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Abstract: Satellite-based Normalized Difference Vegetation Index (NDVI) time-series data are use-
ful for monitoring the changes of vegetation ecosystems in the context of global climate change.
However, there are currently no ideal NDVI datasets that reconcile long-term series with high spa-
tial resolution. Here, we have developed a simple and novel data downscaling algorithm based on
the coefficient of variation (CV) statistics, which combines the detailed spatial features of MODIS
data with the long-term temporal information of AVHRR data. The proposed data fusion method
helps generate a global monthly NDVI database that has a 250 m-resolution and covers the long
period of 1982-2018. We evaluated the accuracy of the fused data against MODIS NDVI using the
metrics of Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Pearson’s correlation
coefficients (R). Validation suggests a high performance of the downscaling algorithm and a high
accuracy of the new NDVI database. We further applied the downscaled data to monitor NDVI
changes of various vegetation types and in areas having high vegetation heterogeneity, and we ob-
tained stable results similar to MODIS data. The whole data downscaling and validation processes
were completed on the Google Earth Engine platform, and here we provide a code for users to easily
get the data for any part of the world. The downscaled global-scale NDVI time series has high po-
tential in monitoring the temporal and spatial dynamics of the terrestrial ecosystems under chang-
ing environments.

Keywords: downscaling; NDVI; MODIS; AVHRR; GEE

1. Introduction

Global climate change has had a significant impact on the biological, physical, and
chemical processes of terrestrial ecosystems around the world over the last half-century?2.
Terrestrial vegetation, as a key component of the global ecosystem, is particularly vulner-
able to climate change?. Satellite remote sensing has become an important tool for meas-
uring and monitoring the dynamics of large-scale terrestrial ecosystems due to its broad
coverage, high temporal and spatial precision, and consistency*. Satellite spectral vege-
tation indices (VI) are numerical markers of vegetation growth and biomass that might
help explain how plants evolves”. The photosynthetic potential (or greenness) of a vege-
tation canopy is represented by the satellite-derived Normalized Difference Vegetation
Index (NDVI) and higher NDVI scores usually indicate that the vegetation is more vigor-
ous. In the context of severe global climate changes?. It is critical to employ vegetation
indices to research the fluctuations and interactions between vegetation and the entire
globe using long-term satellite-observed data.

People began to launch a series of satellite sensors, such as the Landsat series, Ad-
vanced Very High-Resolution Radiometer (AVHRR), Moderate Resolution Imaging Spec-
troradiometer (MODIS), and others, in the 1970s and 2000s to record NDVI with spatial
resolution ranging from 30 m to 8 km'0!. However, almost every product has certain lim-
itations. Almost every product, however, has its limitations. The Terra and Aqua satellites
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orbit the earth every day, providing higher spatial resolution images, enhanced atmos-
pheric corrections, and a more precise geo-registration NDVI dataset for MODIS products,
but they only begin in 2000, making it impossible to study three or four decades of vege-
tation variations'>13. The AVHRR sensors onboard the National Oceanic and Atmospheric
Administration (NOAA) polar-orbiting satellite series can provide a constant long-term
dataset with the start date from 1981. However, the spatial resolution of the AVHRR sen-
sors is coarse and cannot capture the fine-scale features required for monitoring land
cover and ecosystem changes across heterogeneous areas'“.

Therefore, people have started to focus on how to develop methods to combine the
high spatial-resolution and long time-span NDVI data with composite multi-source satel-
lite data, and these methods can be divided into five categories: approaches based on
weight functions, unmixing, Bayesian, learning, and hybrid ways'". In the early period
when the number of high-resolution satellites was relatively small, the researchers gener-
ally used the linear mixture model to downscale the NDVI product'e. After the advent of
high-precision satellites in the 2000s, people began to combine data from many sensors
with varying resolutions to create products with high spatial and temporal resolution'.
Some researchers proposed a spatially and temporally adaptive reflection fusion model
(STARFM) to blend Landsat and MODIS data to predict daily surface reflectance at Land-
sat spatial resolution and MODIS temporal resolution, and the Enhanced STARFM based
on the STARFM (ESTARFM)$19. The Spatial-Temporal Adaptive Algorithm for Mapping
Reflectance Change (STAARCH) employed an algorithm capable of identifying the area
of change and the precise moment, as well as improving fusion accuracy by selecting data
at the best time?. Recently, machine learning and deep learning approaches have also
been used for NDVI data downscaling. For example, some researchers used an artificial
neural network (ANN) to map the NDVI indices from AVHRR to match and extend
MODIS NDVI data at 1° and other researchers propose a deep learning spatiotemporal
data fusion approach based on Very Deep Super-Resolution (VDSR) to fuse the NDVI
retrievals from Sentinel-2 and Landsat 8 images!%?'. However, a superior global NDVI da-
tabase that possesses both high spatial resolution and a long period has not been devel-
oped thus far, which hinders the detailed investigation of vegetation response to global
climate change.

To achieve the goal of the long-term and higher-resolution vegetation variations ob-
servations, we performed VlIs fusion and pay more attention to the MODIS NDVI and
AVHRR NDVI. MODIS NDVI product is considered to be the perfection of the AVHRR
NDVI database, which improves the spatial resolution and chlorophyll sensitivity, elimi-
nates the interference of atmospheric water vapor, reduces the radiometric calibration ge-
ometric distortion, and adjusts the synthesis method 22%. Many scholars have investigated
the distinction between these two items. They discovered that the trends of AVHRR NDVI
data were in good agreement with the trends of MODIS NDVI data overall, and that both
time-series data can effectively describe the growth dynamics of alpine grassland. Alt-
hough MODIS performed better than AVHRR, the discrepancies between them are
slight?*+26. Therefore, MODIS NDVI is consistent in time and space with AVHRR NDVI,
allowing for the mixing of MODIS high-resolution data with AVHRR low-resolution data
to provide continuous, long-term, and high-resolution NDVI datasets.

The GEE cloud platform is supported by Google's Cloud Infrastructure, a platform
developed by Google for online visual computing, analysis, and processing of a large
number of global-scale earth science data (especially satellite image data)?”8. The platform
provides a highly straightforward approach for users all over the world to either use
GEE's shared enormous quantity of data or uploads their own private data to the cloud
platform, where it would be preprocessed?. Preprocessed data will be stored in the pub-
lic data area and will be available for use at any time. Researchers can quickly broaden
the spatial and temporal scales of their study without the restriction of downloading data.
We chose GEE as our study platform since we aim to generate a dataset that spans over
40 years and downloading such large amounts of data would be difficult.
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Here we use the Google Earth Engine (GEE) platform to execute the downscaling
process, and thus all data can be easily downloaded from the GEE platform. It is a perfect
way of using the GEE platform to process long-term and large-scale data, and readers may
easily use the code and generate their own data. The major goal of this research is to de-
velop a GEE-based flexible, operable, and efficient NDVI downscaling approach. Two ob-
jectives are expected to be achieved:

1) Create a global-scale 250 m-resolution downscaled NDVI product and test its ac-
curacy; 2) Discuss the product's reliability and uncertainty at both local and global scales.

2. Materials and Methods
2.1. Materials
2.1.1. NDVI products

Firstly, we used the MODIS level 3 NDVI product (MOD13Q1 Version 6) from
NASA'’s Terra polar-orbiting sun-synchronous satellite (10:30 AM local time) with a re-
visit of 16 days and a spatial resolution of 250 meters from 2001 to 2018. MODIS NDVI
products are calculated based on atmospherically corrected bidirectional surface reflec-
tance and hidden by water, clouds, heavy aerosols, and cloud shadows 2.

The NOAA Climate Data Record (CDR) of AVHRR NDVI contains gridded daily
NDVI at a resolution of 0.05° (about 5 km) derived from the NOAA AVHRR Surface Re-
flectance product from 1981 to the present 3. In Version 5, incorrect data in the time, lati-
tude, and longitude variables have been corrected. Due to the sensor degrading beginning
in late 2018, striped images and the missing images have occurred in the southern hemi-
sphere. Thus, we used the AVAHRR NDVI from 1982 to 2018 as the whole downscaled
dataset period.

2.1.2. Landcover products

The auxiliary input data were the landcover maps from Copernicus, the MODIS
Fire_cci Burned Area pixel products, and the GAP land cover classification map. The Co-
pernicus Landcover maps are provided for the period 2015-2019 over the entire Globe
with a resolution of 100 meters and reached an accuracy of 80% at Levell overall years.
The fire product of version 5.1 is a monthly global ~250 m spatial resolution dataset con-
taining information on the burned area as well as ancillary data. The GAP landcover clas-
sification map in 2011 provided detailed vegetation types including the Conterminous
U.S., Alaska, Hawaii, and Puerto Rico. We have filtered the fire, farmland, and building
areas from the FireCCI51 map and the Copernicus landcover map before the downscaling
steps, which can help extract the areas of significant land cover change to avoid having
large uncertainty results.

All of these datasets are available on the Google Earth Engine platform, and can be
derived from: https://developers.google.com/earth-engine/datasets.

2.2. Downscaling method
2.2.1. Data pre-processing

Before the data downscaling, we collected all the burned areas from 2001 to 2018, as
well as the farmland and building areas from 2015 to 2019. We assume these areas have
abrupt NDVI changes and are not suitable for the proposed data downscaling algorithm.
Hence, we combined these pixels as a masking layer and screened out all these specific
areas from the NDVI dataset. Then, for each reserved pixel, we composited the MODIS
and AVHRR NDVI products as monthly time series using the Maximum Value Composite
(MVCQ) technique, i.e., extracting the pixel-wise maximum NDVI value among all the
available NDVI observations within each month. Then we resampled the AVHRR data to
250 m resolution using the bicubic spatial interpolation method. The MVC approach is
easy and often works well because most NDVI observation errors are negative due to the
obstructing effects of atmospheric layers and clouds®233.
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2.2.2. Downscaling algorithm

Since remote sensing data contain both temporal and spatial information, we
downscaled the NDVI data at these two scales®. Previous studies suggest that, in an an-
nual phenological cycle, combining the spatial characteristics of a single fine resolution
image and the temporal characteristics (phenology) of a time series of coarse resolution
images can yield NDVI images with high spatial and temporal resolution®3¢. In the light
of the above progress, here we seek for the spatial change information in the fine-resolu-
tion MODIS NDVI and the temporal change information in the long-term AVHRR NDVI
in the downscaling process.

(1) Changes at the spatial scale

First, we needed to know how these two NDVI products differed in terms of feature
spatial variations. To illustrate the diverse changing information in space, we used the
monthly coefficient of variation (CV) in each pixel. The AVHRR products were divided
into two portions, one matched to MODIS data from 2001 to 2018, and the other from 1982
to 2000. MODIS CV has a higher value than AVHRR CV in general because MODIS CV
has more detailed spatial changing information. For example, while downscaling the
coarse-resolution AVHRR data, the NDVI change degree should be increased for pixels
containing a variety of vegetation with clear seasonal NDVI dynamics. However, pixels
with a high proportion of bare soil or buildings only exhibit minimal NDVI variations
over time, resulting in compressed NDVI variability. Hence, we corrected the dimensional
difference between MODIS and AVHRR products at each pixel using the Ry, » ratio.

We expressed the change degree of NDVI variability for the various features between
the fine-resolution MODIS data and the coarse-resolution AVHRR data using the propor-
tional parameter Rcyy, , from 2001 to2018 (Eq.1).In addition, we used the proportional
parameter Rcyy,, between the pre-2001 AVHRR CV (1982-2000) and the post-2000
AVHRR CV (2001-2018) to represent the long-term AVHRR NDVI spatial changes with
dramatic changes in landcover between the two periods (Eq. 2).

Reysym = MODIS_CV /AVHRR_CVps, (1)
Revxyn = AVHRR_CVyyo /AVHRR CV,pos 2)

where MODIS_CV is the pixelwise monthly coefficient of variation (CV) of the MODIS
NDVI (2001-2018), and AVHRR_CV,,,, and AVHRR_CV,,s are the pixelwise monthly CV
of the AVHRR NDVI for 1982-2000 and 2001-2018, respectively.

(2) Changes at the temporal scale

The per-pixel monthly NDVImedian from 2001 to 2018 was calculated as the baseline
value in MODIS and AVHRR NDVI products. Then, for each month of the time series, we
compared each monthly AVHRR NDVI value to the baseline median of that month to
determine the change degree. To define the temporal change, we employ the parameter
K, y,t, which can capture the temporal information in the coarse resolution AVHRR NDVI
data at the time scale (Eq. 3).

Kx,y,t = (NDVIL,x,y,t - NDVIL,x,y,bl) / NDVIL,x,y,bl (3)

where NDVI, ., . is the pixelwise monthly AVHRR NDVI in the entire time series, and
NDVI, ., p is the baseline median NDVI in different months during the period of
2001-2018.

(3) Bringing together data on both spatial and temporal changes

The final phase of downscaling combined the AVHRR product's long-term temporal
information with the MODIS product's fine-scale spatial information (Eq. 4, 5). The corre-
sponding monthly MODIS NDVI median was the fine-scale background NDVI at each
pixel. We multiplied the high-resolution baseline NDVI with the modifying parameters
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of Kyy¢, and Reyyym, and then added them to the baseline NDVI to reflect relative
changes in both temporal and spatial scales from 2001 to 2018. For periods before 2000
where MODSI data was not available, we multiplied by an additional factor Reyyyn to
account for the temporal variations of AVHRR data. Finally, we can get the downscaled
data using the formulas:

NDVIH,x,y,t = NDVIH,x,y,bl X (1 + Kx,y,t X RCVx,y,m) + € xyt 4)
NDVIH,x,y,t = NDVIH,x,y,bl X (1 + Kx,y,t X RCVx,y,m X RCVx,y,n) + gx,y,t (5)

where NDVIy ., . is the downscaled high-resolution NDVI, NDVIy , , ,,; is the monthly
median MODIS NDVI (baseline NDVI), and &, is the random error generated in the
downscaling process.

2.2.3. Error validation

(1) GEE Implementation in a regional area

To begin, we wanted to test the method in a regional setting, thus we chose the Idaho
state, in the northwest United States, as a case study location to demonstrate the NDVI
downscaling technique due to its diversified geography and range of vegetation types.
(Fig. 1Error! Reference source not found.). We utilize the topographic diversity (D) as a
metric to describe the range of temperature and moisture conditions that species can en-
counter in their local habitats (Fig. 1b) . The D value of most places is approaching 1.0,
indicating that Idaho has a wide range of topo-climate environments and a great diversity
of plants. Idaho's landscape can be divided into three regions: 1) the northern narrow strip
and the mountainous parts, which are rich in timber; 2) the Snake River Plain, which runs
through the state and is the state's main agricultural sector; and 3) the southern mountain-
ous region.
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Figure 1. (a) Base map of the contiguous United States with state borders in black and a red polygon
to indicate the location of the Idaho state. (b) A topographic diversity map of the Idaho state from
the Global SRTM Topographic Diversity dataset.

(2) Evaluation Indices

We used three standard indices to validate the error between MODIS NDVI data and
the downscaled NDVI data, and we used a timeframe of around 60 months from 2014 to
2018 to avoid data overfitting®3. The evaluation indices are root mean square error
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(RMSE), mean absolute error (MAE), and Pearson's correlation coefficient (R) and were
calculated at the pixel level. RMSE is a commonly used measure of the difference between
values and represents the sample standard deviation of the difference between the pre-
dicted and observed values. As a result, it offers a comprehensive evaluation of recalcu-
lation, including data retrieval accuracy and precision. We provided the RMSE map and
calculated the mean for all pixels. MAE indicates the mean of the absolute error between
the predicted and observed values and the value is determined directly for residuals. We
calculated the MAE in each pixel and made the map. The Pearson’s correlation coefficient
Ris a frequently used metric for determining the degree of linear association between two
variables. As a result, the accuracy at the spatial scale was estimated using the Pearson’s
correlation coefficient between downscaled NDVI and MODIS NDVI at the pixel level.

(4) Validation of accuracy for various vegetation types

To evaluate the overall applicability of the downscaling technique at the global scale,
we chose 8 typical vegetation patches of about 100 km? in size from the world vegetation
map, and randomly selected one thousand pixels' NDVI values in both the MODIS and
the downscaled NDVI images for the validation period I to create linear fit lines. The veg-
etation types were derived from the Copernicus Landcover maps.

We assume high-resolution images can often provide more accurate spatial infor-
mation, and we examined the capabilities of the three NDVI data sets to investigate NDVI
variations in various vegetation types. We retrieved the median NDVI values for three
types of vegetation in each month from all pixels in their respective ranges between July
2014 and June 2015, which indicated the average levels of greenness for each vegetation
type. Then we analyzed the NDVI time series to see if these three sources of data could
accurately differentiate the three vegetation types.

The purpose of this study was to generate monthly downscaled NDVI from 1982 to
2018. The main strategy was to create a statistical temporal relationship from the low spa-
tial-resolution AVHRR NDVI and then input high-spatial-resolution data into the statis-
tical relationships to get the downscaled NDVI. These three main formulas were created
to develop the link between MODIS NDVI and AVHRR NDVI in step 3. To summarize,
the downscaling approach has four major steps as shown in Error! Reference source not
found.2, which were described as follows:

Landcover

1. FireCCI51

2. CGLS-LC100 Collection 3
3. USGS GAP CONUS 2011

NDVI
1. MOD13Q1
2. NOAA CDR AVHRR NDVI

iStep 1
:Data collection

|Step 2

'Step 3
INDVI downscaling

1
Step 4
‘Accuracy assessment

Filter fire, farmland and
building areas that having
land cover changes

(250-m resolution)
from 2001 to 2018

(5-km resolution) from
1982 to 2018

-~

Calculate that indicates
NDVI temporal changes

Calculate monthly
median and CV of
NDVI time series

Calculate that indicates

MNDVI spatial changes

Compare the downscaled
NDVI and MODIS NDVI
products from 2014 to 2018

Temporal and spatial
variations of NDVI

|

— Greenness dynamics for
different vegetation types

Figure 2. Processes of the downscaling approach.
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L During the data pre-processing step, we first collected the fire, agricultural, and
building regions as the mask, and then calculated the monthly MODIS NDVI, and
AVHRR NDVI data, which were then resampled to 250 m resolution to be consistent
with MODIS data.

2 We completed the entire downscaling process on the GEE platform, and we used the
proposed empirical formulas to capture the statistical relationship between AVHRR
NDVI and MODIS NDVI and merged the temporal and spatial information in them.

3. A rigorous accuracy assessment was conducted to validate the performance of the
downscaling algorithm for different vegetation types and at both the regional and
global scales.

3. Results
3.1. Validation at the regional scale

There were some examples of visual comparisons of the downscaled and the stand-
ard MODIS NDVI, and we presented areas encompassing the entire state of Idaho as well
as randomly selected smaller locations in Fig.3. Since the growing season offers more in-
formation about vegetation changes, we chose three downscaled NDVI images for the
growing season (i.e., May, July, and September) in 2016 to compare to the MODIS NDVI
product. First, we carried out a comparison examination of the entire region, indicating
the general difference between the two products was modest and the NDVI value distri-
bution ranges were consistent with some subtle deviations in the spatial distribution of
NDVI in some spots. Then, when we examined the dynamic changes in the vegetation
growing season from May to September, we found that the greenness differences were
noticeable from spring to autumn.

Then, we chose three small portions (P1-P3 in Fig. 3) around 30 km? in the vegetation-
rich area to assess the accuracy of the downscaled outputs. Please note that the areas in
patch 1 and 2 (P1, P2) were mainly dominated by evergreen needle leaves, and the area in
patch 3 (P3) was mainly grass. Some slight discrepancies between the MODIS NDVI and
the downscaled NDVI could be seen in these three small vegetation patches. However,
the seasonal greenness dynamics between the two products were quite similar over time,
with all of the inaccuracies being minor at the three vegetation patches (Fig. 3).
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Figure 3. Comparisons of NDVI between the downscaled and MODIS datasets for the Idaho state
and at three selected vegetation patch areas in May (a), July (b), and September (c) in 2016.

The means of the three error indices in Idaho were then determined, and the results
are displayed below in Table 1. We obtained the mean value from all pixels in each loca-
tion; in particular, for the calculation of Pearson's R? in Idaho, we randomly picked 1000
points about 1000 times to obtain the mean due to the large number of pixels in the entire
state. The overall MAE, RMSE, and R? are 0.039, 0.055, and 0.86 respectively, all showing
acceptable accuracy of the downscaled NDVI products. The biggest MAE and RMSE are
less than 0.1, while the lowest R? is greater than 0.5, indicating that the downscaling algo-
rithm worked effectively in Idaho.


https://doi.org/10.20944/preprints202205.0367.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 May 2022 doi:10.20944/preprints202205.0367.v1

Table 1. Error statistics for the comparison between downscaled NDVI and MODIS NDVI in Idaho.
The NDVI images are shown in Fig. 3.

Time/Location MAE RMSE R?
201605 Idaho 0.047 0.069 0.923
201607 Idaho 0.033 0.052 0.949
201609 Idaho 0.052 0.076 0.858

201605-P1 0.062 0.097 0.759
201607-P1 0.015 0.020 0.866
201609-P1 0.016 0.023 0.882
201605-P2 0.061 0.077 0.856
201607-P2 0.035 0.045 0.897
201609-P2 0.034 0.046 0.676
201605-P3 0.053 0.071 0.903
201607-P3 0.030 0.041 0.895
201609-P3 0.034 0.048 0.860

Mean 0.039 0.055 0.860

At each pixel of Idaho, we tested all the three error indices of the downscaled NDVI
dataset against the simultaneous MODIS NDVI, which reflected the errors produced by
the downscaling procedure 194. The validation maps of the RMSE, MAE, Pearson-r and
RGB composite maps of these three indicators are shown in Figure 4. The RMSEs and
MAEs are low, mostly ranging between 0 to 0.2 (Fig. 4a, b), and the correlation r values
are high, ranging mostly from 0.7 to 1 (Fig. 4c), implying that the downscaled NDVI errors
are minor. The blue pixels in the RGB composite error map indicate that the downscaling
technique is highly accurate (i.e., low RMSE, MAE, and high Pearson-r), whereas the yel-
low pixels show areas with proportionally more errors (i.e., higher RMSE, MAE, and
lower Pearson-r), and the black pixels indicate that the values of the three indices are all
small, indicating that the original data is lost. (Fig. 5d)*'. The majority of Idaho are in blue
and a few black pixels refer to filtered crops. Besides, some yellow pixels are mainly in the
north, where the landscape is more undulating with a lot of forests, and therefore these
places have relatively more uncertainty in the NDVI downscaling.
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Figure 4. Spatial variation of the goodness of fit indices. (a) RMSE, (b) MAE, (c) Pearson (r), and (d)
RGB composite image of the three metrics (Red: RMSE, Green: MAE, and Blue: Pearson-r). Blue
colors in the panel (d) refer to areas having high accuracy with low RMSE and MAE, and high Pear-
son (r), yellow colors suggest decreased accuracy with higher RMSE and MAE and lower Pearson
(r), and black colors indicate areas having few vegetation covers and showing low RMSE, MAE, and
Pearson (r) 4.

3.2. Validation at the global scale

In addition to the regional-scale study, we also performed the NDVI data downscal-
ing on a global scale using GEE. Then we further expanded the validation to the entire
globe and evaluated the uncertainties of the data fusion algorithm for every pixel over the
world (Fig. 5). Validation suggests that the majority of RMSE and MAE values fall be-
tween 0 and 0.1, according to the first observation (Fig. 5a & b). Second, the majority of
Pearson-r values are reasonably high and greater than 0.6, except for the tropics around
the equator, arid deserts, wastelands in Asia and Africa, and scant vegetation wilderness
in Australia (Fig. 5¢).

The accuracy analysis was the same as for the Idaho error index maps; however, the
RGB map in Fig. 5d, which combined the three error indices, provided more evident error
information. As explained above, the different colors in the RGB composite error map
reflect different levels of precision, so we focused on the black and yellow pixels.

First, we noticed that the black areas were typically found in sparsely vegetated ar-
eas, such as the central and eastern Asian desert regions and the Australian inland desert
belts. Second, we saw that yellow pixels were concentrated in the tropics, indicating big-
ger inaccuracies, which may be explained by the following two reasons. The first is related
to a shift in land cover over the studied period. Several studies have shown that many
forests in Southeast Asia and South America are shrinking and being reclaimed as farm-
land since 2000, and frequent fires also cause forest loss, which implies that spatial
changes are highly abrupt, and the sorts of ground objects change significantly 4. An-
other reason is that the vegetation covers are dense in these areas, so NDVI is easily satu-
rated and cannot distinguish more seasonal changes in vegetation greenness. Indeed,
NDVI time series have been revealed to have strong data noise in the tropics, which could
be caused by sub-pixel cloud contamination and a failure in the cloud filtering process
44, Furthermore, some places of high altitudes and latitudes have larger RMSE and MAE
and lower Pearson-r (yellow in Fig. 5d), likely owing to a high frequency of cloud and
snow, which impedes satellite observations 4.

Overall, all the three goodness of fit indicators (RMSE, MAE, and Pearson-r) suggest
that the downscaling algorithm performs well (blue in Fig. 5d) in most parts of the world.
As aresult, using the proposed NDVI product for ecological applications at various scales
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should be safe. When running the code in areas with prolonged cloudiness and snow, as
well as areas with dense rainforest or sparse vegetation, researchers should pay more at-
tention to the uncertainties and errors of the approach, and strict validation is needed
before applying the downscaled NDVI products.
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Figure 5. Same as Fig. 4, but for the whole world.
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3.3. Validation for different vegetation types

3.3.1. Comparison of downscaled and MODIS NDVI datasets for global major vegetation

types

We used the Copernicus Global Land Cover dataset to obtain a global vegetation type
map and then selected different representative vegetation types across continents to com-
pare MODIS NDVI and the downscaled NDVI. The validation was carried out at 8 verifi-
cation areas including many vegetation types with an area of approximately 100 km?
around the world (Fig. 6). The main vegetation types were coniferous forest, broad-leaved
forest, grassland, and tropical shrub.

We investigated the accuracy of the downscaled NDVI in applying to different veg-
etation types in two ways: (1) To demonstrate the capability of the downscaled data in
synchronously capturing the seasonal greenness dynamics, we calculated and compared
the monthly NDVI median time series derived from the two products from 2014 to 2018
(Fig. 7); (2) To assess the overall performance of the downscaled data in accurately demon-
strating the NDVI spatial changes, we randomly selected 1000 pixels' NDVI values in both
MODIS and the downscaled images for every month from 2014 to 2018 to make linear fit
lines (Fig. 8) .

109°W SOI’W 0° 50[°E 10(|J°E 15(|)°E
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150°S

T
150°W
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Figure 6. Locations of the eight selected verification areas that have eight representative vegetation
types. (A) Siberia Evergreen Needleleaf Forests, (B) Asian Evergreen Broadleaf Forests, (C) North
American Evergreen Needleleaf Forests, (D) North American Deciduous Broadleaf Forests, (E)
Mongolian Steppe, (F) Australian Savanna, (G) African Shrub, (H) South American Tropical Shrub.

Since terrestrial vegetation has such a large impact on the carbon cycle, energy ex-
change, and water balance of terrestrial ecosystems, studying the global and regional veg-
etation dynamics of NDVI on an annual and seasonal basis is critical*’#5. Here, to make a
temporal comparison, we chose the validation period from 2014 to 2018 and retrieved the
monthly median as the basic level. Figure 7 depicted the eight types of vegetation changes
through time, with the green lines representing the MODIS NDVI and the red lines rep-
resenting the downscaled NDVI. We could observe that the two lines were consistent
overall. However, there were some noticeable biases between the two in 2015 and 2018 for
some vegetation patches (e.g., Australian Savanna and African Shrub, Fig. 7f & 7g), indi-
cating that there may be some disturbance factors affecting vegetation greenness, such as
drought, fire, and so on®.
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Figure 7. The long-term dynamic changes comparison between the downscaled and MODIS NDVI
for different vegetation types. Comparison of NDVI for (a) Siberia Evergreen Needleleaf Forests, (b)
Asian Evergreen Broadleaf Forests, (c) North American Evergreen Needleleaf Forests, (d) North
American Deciduous Broadleaf Forests, (€) Mongolian Steppe, (f) Australian Savanna, (g) African
Shrub, (h) South American Tropical Shrub.

Figure 8 depicts the linear fitting lines of the downscaled versus MODIS NDVI for
the representative regions and vegetation types around the world. The fuchsia-point con-
centrated areas highlighted where the majority of the NDVI values in each type of vege-
tation were in the plots, as well as how lush each vegetation community was. The most
intensive range of grassland NDVI values, for example, was approximately 0 to 0.4 (Fig.
8e & 8f), while the range of the forest was around the upper limit of NDVI (0.8~1.0) (Fig.
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8a-d). To make this comparison, we randomly sampled 1000 pixels while considering both
the geographical and temporal changes; hence, the results should be reliable. The
downscaled NDVI data matched well with the MODIS NDVI with reasonably high R?
values (0.7~0.9). At the same time, the verifications suggest that the downscaled product
can well capture the fine-scale NDVI dynamics and universal vegetation features.

As described above, the comparison and verification were carried out in time and
space based on the NDVI seasonal time series and random sampling points across typical
vegetation types over the globe. We might fairly infer that the downscaled NDVI product,
which achieved both high resolution (250 m) and a long time-frame (1982-2018), could be
utilized as a good greenness indicator for monitoring much of the world's vegetation com-

munities.
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Figure 8. The correlation verification between the downscaled and MODIS NDVI for different veg-
etation types. The vegetation types (a-h) are same as those in Figure 7.

3.3.2. Comparison of the three NDVI datasets for areas with mixed vegetation types

We further compared the performance of the three NDVI datasets (MODIS,
downscaled, and AVHRR) for areas with mixed vegetation types. This helps determine
the discriminating capability of the NDVI products. The GAP/LANDFIRE National Ter-
restrial Ecosystems database contains more detailed vegetation and land cover classifica-
tions, allowing us to delineate the extent of three major vegetation types in Idaho: the
Northern Rocky Mountain Dry-Mesic Montane Mixed Conifer Forest (MCF), the North-
ern Rocky Mountain Lower Montane, Foothill and Valley Grassland (GL), and the North-
ern Rocky Mountain Montane-Foothill Deciduous Shrubland (DS) %.

We found that the higher spatial resolution of the standard MODIS NDVI and the
downscaled NDVI products both showed better performance than the AVHRR product
in discriminating forest from other vegetation types, as suggested by the more visible
curve differences between different vegetation types for the former two datasets (Fig. 9a
& 9b). As GL and DS have similar features, the differences were not generally apparent;
however, MODIS and the downscaled NDVI still exhibit bigger differences than AVHRR
NDVLI. In general, the downscaled and MODIS NDVI products with higher spatial reso-
lution can both accurately recognize greenness dynamics of different vegetation types,
and their performance is similar. The AVHRR product displays a poor performance in
applying to mixed-vegetation areas, which might be caused by its lower spatial resolution
and failure in characterizing vegetation changes for heterogeneous regions.
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Figure 9. Performance comparison of the three NDVI datasets for distinguishing different vegeta-
tion types in the Idaho state. (a) mixed conifer forest (MCF) versus grassland (GL), (b) mixed conifer
forest (MCF) versus deciduous shrubland (DS), and (c) grassland (GL) versus deciduous shrubland
(DS). Each point represents the NDVI estimates from the MODIS, downscaled (NDVID), or AVHRR
NDVI datasets for every month from one site.

4. Discussion
4.1. Value of the downscaled NDVI product

Satellite-based vegetation indices (VIs) have made a great contribution to the global
to regional scale monitoring of terrestrial ecosystem dynamics. Many studies have re-
vealed that over 25% to 50% of the global vegetated area displays a significant greening
trend as a response to the rapid global environmental change, e.g., CO:2 fertilization, ni-
trogen deposition, climate change, and land cover change (LCC) etc.5 52 However, some
recent studies suggest that the interannual variability of vegetation greenness has signifi-
cantly increased over time®, and widespread greening-to-browning reversals are hidden
in the overall vegetation greening54%%. Nearly all of these important studies relied on the
long-term but coarse resolution AVHRR time series, or the fine resolution but short-term
MODIS product. The drawback in the vegetation database hinders accurate estimation of
the plant activity under a changing climate. The inferior data might play a role in causing
contradictory conclusions regarding the vegetation greenness trends in the literature.
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Here in this paper, we proposed a novel data fusion approach which shows good
performance in downscaling the coarse-resolution AVHRR NDVI (~5 km) to the MODIS
resolution (250 m). The downscaled long-term (1982-2018) and high resolution (250 m)
global NDVI database has a high potential in accurately depicting the dynamics of trends,
variability, and seasonality in greenness of different vegetation communities at both
global and regional scales, and it is particularly useful in the mixed-vegetation areas.

4.2. Potential causes of discrepancies among different products

To test the accuracy of the downscaled NDVI product, we conducted rigorous vali-
dation of the product against the standard MODIS NDVI database at both the regional
and global scales, and for different vegetation types. All the validation suggests high ac-
curacy of the downscaled NDVI product and the data fusion algorithm. The majority of
RMSE and MAE values fall between 0 and 0.1 (Fig. 5a & b), and the Pearson-r values reach
> (.7 for all the typical vegetation types over the globe (Fig. 8). However, larger discrep-
ancies between the two products are evident over the sparse-vegetation areas, and the
equatorial belt (Fig. 5d).

The large error in the sparse-vegetation areas likely related to an inherent defect of
the algorithm. Since the downscaling approach relies on analyzing the difference in the
coefficient of variation (CV) between AVHRR and MODIS NDVI database, and thus a
slight change in the mean NDVI value for a sparse-vegetation area may lead to a big
change in CV. As a result, the algorithm will enlarge the difference between the two prod-
ucts and cause large bias in the downscaled product.

The high deviations of the downscaled product in the equatorial belt should be re-
lated to the shortcomings of NDVTI itself, i.e., NDVI is easy to reach its saturated status in
dense vegetated areas such as the tropical rainforest, which has been widely documented
in the literature*#5. EVI is a good alternative vegetation index other than NDVI, and it
appears to be superior in discriminating subtle differences in areas of high vegetation den-
sity, which can be attributed to the correction for atmospheric and background effects in
the EVI algorithm>”. However, EVI time series is only available since entering the MODIS
era, and its value is weakened by the short time span of the data, compared to NDVI da-
tabase that has accumulated observations for several decades.

4.3. Limitations of the downscaling algorithm

A major limitation of the downscaling algorithm is that it is not suitable for the areas
that has experienced dramatic land use/cover changes (LUCC), and thus we have re-
moved the areas showing abrupt NDVI changes before the analyses. One important as-
sumption of the proposed data fusion approach is that the vegetation type has not been
replaced or removed during the studied period. It means the variability of a vegetation
community in greenness did not change much or kept a relatively stable change.

However, a long-term and gradual change in CV has been considered by the
downscaling algorithm, as we have split the entire period to two portions (1982-2000 and
2001-2018), and an adjusting parameter (Rcyy, ») has been used to quantify the long-term
changes in CV of vegetation greenness (Eq. 2). Hence, the downscaled NDVI product
should be useful in capturing both the short-term dynamics and long-term trends in veg-
etation greenness, which reflects vegetation flourishing, deterioration, and restoration
due to climate change, drought, and competition etc.

LUCC has become an important phenomenon of the global environmental change,
which have attracted much attention of the worldwide researchers. LUCC can be induced
by both human activities and natural disturbance. On the one hand, human activities af-
fect vegetation cover in two directions: destruction and restoration. For example, China
has been conducting many large-scale ecological restoration projects (ERPs) for the past
two decades. At the same time, about 82 billion m?2 of farmland had been established in
the Southeast Asia's highlands, and a huge amount of former forest lands had been turned
into agriculture globally between 2001 and 20194%%. On the other hand, the global climate
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change has caused latitude and altitude changes in vegetation in boreal, temperate, and
tropical ecosystems through prolonged drought, extreme rainfall, and wildfirest0¢!. Thus,
it is of high significance to develop more robust data fusion techniques for satellite-based
vegetation indices, which is feasible for the areas experiencing dramatic LUCCs.

Another limitation of the study is that here we downscaled the AVHRR NDVI data-
base as monthly time series. The low temporal resolution is not appropriate for phenolog-
ical studies. The original AVHRR and MODIS datasets are daily time series. However,
frequent cloud obstructions induce a lot of data gaps or noises in the daily time series, and
thus the daily database is not reliable in monitoring the long-term dynamics and trends
of vegetation greenness. We composited the NDVI images as monthly time series using
the Maximum Value Composite (MVC) algorithm can largely reduce the uncertainties
due to the data quality. The monthly high-resolution NDVI database is particularly useful
in analyzing the fine-scale vegetation’s response to global climate change and drought.

In addition, we did not extend the time span of the downscaled NDVI product be-
yond 2018, since the AVHRR sensor has degraded since the late 2018, and the NOAA
AVHRR NDVI database display widespread data gaps in the southern hemisphere after
then®2. However, the major purpose of this study is to extend the MODIS resolution NDVI
database to the pre-2000 period. Besides, a 38-year and high resolution NDVI time series
should have many advantages than the 22-year MODIS NDVI product in analyzing the
long-term trends of the global vegetation dynamics.

5. Conclusion

GEE is used as the operation platform in this work to undertake a long-term and
global-scale data fusion of remotely sensed vegetation index data. The primary idea be-
hind our technique was to extract the fine-scale NDVI spatial information from the high-
resolution MODIS images, and then integrate it with the long-term NDVI temporal infor-
mation from the AVHRR database. Finally, we created a downscaled 250-m resolution
global NDVI dataset from 1982 to 2018, and the data quality was compared to the standard
MODIS NDVI products at both the regional and global scales. The RMSE and MAE are
less than 0.1 in most locations, and the Pearson's r is typically greater than 0.6, according
to the validation results. However, in locations having abrupt landcover changes, the
downscaled products may contain bigger biases. The good performance of the downscal-
ing algorithm likely suggests that the coefficient of variation (CV) could be a valuable
intermediary for combining the fine and coarse-resolution remote sensing data. The
downscaled global NDVI product offers a great potential for investigating the global plant
response to climate change and monitoring the fine-scale (250 m) and long-term (four dec-
ades) vegetation dynamics in facing to different environmental stress.
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