 2 introduces the
study area and the datasets used, Section 3 describes the proposed gap-filling methods,
and Section 4 analyses the results of the proposed approach. Sections 5 and 6 discuss and
conclude the paper.
2. Study Area and Datasets
2.1. Study Area: Qilian Mountains Region
The Qilian Mountain range, located on the northeastern margin of the Tibetan Plateau,
is one of the major mountain ranges in China. It spans approximately 800 km from west to
east and over 300 km from south to north. The Qilian Mountain range region has a large
elevation difference, with elevation ranging from 1450 to 5800 m and an average elevation
of over 3000 m. The annual mean temperature of the region was approximately 1.83 ◦ C
from 1986 to 2018 (calculated from the data used in this paper). Permanent ice and snow
exist in mountain regions at high latitudes. The annual mean precipitation in the region
was approximately 357.74 mm/year from 1986 to 2018 (calculated from the data used in
this paper), and most of the precipitation occurred in the vegetation growing season, which
lasts from May to September.
The land cover in the Qilian Mountain range exhibits an obvious varying trend
from northwest to southeast, as shown in Figure 1. The land cover majorly consists of
grasslands and bare soils in this region. The northwest part of the study region is poorly
vegetated and is mainly covered by deserts and some oases. The middle region is mainly
dominated by grasslands with minimal wetlands. The vegetation in the southeastern region
is more diverse and fragmented and consists of grasslands, forests, croplands, shrublands,
and some unvegetated land cover types. The vegetation in the Qilian Mountain range
commonly presents a single growing season from May to September, and the growing
season length is mainly influenced by climatic variables, including precipitation and
temperature [34–36]. A heterogeneous region in the southeastern part (red square in
Figure 1) is chosen for a deep study and analysis.

Figure 1. Land cover map of the Qilian Mountain range region and study area: the proportions of
each land cover type in the study area are shown in the legend.
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2.2. Surface Reflectance Product
The Landsat mission, first launched in 1972, offered continuous high-resolution remote
sensing records for over 30 years [7]. The released level-1 surface reflectance (L1TP) data
from Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper(ETM+), and
Landsat 8 Operational Land Imager (OLI) were used to calculate the NDVI values in this
paper. The L1TP surface reflectance data are radiometrically calibrated and orthorectified
using ground control points (GCPs) and digital elevation model (DEM) data to correct
for relief displacement, which make the data suitable for pixel-level time series analysis.
Atmospheric correction was processed by the Landsat Ecosystem Disturbance Adaptive
Processing System (LEDAPS) and the Land Surface Reflectance Code (LaSRC) for the
TM/ETM+ and OLI data, respectively. The products also provide a quality assessment
(QA) band to identify clouds and cloud shadows using the CFMask algorithm [37]. For the
Qilian Mountain range region, the available L1TP products started from 1986. The Landsat
images are provided with the WGS-84 coordinate system with the projection of Universal
Transverse Mercator (UTM). Due to sensor faults, striped gaps exist in some of the Landsat7 images. Some values along the edge of Landsat 5 images are abnormal; there are values
masked by an erosion procedure in this paper.
Level-1C reflectance data of the study region collected on the 193rd day of 2017 from
the Sentinel-2A multispectral instrument (MSI) was acquired for validation (Section 4.4).
Atmospheric correction was performed using Sen2Cor software provided by the European
Space Agency (http://step.esa.int/main/thirdparty-plugins-2/sen2cor/). The cloud percentage data were acquired from the QA bands. Pixels in which the cloud percentage was
over 70% were masked in the validation. The Sentinel-2 images have a spatial resolution of
10 m and are averagely aggregated to a resolution of 30 m for the evaluation.
2.3. Land Cover Dataset
The land cover product of the Qilian Mountain range region, providing 30 m resolution land cover maps for every five years from 1985 to 2017, was used to identify vegetation
types in this study [38]. In this product, the time series data of 2015 were first constructed
by using Landsat-8/OLI data, the knowledge of different land cover features was summarized according to the different NDVI time series curves presented by various temporal
features, the extraction rules for different feature information were set, and the land cover
classification map of 2015 was finally obtained [39,40]. The land surface was classified into
10 types: cropland, forest, grassland, shrubland, wetland, water bodies, artificial surfaces,
bare soil, permanent ice, and snow. Based on the validation from field surveys and Google
Earth images, the overall accuracy of the land cover map from 2015 was 92.19%. Then,
samples of each land cover type were selected based on the 2015 land cover map. A random forest classifier using the reflectance information and vegetation indices, including
NDVI, MNDWI (modified normalized difference water index), and NDBI (normalized
difference built-up index), was constructed in the Google Earth Engine platform and used
to generate the landcover maps every 5 years from 1985 to 2017. By comparing the two sets
of classification products in 2015, the land cover products obtained based on the Google
Earth Engine platform have good consistency with the classification products obtained
based on the time series method. To indicate the vegetation type of each year, the land
cover map of the nearest year was used. The MODIS 500-m Land cover dataset (MCD12Q1)
with the IGBP classification scheme was used to distinguish between evergreen forests and
deciduous forests.
2.4. ERA-5 Climate Reanalysis Dataset
ERA-5 [41] is the fifth-generation global atmospheric reanalysis dataset produced by
the European Center for Medium-Range Weather Forecast (ECMWF, https://cds.climate.
copernicus.eu/cdsapp#!/home). It provides climate variables with higher spatial and
temporal resolution than those provided by the ERA5-interim product [42]. All ERA5 atmospheric variables were interpolated at a 0.25◦ × 0.25◦ spatial resolution using a
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bilinear method from the native grid (0.5◦ × 0.5◦ ). Three climate variables, at a daily
resolution, were used in this study: the 2-m surface temperature (TEM), surface solar
radiation downwards (SSRD), and total precipitation (PRE). The 2-m surface temperature
was calculated by interpolating between the lowest model level and the Earth’s surface,
taking into account the atmospheric conditions. The SSRD is the amount of solar radiation
(also known as shortwave radiation) reaching the surface of the Earth. This variable
comprises both direct and diffuse solar radiation. The PRE refers to the accumulated liquid
and frozen water, including rain and snow, that falls to the Earth’s surface. Previous studies
suggest that the use of ERA-5 is appropriate in the study region [42,43].
3. Method
Vegetation growth is constrained by climate factors and is sensitive to climate
change [44,45]. When the vegetation types are unchanged, interannual variations in
vegetation growth are mainly controlled by changes in climatic factors. In the study region,
the dominate controlling factor was precipitation followed by temperature according to
previous studies [34–36]. The response of vegetation to climate change is dependent on
the vegetation type. Here, we focused on depicting changes in the NDVI time series given
observed changes in the climate variables in adjacent years.
The objective of this study was to generate long-term continuous NDVI time series with available Landsat images. As shown in Figure 2, the method is composed of
4 parts: (1) the composition of raw NDVI time series and corresponding climate variables,
(2) the construction of a prediction model for NDVI time series, (3) the prediction of NDVI
time series, and (4) the adjustment of the predicted data to fit the observed NDVI values.

Figure 2. Conceptual framework of the reconstruction of the Landsat Normalized Difference Vegetation Index (NDVI)
time series.

3.1. Generation of Raw NDVI Time Series and Corresponding Climate Variables
The NDVI is first calculated from all available Landsat SR products in the study area.
NDVI is calculated as follows:
NDV I =

ρ N IR −ρ Red
ρ N IR +ρ Red

(1)
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where ρ Red is the surface reflectance in the red band and ρ N IR is the surface reflectance in
the near-infrared band. Clouds and cloud shadows identified by the QA information in
the SR products were masked in the calculation, and an inward erosion procedure along
the edges (≈8 pixels) was applied to the Landsat-5 images to handle abnormal values.
To account for the spectral inconsistency that exists between the TM/ETM+ and OLI
sensors, a linear transformation (Equation (2)) was made to the NDVI values of Landsat 5
and Landsat 7, according to a previous study [46], and the coefficients were derived using
ordinary least squares (OLS) regression with a total of 6317 Landsat-7 ETM+ and Landsat-8
OLI images acquired over three summer and three winter months.
NDV IL8 = 0.9723 × NDV IL5,7 + 0.0235

(2)

Then, each NDVI image was resampled to an identical projection and spatial reference
(UTM 47N in the WGS-84 coordinate system in this paper) using bilinear interpolation
for the following procedures. Finally, the NDVI images were mosaicked and composited
for every 8-day period, yielding 46 NDVI maps in a given year. The maximum value
composition method (i.e., the maximum value in the compositing period was chosen as
the NDVI in an 8-day period) [47] was adopted here to reduce the influences of residual
clouds or snow cover. The seasonal climate variables (i.e., total precipitation, mean temperature, and mean downwards solar radiation) corresponding to each pixel were calculated
from the ERA-5 reanalysis dataset with the same geolocation (longitudes and latitudes).
Different percentages and lengths of gaps were present in the composited Landsat NDVI
datasets. The pixels with sufficient high-quality observations could be well reconstructed
by traditional methods (e.g., HANTS and SG filter) [8,23].
3.2. Climate Integrated Gap-Filling (CGF) Method
We note that the gaps were more pronounced in older years due to the sparse observations obtained in these years. Traditional methods face challenges when reconstructing
time series with large gaps. The key factor in the proposed method is the extraction
of the information provided by pixels with sufficient high-quality observations and the
reconstruction of those pixels with large gaps in the time series.
3.2.1. Link the NDVI Time Series of Adjacent Years with Radial Basis Function
Networks (RBFNs)
An RBFN is used here to construct the relationship between the interannual change
in the NDVI time series and climate variability. RBFNs, first proposed in 1988, are a kind
of artificial neural network that uses radial basis functions as activation functions [48];
RBFNs have been considered the best network for function mapping and have been
successfully applied in function approximations, time series predictions, and classification
tasks [49]. As shown in Figure 3, we used the NDVI time series in year TS-1 and the
difference in climate variables between two adjacent years to predict the NDVI time series
in year TS-2. We assumed that the difference in climate variables (climate variability)
drives the interannual changes of NDVI time series. Each climate variable was aggregated
to a seasonal resolution (i.e., 4 values in a year) to indicate the climate variability of
corresponding pixels (discussions on the temporal resolutions of the climate variables can
be found in Section 5.1). Compared with NDVI data, climate data are much coarser in terms
of spatial resolution, which means that several pixels share identical climate variability.
In this case, the difference of the pixels is reflected on the difference in its NDVI time series.
As many studies suggest, there exists a time lag (up to months) of the NDVI’s responses to
climate variables. Therefore, we perform the NDVI prediction by RBFN on a yearly basis.
The time-lag effects are expected to be learned by the RBFN model inherently. The RBFN
model predicts NDVI time series for a given pixel in a target year, and these predictions
are used as background NDVI time series for the following procedures. The prediction
accuracy determines the precision of the gap-filling method.
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Figure 3. The structure of radial basis function networks (RBFNs) and the input and output nodes.

An RBFN is typically composed of 3 layers (as Figure 3 shows): an input layer, a hidden
layer with an RBF activation function, and a linear output layer. In this study, the input
vectors (x) are composed of 58 nodes: the NDVI time series in year-1 (46 nodes) and the
differences in TEM, PRE, and SSRD between year TS-1 and year TS-2 (4 nodes of each
climate variable). The output variables are the NDVI time series in year TS-2 (46 nodes).
Hidden nodes (ci ), which have the same structure as the input vector x, were chosen
from the training set. The RBF activation functions in each hidden node quantifying the
“distance” between an input vector x and the center ci are formulated as follows:


RBF ( x, ci ) = exp −γk x − ci k2
(3)
where γ controls the radius of the function.
Then, the output of the network (i.e., the predicted NDVI time series) can be expressed
as a weighted sum of hidden nodes, as follows:
N

h( x ) = ∑ ωi × RBF ( x, ci )

(4)

i =1

where N is the number of hidden nodes and ωi is the weight linking the hidden layer and
the output layer.
The center vector ci , weight ωi , and γ are determined in the training process. The first
step is to select proper centers from the training set. The number of centers and the value
of γ are usually determined by cross-validation. The second step is to calculate the weights
ωi to minimize the objective function:
M

K (ωi ) = ∑ (yn − h( xn , ωi ))2

(5)

n =1

where yn is the true time series in the training set.
The training of the RBFN was performed for every vegetation type separately. The number of nodes in the hidden layer and the parameter γ of the RBF need to be chosen carefully [50]. The inclusion of many hidden nodes allows for the acquisition of more accurate
results but also takes more time due to the increased network size. The parameter γ controls the distance between the input and centers. A large γ means that the output would
be closer to a specific center in the hidden layer, and a small γ would lead the output
being close to the average of some centers in the hidden layer. In this paper, the number
of hidden nodes and γ are set to 500 and 0.5, respectively, after a cross validation under
different parameter combinations.
K-means clustering is applied to the training set, and the clustering centers are used
as hidden nodes in the RBFN. PCA (principle component analysis) is used to reduce the
processing time of the K-means clustering.
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The training of the RBFN could be expressed in a matrix form as follows:
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where M is the size of the training set, gij = RBF x j , ci are the outputs of the hidden
nodes, and we can acquire the weights through the ordinary least square method below.
w = gT g

 −1

gT y

(7)

3.2.2. Generation of the Sample Set for the RBFN Model
The sample set is collected for each vegetation type from the NDVI-climate dataset
generated in Section 3.1 and is used for training and testing of the RBFN model. Two aspects
are considered in the extraction of the sample set: (1) the samples are distributed as
evenly as possible in time and space to account for different patterns in the study region.
(2) The NDVI time series in the samples are less affected by gaps, and the NDVI trajectory
can be reconstructed correctly by traditional methods.
The sample set was extracted from every set of two adjacent years. The study region
(5000 × 5000 pixels) was evenly split into several blocks (100 × 100 pixels) in space, and the
sample set extraction was performed in each block and each vegetation type separately.
Two criteria were used in this extraction: (1) quality threshold (which ensures that the
NDVI trajectories can be correctly reconstructed), where the overall gap percentages (GP)
for the two years are below 50% (<23), and the max continuous gap lengths (GL) are less
than 32 days (<4), and (2) statistical threshold (which ensures that samples with the best
observation quality are extracted), where the lowest 10th percentile of the GP and GL of
each block are used. Then, the minimum of the quality and statistical thresholds are set as
the final selection thresholds:
GPeval = min( GP10% , 23)

(8)

GLeval = min( GL10% , 4)

(9)

Hence, the extraction of the training set is performed with the following procedures.
(1) Calculate the gap percentage and maximum continuous gap length of each pixel
in adjacent years. (2) Evenly divide the region into several blocks (100 × 100 pixels).
(3) Calculate the lowest 10th percentile of the gap fraction and the length of maximum
continuous gaps (GP10% and GL10% ) over each block. (4) Pixels that meet the selection
criterion, i.e., GP ≤ GPeval and GL ≤ GLeval , are extracted to the sample set. Finally,
HANTS is applied to the extracted samples to obtain a gap-free NDVI time series. Table 1
shows the size of the sample set of each vegetation type. For each vegetation type, 75% of
the sample set is used for training and the other 25% is used for testing.
Table 1. Size of the sample set of each vegetation types.
Vegetation Type

Sample Sizes

Grass
Crop
Deciduous forest
Evergreen forest
Shrub

544,146
455,939
496,075
140,115
56,635
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3.2.3. Prediction and Postprocessing
We chose to fill the gaps backwards in time as the data quality is better in more recent
years. Thus, the NDVI time series in the target year is predicted by the trained RBFN model
with the NDVI time series of its following year and the corresponding climate variability
data. A seamless NDVI time series in the study region is needed to start the prediction.
The average of the year from 2014 to 2018 is calculated and serves as the initial condition.
Then, the predictions are recursively performed starting from 2018 to 1986. The predicted
NDVI time series can deviate from real observed data due to the accuracy of the RBFN
model. Thus, an adjustment (postprocessing) to the predicted time series is needed to
match the observed data. Over each year, the raw NDVI observations are used to adjust the
amplitude of the predicted NDVI time series in a piecewise way. Referring to CACAO [17],
the adjustment procedures are as follows. (1) Split the predicted time series into several
parts with local extreme points. Each part is extended by 2 points to ensure the integrity of
the adjusted results. (2) For each part, a scale coefficient, k, is calculated to minimize the
bias between the adjusted NDVI and observed NDVI values, as follows:
NDV Irec = NDV I pred × k

(10)

where NDV I pred is the predicted NDVI time series from the RBFN model and NDV Irec
is the final reconstructed NDVI time series after the adjustment. The term k provides the
scale coefficient for each NDVI value in the time series. We can calculate the coefficient k
for each part by applying least square regression to available observed NDVI, as follows:
k=

i
i
× NDV Ire
∑ NDV I pred
f
i
i
× NDV I pred
∑ NDV I pred

(11)

i is the ith observed reference NDVI value in the time series and NDV I i
where NDV Ire
f
pred
is the corresponding predicted NDVI.
NDVI values below 0.1 are deemed snow contamination, which is masked in the
adjustment. Unreasonable adjusted results are rejected (e.g., reconstructed NDVI values
exceed 1, and mean bias values between the reconstructed and observed values are larger
than 0.1 except for in the evergreen forest).

3.3. Evaluation Approach
3.3.1. Comparison with Other Time Series Reconstruction Methods
Three widely used time series reconstruction methods (HANTS, SG filter, and climatology) were implemented for the comparison and evaluation in this study. The HANTS
method uses the sum of harmonics to fit the observed NDVI time series. The number of
harmonics was set to 4, as suggested in [51]. The SG filter uses polynomials to fit the upper
envelope of a NDVI time series in moving windows. The polynomial order and window
width were set to 4 and 13, respectively, as suggested in a previous paper [9]. Climatology
(averaged over multiple years) is also implemented in the comparison of long time series
reconstructions (Section 4.4.2).
The evaluation in this study focused on gap-filling performance. The performances
of the methods were evaluated using NDVI time series with simulated gaps and real
gaps. Two kinds of gaps were considered: random gaps (with different gap percentages)
and continuous gaps (with different gap lengths). For the simulated gaps, a portion of
the time series in the sample set was extracted as a reference NDVI time series and then
added with various simulated gaps to evaluate the gap-filling performance. For real gaps,
the performance was evaluated in the image extent using Sentinel-2 images (introduced
in Section 2.2) as a reference and in the long time series using real observation data as a
reference separately.
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3.3.2. Evaluation Metrics
The root mean squared error (RMSE) and mean absolute error (MAE) quantify the
accuracy of reconstructed NDVI values:

RMSE( NDV I ) =

v
u

2
nj
j
j
u N
t ∑ j=1 ∑t=1 NDV Irec (t) − NDV Iref (t)
N
nj

MAE( NDV I ) =
j

j

j

∑N
j=1 ∑t=1 NDV Irec ( t ) − NDV Iref ( t )
∑N
j =1 n j

(12)

(13)

j

where NDV Irec (t) and NDV Iref (t) are the reconstructed and reference NDVI values for
date t and pixel j, n j is the number of points in a time series (46 for an 8-day time series in
this paper), and N is the total number of pixels in an image.
Different reconstruction methods may fail under different circumstances. We used
the reconstruction index (RI) to express the ratio of the number of pixels successfully
reconstructed to the number of total processed pixels. The reconstructed values that are
not within a reasonable range (−0.2–1 in this study) are deemed failed pixels. The RI is
calculated as follows:
s
RI = N
(14)
Nt
where Ns and Nt represent the number of successfully reconstructed pixels and the total
number of processed pixels, respectively.
4. Results
4.1. Theoretical Performance of RBFN-Based NDVI Prediction Model
The prediction accuracy of the RBFN model was evaluated using the extracted sample
set. Figure 4 shows the scatter plot between the predicted NDVI values and the reference
NDVI values for different vegetation types. The results indicate that the RBFN model
achieved a high prediction accuracy for different vegetation types in the study region.
The regression lines of each vegetation type are close to the 1:1 line and have r2 values
over 0.95, indicating that the predicted NDVI values are well correlated with the true
NDVI. For the grass, shrub, and deciduous forest vegetation types, the RBFN has a better
prediction performance with MAE and RMSE values of approximately 0.023 and 0.03,
respectively. In addition, the dispersion does not change much with an increasing NDVI
value. The MAE and RMSE of the crop and evergreen forest vegetation types, for which
the growth processes are less constrained by the climate variables, are slightly higher
(approximately 0.03 and 0.04, respectively). The results demonstrate that the RBFN model
can accurately predict the NDVI time series for different vegetation types.

Figure 4. Cont.
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Figure 4. The accuracy of the radial basis function network (RBFN)-based NDVI prediction model over different vegetation
types: a brighter color (yellow) denotes a higher point density, and a darker color (deep blue) denotes a lower point density.

4.2. The Gap Patterns of Raw Composited Landsat NDVI Maps
The gaps in the raw composited NDVI map result from multiple factors. Figure 5
shows the distributions of gap percentage and maximum continuous gap lengths in the
Qilian Mountain range region in 1995, 2005, and 2015. There exists evident differences in
the gap patterns among the 3 years because the number of Landsat satellites in orbit was
different in different years. There was only one satellite (Landsat-5) before the 2000s and
two satellites (Landsat-7 and Landsat-8) after the 2000s. The gap percentage decreased
with years in the study area. The average gap percentages were around 70%, 55%, and 40%
in 1995, 2005, and 2015, respectively. The gap percentages of 2005 and 2015 approximate
normal distributions. The distribution was skewed to a high gap percentage in 1995,
which indicates that large gaps existed in the data. The maximum continuous gap lengths
exhibited similar patterns to those of the gap percentages. The peak value in the distribution
decreases as the year increases. The peak values of max continuous gap lengths were
approximately 64, 48, and 32 days for 1995, 2005, and 2015, respectively. Figure 6 shows
the gap percentage map of the Qilian Mountain range region in 2015. It presents a banded
contexture of high (over 50%) and low (below 50%) gap percentages. The bands of low gap
fractions are formed because they are located in the overlapping parts of adjacent Landsat
image footprints. Mountainous areas commonly have higher gap fractions, as those regions
are more easily affected by clouds and snows. Figure 6 displays the raw NDVI time series at
two points. It is shown that the phenological trajectory of point a can be correctly depicted
by the observed NDVI. However, the observed data at point b are too sparse to represent
its phenological trajectory. Thus, it is possible to use effective information from pixels with
small gaps to reconstruct pixels with large gaps.

Figure 5. Gap patterns of raw Landsat NDVI time series in 1995, 2005, and 2015 separately.
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Figure 6. The fraction of gaps in composited Landsat 8-day NDVI time series from 2015 in the Qilian Mountain range region.

4.3. Quantitative Evaluation of Different Methods with Simulated Gaps
The performances of the different methods (HANTS, SG filter, and CGF) were evaluated using the NDVI time series with different gap percentages and different continuous
gap lengths added. First, gaps with different percentages were randomly added to the
NDVI time series. Then, the three methods were applied to generate the reconstructed
NDVI time series. The MAE and RMSE values were calculated with the reconstructed
values and reference values in gaps. As Figure 7 shows, the three methods showed similar
performances (MAE of approximately 0.035 and RMSE of approximately 0.042) when the
gap fraction was below 50%. The HANTS method performed slightly better than the
other methods when the gap percentage was small (<40%). As the gap fraction increased,
the accuracy of the HANTS and SG filter methods displayed an obvious declining trend.
When the gap fraction reached 80%, the traditional methods induced considerable biases
while the CGF method still worked with satisfying accuracy (MAE below 0.04 and RMSE
below 0.08). Then, continuous gaps were added, starting from the growing season, with
different lengths (10% to 50% of the whole time series). As shown in Figure 8, the methods
performed similarly when the gap length was small (10%). As the gap length increased,
the biases of the HANTS and SG filter methods increased rapidly. Large uncertainties in the
reconstructed time series were introduced with traditional methods when continuous gaps
(over 30%) existed during the growing season. The only stable method was the proposed
CGF method, which had a largest MAE of 0.05 and RMSE of 0.075 when the gap lengths
reached 50% of the total time series. Thus, the CGF method is suitable for the reconstruction
of Landsat NDVI, which is usually contaminated with obvious gaps (as shown in Figure 5).

Figure 7. The performance of the NDVI reconstruction model with different gap fractions (gap%).
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Figure 8. The performance of the NDVI reconstruction model with different consecutive gap lengths.

4.4. Quantitative Evaluation of Different Methods with Landsat Data
4.4.1. Comparison with Other Time Series Reconstruction Methods
We evaluated the performance of different methods in reconstructing Landsat NDVI
maps with contrasting gap patterns. Two kinds of gap patterns were considered: the real
gap patterns in 2017 (average gap percentage of 52.5%) and the gaps patterns in 1997
(average gap percentage of 69.2%). The NDVI maps in 2017 were firstly reconstructed
with the real gaps in 2017 (Figure 9a). Then, the pixels corresponding to gaps of 1997 were
removed. We reconstructed the new NDVI maps with the gap patterns in 1997 finally
(Figure 9b). Figure 9 shows a comparison between the reconstructed NDVI maps and
raw NDVI maps for DOY (day of year) 193 in 2017 under different gap conditions. The
Sentinel-2 NDVI map on that day was used as a reference. The non-vegetated area and
the clouds and shadows in the Sentinel-2 map are masked and are displayed in grey in
Figure 9. For the real gap patterns in 2017, the methods all performed well in the time
series reconstruction (MAE and RMSE of approximately 0.067 and 0.105, respectively).
The reconstructed NDVI maps exhibited consistent spatial patterns when compared to
the reference data. In general, the HANTS and SG filter methods performed slightly
better than the CGF method when the gap percentage was not large. The RI of HANTS
was relatively low (91.2%), and failures mainly occurred at the mountain edges. When
applying reconstruction with the gap patterns of 1997, the RIs of the HANTS and SG filter
methods significantly decreased, which means that a large proportion of pixels could not
be processed by the two methods, e.g., the HANTS and SG filter methods only processed
24.3% and 66.7% of the total pixels in this region, respectively. Furthermore, the RMSEs of
the HANTS and SG filter methods (0.206 and 0.153, respectively) are larger than the RMSE
of the CGF method (0.136), even for the successfully reconstructed pixels. Thus, the CGF
method is the only applicable method when dealing with the large gaps that widely exist
in Landsat NDVI maps before the 2000s.
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Figure 9. Comparison of reconstruction methods with Landsat observation data from 2017. (a) Reconstruction results in DOY (day of year) 193 in 2017 with actual gap patterns. (b) Reconstruction
results with gap patterns of Landsat composited NDVI in 1997.

4.4.2. Performance in Reconstructing Long-Term Landsat NDVI
Figure 10 shows a comparison of the reconstruction methods for long NDVI time
series of different vegetation types. The traditional reconstruction methods (HANTS and
SG filter) performed well, as expected, when the observed data were sufficient (usually in
the years after 2000). However, when the observed data were sparse in the time series, the
traditional methods usually failed or yielded unreasonable results. The HANTS method
failed when there were fewer than 7 observed data in a year and induced large errors
when the observed data were sparse, e.g., in 1992 for forest-1 and in 1987 for forest-2.
When key points were missing, the SG filter method introduced unrealistic phenology
trajectories due to its linear interpolation procedure (e.g., in 1993, as shown in Figure 10c).
The HANTS and SG filter methods are sensitive to undetected outliers when the available
observation data are sparse, e.g., in 1992 and 2007 for grass-1. Gaps in the key growth
periods lead to the traditional methods yielding false NDVI trajectories. A gap in the peak
region induced the loss of reconstructed growing seasons in the reconstruction results
of 1991, 1993, and 1995 for grass-1. The gaps in the growing period in 1987 for forest-1
and during the senescence period in 1988 for grass-1 led to unreasonable HANTS and
SG results. Thus, the traditional methods cannot correctly reconstruct the NDVI time
series when large gaps exist in the NDVI time series. The climatology method can produce
NDVI time series given large gaps. However, the results neglected annual changes in
vegetation growth, which is not in accordance with the actual situation (e.g., the year after
2013 for forest-2). The climatology method could yield unreasonable results when the
vegetation type changes over the years (for example, if grasslands transferred to bare soils
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or croplands). Comparably, the performance of the CGF method was more stable under
different circumstances. With the incorporation of climate variables, the CGF method
exploits the relationship between NDVI and climate variables that is generated from the
data itself. The reconstruction MAE is generally approximate 0.05 (except for that of the
evergreen forest), which demonstrates the effectiveness and accuracy of the proposed CGF
method in the reconstruction of long-term Landsat NDVI time series.

Figure 10. Cont.
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Figure 10. The performance of the NDVI prediction model over different vegetation types ((a–e) represent different samples
of different vegetation types) for long time series. Specific cases with significant difference in some years are highlighted for
each vegetation type.

5. Discussion
5.1. The Role of Climate Data and Comparison with Existing Methods
The vegetation growth in a specific region is constrained by its climatic conditions.
In this study, the difference in climate variables between adjacent years is used as a conditional parameter that helps to find similar patterns more accurately for the target pixel. The
role of climate data and the structure (compositing period) of the climate variables in the
RBFN prediction model are studied for different vegetation types. Five thousand samples
of each vegetation type were extracted from the sample set generated in Section 3.2.2. Then,
the RMSE was calculated for the prediction results from the RBFN models using different
climate data structures (i.e., without climate, 8-day, seasonal, and yearly). As Figure 11
shows, similar results were exhibited for all these vegetation types. The RBFN model predictions conducted without climate data, which resulted in higher RMSEs for all vegetation
types, significantly decreased the prediction accuracy. Comparatively, the models in which
the seasonal climate variables were incorporated achieved the best performance in different
vegetation types. More generalized climate data (e.g., yearly) may not be sufficient to
constrain vegetation changes, while a higher temporal frequency may be sensitive to bias
in climate variables. Thus, climate data improve the prediction accuracy of RBFN models,
and a seasonal structure is most effective in this task.

Figure 11. The influence of climate data in the RBFN model for different vegetation types.
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We compared the proposed CGF method with existing time series reconstruction
methods, including HANTS and SG filter, which only exploited the observation data in
the current year. For a pixel with sufficient observation data, the traditional methods
could generate high-quality continuous time series with lower risks. The CGF method
also used HANTS to reconstruct the time series in the extracted sample set to ensure
quality. For the raw Landsat NDVI maps, large gaps could not be neglected and directly
reconstructed by traditional methods, especially in the years before 2000. The major role
of the CGF method was using prior information generated from pixels with sufficient
high-quality observations to reconstruct the pixel presented with large gaps in the time
series. The CACAO approach was also designed to generate long time series records from
AVHRR data, using observations to adjust unified phenology trajectories [17]. However,
the phenological shifting parameter could not be correctly determined using Landsat
data in which large gaps were presented in the time series. Phenology variations were
accounted for by the RBFN model developed in this study. Land cover changes could
be evident at Landsat’s 30 m resolution, which conflicts with its assumption. The STSG
method was developed to resolve the continuous gaps in the MODIS NDVI time series data.
However, the low temporal frequency of high-resolution satellites limits the application of
this method for Landsat data [20]. Climatology neglects interannual variations in NDVI
time series. Land cover transitions also induce large errors in climatology. The CGF method
provides a proper approach to reconstructing long-term Landsat NDVI time series.
5.2. Uncertainties and Limitation in the CGF Method
Some uncertainties should be noted in the CGF method. The major component of the
CGF method involves using the RBFN model to predict the phenological trajectories of the
target year. Machine learning techniques (e.g., artificial neural networks) have been proven
to be efficient in predicting vegetation conditions as well as drought events [52]. RBFN
used in this paper searches similar patterns in the training set to generate the predicted
NDVI time series. Vuolo et al. [53] also used templates (time series of pixels characterized
by a high number of valid observations in the temporal dimension) to fill the gaps in the
time series of Landsat reflectance data. RBFN converts the search procedure of similar
templates to a forward networking structure and significantly decreases the computational
intensity in reconstruction. The climate data used in this paper also increase the searching
accuracy. Several factors could influence the prediction accuracy of the RBFN model.
First, due to the representativeness of the extracted training set, the training set should
ideally contain all different patterns of the specific vegetation types to ensure the fidelity of
the prediction results in most cases. In this study, the samples were extracted evenly in
space and time (Section 3.2.2) to ensure their representativeness of the study region. The
results verified the effectiveness of the model. However, in some regions, e.g., tropical
regions, sufficient and representative training sets cannot be generated due to frequent
clouds and rains. The effectiveness of the CGF method in these regions needs further
validation. Second, the centers in the RBFN model affect the prediction accuracy. A larger
number of centers theoretically increases the prediction accuracy but also increases the
processing time simultaneously. The parameters used in this study represent a tradeoff
between accuracy and time complexity. The parameter values are related to the diversity
of vegetation growth and the climatic conditions in the study region. Additionally, NDVI
changes caused by anthropogenic activities and extreme events, e.g., natural disasters and
forest fires, may not be captured in the RBFN model. The CGF method can only be used
to fill gaps for vegetation with normal growth. As the RBFN model uses climate data
to drive the prediction model, it is not encouraged to use the predicted NDVI in climate
change studies.
The 30 m land cover maps released for every five years are used in this study. The inclusion of land cover types increased the prediction accuracy. Misclassifications in the land
cover maps and transitions between years led to incorrect vegetation type specifications in
some pixels. If the RBFN model yields incorrect results, postprocessing attempts to decrease
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the deviation as much as possible. When evident errors still exist in the final reconstructed
time series, the consistency check detects these pixels and sets them as failures.
The CGF method uses the observed data to adjust the phenological trajectories predicted by the RBFN model. The predicted time series may present incorrect phenology
patterns in some cases, indicating that similar patterns do not exist in the training set. When
the difference is not significant, the adjustment could also generate acceptable results. However, when there are only a few observations, this adjustment could yield unrealistic values
due to the uncertainty in the observation points. In this case, the results are rejected by the
consistency check. Additionally, there is only a single growing season in this study region;
thus, the performance of the CGF method in reconstructing a complicated time series (e.g.,
time series of multi-season crops) needs more experiments for validation. The experiments
were performed in a region where vegetation growth is sensitive to the climate variables
(precipitation and temperature). However, in regions where climate variables cannot
constrain vegetation growth, the proposed CGF method may yield dissatisfactory results.
6. Conclusions
Gap filling is the most important issue in reconstructing NDVI time series from Landsat satellites. Due to the sparse revisit frequencies of high-resolution satellites, traditional
reconstruction approaches face the challenge of dealing with large gaps in raw NDVI time
series. In this paper, a climate-integrated gap-filling (CGF) method was proposed for the
reconstruction of the historical Landsat NDVI time series. The CGF model considers the
relationship of NDVI time series and climate conditions between two adjacent years. The
differences in climate variables, including downward solar shortwave radiation, precipitation, and temperature, calculated from the ERA-5 climate reanalysis dataset were used
to characterize the constrain factors of vegetation growth. Radial basis function networks
were used to link the interannual NDVI time series with the differences in the climate variables, i.e., the RBFN yielded the predicted NDVI time series of year 1 given the NDVI time
series of adjacent year 2 and the change in climate variables between the two years. Finally,
the observed data from year 1 were used to adjust the predicted NDVI time series to obtain
the final results. The experiments were performed in a heterogeneous region in the Qilian
Mountains. The results demonstrated that the proposed method can be used to accurately
reconstruct Landsat historical NDVI time series where vegetation growth is sensitive to
the climatic conditions. The CGF method shows comparable accuracy in reconstructing
time series with small gaps and outperforms existing time series reconstruction methods
(e.g., HANTS, SG filter, and climatology) in Landsat NDVI time series contaminated by
large gaps. The proposed method can also be used for other high-resolution satellites, e.g.,
the Sentinel-2 series and Chinese GaoFen-1/GaoFen-6 series.
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