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Abstract

The Normalized Difference Vegetation Index (NDVI) is a fundamental metric for monitor-
ing terrestrial ecosystem dynamics and assessing ecological responses to climate change.
However, uncertainties persist across NDVI products, and a comprehensive assessment
of their consistency is lacking. This study conducts a multi-faceted evaluation of three
NDVI products, GIMMS V1.2 NDVI (NDVIsg,), PKU GIMMS NDVI (NDVL,,), and
MODIS NDVI (NDVI,,,4), to elucidate their performance across ecosystem applications.
Our analysis encompasses a comparative analysis of NDVI values, trends, sensitivity to
root-zone soil moisture (RSM), and performance in tracking photosynthesis benchmarked
against solar-induced chlorophyll fluorescence (SIF). Our results reveal that NDVI5,, de-
viates notably from NDVI,,, and NDVI,,oq4 over cold climates and Evergreen Broadleaf
Forest (EBF). Additionally, NDVIs, exhibits significant global browning, in contrast to
the significant greening observed for NDVIpy,, and NDVI,4. Although their responses
to RSM are generally uncertain, consistent positive responses appear in Drylands, with
NDVI,,,0q showing the highest sensitivity. Additionally, the three NDVI products have
high seasonality consistency with SIF, except over EBF, and NDVI,,, and NDVI;g, achieve
the highest and lowest overall anomaly consistency with SIF, respectively. Furthermore,
converting NDVIzg,, NDVIpy,, and NDVIy,o4 to the corresponding kernel NDVIs improves
seasonality consistency with SIF across 85% of the globe.

Keywords: Normalized Difference Vegetation Index; values; annual trends; responses to
soil moisture; vegetation activity representation

1. Introduction

As a foundational element of terrestrial ecosystems, vegetation is paramount to ecolog-
ical sustainability, playing a central role in regulating energy, water, and carbon exchanges
across the land-atmosphere system [1]. Satellite remote sensing has facilitated the de-
velopment of diverse vegetation indicators (e.g., Enhanced Vegetation Index (EVI), Leaf
Area Index (LAI), kernel NDVI (kNDVI), and solar-induced chlorophyll fluorescence (SIF))
for monitoring these critical processes. Among them, the NDVI remains one of the most
foundational and widely applied metrics for assessing vegetation dynamics across global
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scales. However, the proliferation of multi-source NDVI products, derived from differ-
ent sensors and platforms, has introduced significant inconsistencies. These divergences
thereby present a major challenge for remote sensing-based sustainability science.
NIR — red
NDVI = NIR + red’ (1)

The NDVI, calculated from the difference between Near-Infrared (NIR) and red reflectance
divided by their sum [2], provides a measure of vegetation canopy greenness [3]. Owing to its
ease of computation and operational effectiveness, the NDVI has found widespread applica-
tion across diverse domains, including vegetation—climate interactions [4,5], carbon and water
cycles [6,7], agriculture [8,9], land use/land cover mapping [6,10,11], and ecosystem produc-
tivity estimation [12,13]. These applications have significantly advanced our understanding of
ecosystem dynamics, the interplay between vegetation and environmental drivers, and the
anthropogenic impacts on natural ecosystems, particularly under climate change.

Currently available or commonly used NDVI datasets include Landsat NDVI, the third
generation Global Inventory Modeling and Mapping Studies (GIMMS) NDVI, SPOT VEGE-
TATION NDVI, PKU GIMMS NDVI, and Moderate Resolution Imaging Spectroradiometer
(MODIS) NDVI. Landsat NDVI, renowned for its high spatial resolution, is frequently uti-
lized for detailed regional analyses [14,15]. GIMMS NDVI offers long-term records that are
particularly suitable for studying vegetation dynamics and vegetation—climate interactions
on the global scale [16,17]. The recently updated V1.2 GIMMS NDVI extends its temporal
coverage to 1982-2022. Compared to GIMMS NDVI, SPOT NDVI and MODIS NDVI feature
higher spatiotemporal resolutions, with MODIS NDVI providing a continuous time series
that is regularly updated. The newly developed PKU GIMMS NDVI is also a long-term
NDVI dataset (1982-2022), integrating the characteristics of Landsat NDVI, GIMMS NDV]J,
and MODIS NDVI [18]. Considering their spatiotemporal resolutions, temporal coverage,
and update continuity, GIMMS NDVI, PKU GIMMS NDVI, and MODIS NDVI are more
suitable for large-scale applications, such as on the continental and global scales. Notably,
the newly released GIMMS NDVI and PKU GIMMS NDVI, with time spans exceeding
40 years, provide essential information on ecosystem vegetation, serving as valuable re-
sources for assessing the multi-faceted impacts of global warming on ecosystem structure
and function. Additionally, due to its excellent precision and temporal consistency, MODIS
NDVTI has widely been recognized as a high-quality global NDVI product over the past
two decades [18,19].

However, previous studies have identified differences among these NDVI products
in terms of values [20,21], trends [19,22], and responses to water stress factors [4]. These
discrepancies have led to inconsistent, and occasionally conflicting, findings across studies
employing different NDVI datasets. Currently, there is a lack of a comprehensive global
evaluation of newly released and widely used NDVI products, including the 3rd generation
GIMMS V1.2 NDVI (NDVI3g, ), PKU GIMMS NDVI (NDVIy,), and Terra MODIS V 061
NDVI (NDVI,,,q), which is essential to ensure their reliability for monitoring ecological
sustainability under ongoing climate warming. To address this need, we conducted a
multidimensional assessment of the three NDVI products. Our evaluation extends beyond
basic value consistency and annual trends to critically examine their ecological relevance,
including responses to root-zone soil moisture (a key environmental stressor) and their
capacity to track vegetation photosynthetic activity using SIF as a direct benchmark. This
study aims to elucidate the respective strengths and limitations of each product across di-
verse terrestrial ecosystems, thereby providing a critical reference for vegetation monitoring
in support of ecological sustainability.
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2. Materials and Methods

2.1. Materials
2.1.1. Climate Zones, Vegetation Types, and Arid-Humidity Classifications

The classification of climate zones (Figure S1) follows the Koppen-Geiger (KG) prin-
ciple with a spatial resolution of 1/12°, as proposed by Beck et al. [23], which integrates
both observational records and reanalysis datasets (www.gloh20.org/koppen/, accessed
on 12 December 2024). Vegetation types are categorized according to the scheme de-
fined by the International Geosphere-Biosphere Programme (IGBP), with annual data at
a 0.05° resolution (Figure S2), obtained from the MODIS land cover dataset (MCD12C1)
(https:/ /search.earthdata.nasa.gov/, accessed on 20 December 2024). Arid-humidity clas-
sifications are identified using the Aridity Index (Al), calculated from the fifth generation
of the European Centre for Medium-Range Weather Forecasts atmospheric reanalysis Land
(ERA5-Land) precipitation and potential evapotranspiration data. Climate zones, vege-
tation types, and the Al are used to classify the globe into five subregions (described in
Section 2.2.1).

2.1.2. Normalized Difference Vegetation Index

Considering the temporal coverage and computational feasibility for global-scale
analysis, this study selected three commonly used NDVI products for a comprehensive
evaluation, NDVIsg,, NDVIpy,,, and NDVI,,oq, with regard to values, trends, sensitivity to
soil moisture, and performance in tracking photosynthesis.

The NDVI5g, product, covering the period from 1982 to 2022, is derived from corrected
and calibrated GIMMS AVHRR measurements at a spatial resolution of 0.0833° and a
temporal resolution of half a month (https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=
2187, accessed on 18 December 2024). To improve data quality, NDVIsz, reprocessed
Level 2 data from the entire SeaWiFS mission to reduce artifacts, recovered negative values
over snow-covered areas in high-latitude winters, and adjusted coastal profiles and the
associated time series to address missing values [24-26].

NDVIy, is also a newly released global coverage NDVI product. The NDVIL,, prod-
uct is derived from GIMMS V1.0 NDV], calibrated using biome-specific back-propagation
neural network (BPNN) models with massive cross-calibrated Landsat NDVI data as a
reference. This calibration yields a dataset covering the period 1982-2015. Since 2003,
MODIS NDVT has been integrated into the NDVI,,, production workflow, enabling the
extension of the dataset to 2022 through a pixel-wise approach combined with random
forest algorithms [18]. The NDVIL,, product has a temporal resolution of half a month
and a spatial resolution of 1/12° (https://doi.org/10.5281/zenodo.8253971, accessed on
24 December 2024).

NDVI, o4 is obtained from the Terra MODIS MOD13C2 L3 V061 dataset, with
monthly and 0.05° resolutions and global coverage from 2000 to the present (https:
/ /search.earthdata.nasa.gov/search/, accessed on 13 December 2024). It is based on
precomposited data, and it modifies the constrained view angle maximum value composite
method in its stream. This monthly NDVI,,.q4 is a cloud-free global product created by the
16-day MOD13C1 product with a weighted averaging scheme. In addition, Aqua MODIS
MYD13C2 L2 V061 NDVI (NDVI,qu) data was used to evaluate whether satellite overpass
time is the primary driver of the differences between NDVI3e, and NDVI 4.

To match the temporal resolution of monthly data and follow the approach used for
deriving monthly NDVI,,,q4, we employed a simple averaging method to composite the
half-month data (i.e., NDVIzg, and NDVI,,) to obtain a monthly temporal resolution.


www.gloh2o.org/koppen/
https://search.earthdata.nasa.gov/
https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=2187
https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=2187
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2.1.3. Soil Moisture

Monthly root-zone soil moisture (RSM) data at a spatial resolution of 0.1° were ob-
tained from Version 4.2a of the Global Land Evaporation Amsterdam Model (GLEAM)
dataset (http://www.gleam.eu, accessed on 15 December 2024). This dataset combines
satellite observations with reanalysis inputs to estimate terrestrial evaporation components
and provides both surface and root-zone soil moisture data [27-30].

2.1.4. Air Temperature, Precipitation, and Potential Evapotranspiration

Monthly data on air temperature, precipitation, and potential evapotranspiration were
sourced from the ERA5-Land reanalysis dataset, which offers physically consistent and spa-
tially continuous estimates of land—atmosphere interactions by combining model outputs
with observational data (https://cds.climate.copernicus.eu/, accessed on 16 December
2024). Air temperature was used to determine the growing season, while precipitation and
potential evapotranspiration were used to compute the AL

2.1.5. Solar-Induced Chlorophyll Fluorescence

The global Orbiting Carbon Observatory-2 (OCO-2) SIF (GOSIF) dataset, offering
monthly SIF at a 0.05° spatial resolution, spans the period from 2000 to 2024 (https://
globalecology.unh.edu/data/GOSIE.html, accessed on 19 December 2024). It is generated
through a machine learning framework that leverages OCO-2 SIF retrievals, MODIS surface
reflectance, and reanalysis inputs. This dataset effectively captures the seasonal variability
in vegetation productivity, aligning well with both coarse-resolution satellite-based SIF and
flux tower gross primary productivity (GPP) [31].

2.2. Methods
2.2.1. The Reclassification of the Globe

In this study, we reclassified the globe into five subregions: Cold Climate Region (CCR),
Drylands (Dyd), the Tibet Plateau (TP), Temperate-Humid Region (THR), and Evergreen
Broadleaf Forest (EBF). The CCR refers to the cold climates within the KG climate zones.
The TP is based on the boundary of the Qinghai-Tibet Plateau. The area between 56°N and
56°S with an Aridity Index (AI) ranging from 0 to 0.65 was designated as Dyd, and the
aridity gradient and arid—humid region distribution are shown in Figure S3.

The Al is calculated using the following formula:

Y3, ek
Al = —— 2
=, )

where P and PET are the annual precipitation (mm year ') and potential evapotranspiration
(mm year~!) for 30 years (1993-2022), and i represents a specific year within the 30 years.

EBF was derived from the MCD12C1 IGBP classification and treated as an independent
category. The remaining areas were classified as THRs, based on KG temperate climate
zones and Al-defined humidity areas. The classification is illustrated in Figure 1.


http://www.gleam.eu
https://cds.climate.copernicus.eu/
https://globalecology.unh.edu/data/GOSIF.html
https://globalecology.unh.edu/data/GOSIF.html
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Figure 1. The five subregions of the globe.

2.2.2. Anomaly

To eliminate the influence of seasonal cycle and investigate the responses of vegetation
to environmental factors, Equation (3) was frequently used to compute the anomaly values
of variables [4,17,32].

Ay = Er— 3)
where Ajj is the anomaly value of variable X, and X;; is X on the it month of the jt year. X;
and o; are the mean and standard deviation of X on the i" month of all years. We obtained
the anomalies of the three NDVI products, RSM, and SIF via the above equation.

2.2.3. Coefficient of Determination and Root Mean Square Error

This study employed a direct verification method to assess the similarity of the mean
NDVI values among the NDVIzg,, NDVIpy,,, and NDVI,,04 products across the five sub-
regions from 2001 to 2022. The coefficient of determination (R?) was used to measure the
degree of linear fit in scatter plots (indicating similarity), and the Root Mean Square Error
(RMSE) represented the associated error.

YN (NDVIy; — NDVI,,;)?

RZ=1- —— =, (4)
YN (NDVIy; — NDVI,y;)
RMSE — i/ YN (NDVI; — NDVI,,;)? )
N a

where N is the sample number, and NDVI,, and NDVI, represent a pair from the combina-
tions NDVIi,, NDVI3g,; NDVI0q, NDVI3g,; and NDVI, 4, NDVI .

2.2.4. Theil-Sen Slope and Mann—Kendall Test

For the analysis of annual NDVI trends, we employed the non-parametric Theil-Sen
slope estimator in conjunction with the Mann-Kendall (MK) trend test. The Theil-Sen
estimator quantifies the trend magnitude by calculating the median of slopes between
all possible pairs of data points in the time series, ensuring robustness against outliers
and non-normal data distributions. The statistical significance of this trend was then
determined using the MK test, a rank-based procedure that evaluates whether a monotonic
upward or downward trend is statistically significant. The integration of the Theil-Sen
estimator for magnitude and the MK test for significance provides a powerful and widely
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recognized framework for trend analysis in environmental data. The statistical significance
of the trends, assessed by the MK test, was determined at a p < 0.05 significance level
(corresponding to a 95% confidence interval). This widely accepted threshold was applied
on a per-pixel basis across the global datasets to ensure the robustness of our conclusions.

2.2.5. Pearson Correlation Coefficient

To quantify the strength of associations between variables, the Pearson correlation
coefficient (r) was employed. This metric, commonly applied in ecological and climate
studies, is defined as follows:

o) - Tl X (-9
VIR 06— %02 % 20 (v - 9)°

where X and y are the mean of x and y. n is the number of samples. In this study, r was

(6)

used to assess the capability of the three NDVI products in tracking seasonal cycles and
anomalies in photosynthetic activity.

2.2.6. Kernel NDVI

The kernel NDVI (kNDVI) was developed by Camps-Valls et al. [33], defined in Hilbert
spaces, and it adopts the radial basis function reproducing kernel. It can be described
as follows:

2
k(NIR, red) = exp <_(NIR2;2red) ), (7)

where ¢ controls the notion of distance between the NIR and red bands. According to the
definition of the kernel function, the kKNDVI can be simplified as follows:

2
KNDVI = tanh ( (NIIZGred) ) ) 6)

where o is a length-scale parameter to be specified in each particular application.
Following the recommendation of the creators, we calculated the kNDVI using
o = 0.5(NIR +red), which leads to a simplified operational index version expressed
as follows:
KNDVI = tanh (NDVIZ), )

In this study, the three NDVI products (NDVI3g,, NDVL,y,, and NDVI,,4) were
converted into corresponding kKNDVIs (kNDVIsg,, KNDVI,,, and KNDVI,04).

2.3. Quverall Research Procedure

This study spanned the period from March 2000 to December 2022, with a monthly
temporal resolution and a spatial resolution of 0.1°. First, the time series data for all
variables (i.e., the three NDVI products, RSM, and SIF) were smoothed using the Savitzky-
Golay filter to eliminate outliers [34]. To ensure the analysis focused solely on vegetated
surfaces, pixels where the mean NDVI value was less than 0.1 in all three NDVI datasets
were masked out as non-vegetated. We intersected the images for each month to ensure
a consistent number of pixels across the datasets. The evaluation of NDVI values was
conducted based on the mean values over the whole study period. Spatial annual trends
were examined globally via the Theil-Sen slope and MK trend test, and trend dynamics
were further analyzed for individual subregions.

We obtained the anomalies of the three NDVI products, RSM, and SIF by remov-
ing the seasonal cycle using Equation (3). Subsequently, by subtracting the linear trend
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from the anomaly time series across each pixel involved in the calculation, we elimi-
nated the impacts of long-term trends. Following the approach of Maurer et al. and
Zeng et al. [35,36], the overall response of the NDVI to RSM is quantified by the regres-
sion coefficient (INDVI/9dRSM) of linear regression between detrended NDVI and RSM
anomalies, with the NDVI as the dependent variable and RSM as the independent variable.
For instance, the sign of INDVI;., /dRSM indicates the response direction of the NDVI
to RSM. A positive INDVI;., /dRSM at a given pixel signifies that NDVIs,, positively
responds to RSM at that location. The absolute value of dNDVIs,, /dRSM reflects the
corresponding response speed (hereafter sensitivity), and a higher absolute value indicates
greater sensitivity. A 95% confidence interval (i.e., p < 0.05) was applied to the regression to
define statistical significance.

Furthermore, to quantitatively evaluate the capability of the three NDVI products in
tracking vegetation photosynthesis, we calculated the correlation coefficients between the
three NDVI products and SIF based on the time series of both the original and detrended
anomalies. This approach allows for assessments of their performance in tracking seasonal
cycles and anomalies in photosynthetic activity. NDVIsg,, NDVIpy,, and NDVl,,4 are
transformed into the respective KNDVIs (i.e., KNDVIzg,, KNDVL,y,,, and kNDVI,4) by
Equation (9), and the mentioned correlations between kNDVIs and SIF were calculated to
investigate whether the KNDVI provides an improvement over the NDVI in tracking terrestrial
vegetation photosynthesis activity. A 95% confidence interval was also used to define statistical
significance. In all maps, water, ice/snow, and bare ground are masked by white.

3. Results
3.1. Comparison Between NDVI3g,, NDVIy,, and NDV1,.; in Values

Figure 2 displays the spatial distribution of mean values for the three NDVI products over
the globe. The results indicate that the patterns in the mean values of the three NDVI products
are generally similar. Specifically, their values are generally higher in tropical latitudes,
while they are consistently lower in arid regions. However, differences in NDVI;g, with
NDVI,, and NDVI;,,oq appear in the middle and high latitudes of the Northern Hemisphere.
Consequently, we conducted a consistency assessment of their mean values across the five
subregions (Figure 3). The results reveal that in the CCR, NDVI5g, shows low consistency
with both NDVIy,, and NDVI 04 (R? = 0.457 and 0.584, respectively). In Dyd, TP, and THR,
the three NDVI products show closer mean values to each other, with R? values exceeding
0.92. In EBE NDVI5g, has lower consistency with NDVI,, and NDVI;,,o4 (R? = 0.591 and
0.596, respectively), which is similar to the situation in the CCR. For NDVI,y,, and NDVI;;,o4,
their mean values have high agreement in the Dyd, TP, THR, and EBF areas, with R? values
close to 0.99, while moderate differences remain in the CCR (R? = 0.801).

Mean of NDVl3g.

Figure 2. Cont.
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Figure 2. The mean values of NDVI3g,, NDVIL,y,,, and NDVIy,,o4. (a—c): The spatial distributions of
NDVI3g,, NDVL,y,, and NDVI,,,q mean values, respectively.
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Figure 3. Pairwise scatter plots of NDVI5z,, NDVI,y,,, and NDVl,,4. (a—c): Cold Climate Region
(CCR); (d—f): Drylands (Dyd); (g—i): the Tibet Plateau (TP); (j-1): Temperate-Humid Region (THR);
and (m-o): Evergreen Broadleaf Forest (EBF).

3.2. Annual Trend Variations Among NDVI3e,, NDVIy,, and NDVI,.4

This study compares the spatial distribution of annual trends among the NDVIs,,
NDVIpky, and NDVly,,4 products globally (Figure 4) and analyzes their annual dynamics
across subregions (Figure 5). Overall, all three NDVI products reveal significant greening
trends in many areas, such as Europe, eastern China, the Indian subcontinent, southern
and northern Africa, and eastern Australia. The spatial distribution of annual trends in
NDVIpy, and NDVl,,4 are more similar to each other, whereas NDVI5q, shows consider-
able differences from both, particularly in the high latitudes of the Northern Hemisphere,
EBF, central-western Kazakhstan, and Central Africa. Specifically, NDVlIse, demonstrates
a notable browning trend in these areas, while NDVIpy,, and NDVI, o4 indicate a greening
trend. Their annual trend differences are also reflected in the proportions of areas. NDVIzz,
shows that 57% of the area is undergoing a browning trend (32% significant), and 43exhibits
a greening trend (20% significant). NDVIpy, indicates that 33% of the area has a browning
(6% significant) trend, while 67% shows the greening (24% significant) trend. NDVI,,,oq
reflects a similar pattern to NDVL,,,,, with 28% of the area browning (5% significant) and
72% greening (27% significant). This suggests that NDVI,,, and NDVI,,q exhibit similar
global-scale annual trend patterns, and their proportions differ substantially from NDVIsg,.

Globally, NDVI3., exhibits a significant decreasing trend in annual dynamics
(—0.0012 yearfl), whereas both NDVI,, and NDVIy,,oq show significant increasing trends
(0.0005 year—! and 0.0009 year~!, respectively). Similar differences are observed at the
regional scale in the CCR, with the significant decreasing trend in NDVIg, being espe-
cially pronounced (k = —0.0020). In Dyd, all three NDVI products show an increasing
trend. NDVIy,, and NDVI,;,q display a significant increasing trend (0.0004 year—! and
0.0006 year~!, respectively), while NDVI3g, shows a non-significant increasing trend
(0.0001 year—!, p = 0.425). In the TP, both NDVIk, and NDVI,oq exhibit a significant
increasing trend (0.0010 year~! and 0.0009 year !, respectively), whereas NDVIsg, shows
a non-significant decreasing trend (—0.0001 year~!, p = 0.488). For the THR, NDVIp, and
NDVI,,,q demonstrate significant increasing (both with 0.0009 year~!), whereas NDVIsg,
shows no significant overall trend (0.0001 year—!, p = 0.471); however, it initially increased
before 2014 and then decreased. Over EBF, NDVIs,, shows a significant decreasing trend
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(—0.0012, year—!), while NDVI,k, and NDVI;,,oq exhibit a significant increasing trend (both
equal 0.0007 year~!).
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Figure 4. The annual trends in NDVl3e,, NDVL,},,, and NDVI,o4. (a—c): The annual trend spa-
tial distributions and the corresponding area proportions (bar plots) of NDVIsg., NDVI,, and
NDVI, 4. The slash indicates the area passing the significant test (i.e., p < 0.05). SD, nSD, nSI,

and SI represent significant decreasing, non-significant decreasing, non-significant increasing, and
significant increasing, respectively.
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Figure 5. The annual dynamics of and trends in NDVI3g,, NDVIpy,, and NDVIo4. (a): the
globe (Total); (b): Cold Climate Region (CCR); (c): Drylands (Dyd); (d): the Tibet Plateau (TP);
(e): Temperate-Humid Region (THR); and (f): Evergreen Broadleaf Forest (EBF).

3.3. Responses of NDVlI3g,, NDVlpy, and NDVIy,,4 to RSM

This study investigates the responses of NDVI3g,, NDVIpy,, and NDVI;,,q to RSM
(ONDVIsg, /d0RSM, dNDVIpy, /dRSM, and dNDVI,,oq/9dRSM) over the globe. Spatially
(Figure 6a—c), these three NDVI products display a positive response to RSM within Dyd.
However, variability in their responses to RSM emerges across the remaining subregions.
In terms of response area proportions, NDVIz,, exhibits a positive response to RSM across
63% of the global land area, with 40% showing significant responses, and a negative
response over 37%, with 10% being significant. NDVIy, reflects a positive response in
74% of the globe, 53% of which is significant, and a negative response in 26%, with 5%
being significant. Compared to the two mentioned NDVI products, NDVI,,,q shows the
highest area proportion of positive responses to RSM, covering 78% of the global land area
(56% significant), and the lowest proportion of negative responses, at 21% (4% significant).
NDVI3z, demonstrates the highest proportion of negative responses to RSM on a global
scale, distributed across regions outside Dyd. The negative responses of NDVI,, and
NDVI,,,04 are primarily concentrated in the CCR and EBF.

This study further examined dNDVI55, /dRSM, INDVI,, /0RSM, and INDVI .04 /9RSM
across subregions (Figure 6d). Overall, the responses of all three NDVI products to RSM
are dominantly positive (slope median > 0), and their sensitivities to RSM are at the rank of
INDVIp,0q/9RSM > INDVL,; /0RSM > dNDVI3g, /0RSM. The area proportion passing
the significance test follows this ranking as well. Regionally, in the CCR, all slope medians
are below the significance threshold, indicating that the sensitivities of NDVIzg, NDVIy,,
and NDVI,,,,q4 to RSM are generally low and predominantly non-significant. Furthermore,
based on slope medians, NDVI,, and NDVI,,4 show positive responses to RSM, while
NDVIsg, exhibits primarily negative responses. In Dyd, these three NDVI products show
relative consistent positive responses to RSM, with sensitivities ranked as OINDVI,,,q4 /0RSM
> dNDVIy,, /dRSM > dNDVI5g, /0RSM. Over the TP, the non-significant slope median in
the regression of NDVI3., to RSM shows a non-significant response and low sensitivity to
RSM, whereas NDVIpy, and NDVI,,o4 show positive responses with significant median
sensitivities. Within the THR, all three NDVI products predominantly respond positively to
RSM, though with lower sensitivities than those over Dyd, ranked as INDVI,,,,q4/0RSM >
ONDVI,1, /dRSM > dNDVI3,, /dRSM. In the EBF, all the three NDVI products show great
uncertainties in response to RSM, dominating in non-significant response. Additionally,
across the CCR, Dyd, TP, and THR, the area proportion passing the significance test ranks
as INDVI,04/0RSM > INDVI,,,, /dRSM > dNDVIsg, /0RSM, with lower proportions in
the CCR and TP (below 50%) and the highest proportion in Dyd (above 80%).
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Figure 6. The responses of NDVl5,,, NDVI,ky, and NDVI,oq to root-zone soil moisture (RSM).
(a—c): The spatial distributions of the regression slope of NDVI;g,, NDVI,, and NDVIoq4 to
RSM (dNDVl3g, /0RSM, ONDVIy,, /0RSM, and dNDVI;,oq/9dRSM) and the corresponding area
proportions (bar plots). The slash indicates the area passing the significant test (i.e., p < 0.05). SN, nSN,
nSP, and SP represent the significant negative, non-significant negative, non-significant positive, and
significant positive responses of the three NDVI products to RSM. (d): The statistic of the regression
slopes of the three NDVI products to RSM (dNDVI/0RSM, violin plots) and area proportions passing
the significance test (bar plots) over the globe (Total), Cold Climate Region (CCR), Drylands (Dyd),
the Tibet Plateau (TP), Temperate-Humid Region (THR), and Evergreen Broadleaf Forest (EBF). The
dots and short lines in the violin plots represent the median and interquartile range, respectively.

3.4. Seasonality and Anomaly Consistencies of NDVIzg,, NDVIy,, and NDV1I,qq with SIF

This study assesses the ability of NDVIsg,, NDVIy,, and NDVI;,,oq to represent ter-
restrial vegetation activity and productivity by examining the consistency of the three
NDVI products with SIF in terms of seasonality and anomaly. Figure 7 illustrates the
spatial seasonality correlations between the three NDVI products and SIF (Sr(NDVIsg,,
SIF), St(NDVIpyy, SIF), and Sr(NDVIy,q, SIF)), accompanying statistical analyses over
subregions. Overall, all three NDVI products exhibit strong seasonality correlations with
SIF. However, the correlations are notably lower in the EBF, with NDVI, even showing
negative correlations in southeastern China and the Amazon. The strength of the over-
all seasonality correlations follows the order of Sr(NDVIsg,, SIF) > Sr(NDVIpy,, SIF) >
Sr(NDVlI,,0q4, SIF) (Figure 7d). A similar pattern is observed over the CCR. However, in
Dyd, TP, and THR, St(NDVLy, SIF) and Sr(NDVl,,0q4, SIF) are comparable, and both are
stronger than Sr(NDVIsg,, SIF). All the area proportions passing the significance test in
such regions are greater than 95%. In the EBF, St(NDVIsg,, SIF), St(NDVI,y,, SIF), and
Sr(NDVI,,,04, SIF) are noticeably lower compared to those in other subregions, as well as
the area proportion passing the significance test.

Figure 8 illustrates spatial anomaly correlations between NDVIsg,, NDVL,,, and
NDVl04 and SIF (Ar(NDVIsg,, SIF), Ar(NDVIpy,, SIF), and Ar(NDVly,.q4, SIF)) (Fig-
ure 8a—c), along with their statistical summaries (Figure 8d). Spatially, Ar(NDVIpy,, SIF)
and Ar(NDVly,.q, SIF) are greater than Ar(NDVlsg,, SIF), which means the anomalies
of NDVI,, and NDVly;,,4 show a closer linkage to that of SIF. Higher correlations are
concentrated in Dyd, while lower correlations are mainly observed in the CCR and EBE.
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The aggregated statistics reveal that, overall, Ar(NDVIpy,,, SIF) is the strongest, followed
by Ar(NDVIpoq, SIF), with Ar(NDVIsg,, SIF) being the weakest. Additionally, the area
proportion passing the significance test exceeds 85%. A similar pattern is observed in
the CCR. In Dyd, TP, and THR, Ar(NDVL,y, SIF) and Ar(NDVI,,oq, SIF) are similar, and
both exceed Ar(NDVI3g,, SIF). Over the EBF, the anomaly correlations follow the order of
Ar(NDVIpoq4, SIF) > Ar(NDVIy,, SIF) > Ar(NDVIsg,, SIF), but they are lower than those
in other regions. Notably, over Dyd, both spatial correlation patterns and regional statistics
confirm that the NDVI anomalies align more closely with SIF anomalies. Moreover, for

Ar(NDVIsg,, SIF), the area proportion passing the significance test is always lower than
that of Ar(NDVI,y, SIF) and Ar(NDVI,,,oq, SIF), particularly in the TP and EBF.

ST(NDVlmoa,SIF) Total CCR Dyd TP  THR  EBF

| o E—— |
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B Sr(NDVIzg,,SIF) mmmSr(NDVIpy,,SIF) W Sr(NDVImoq,SIF)
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Figure 7. The seasonality consistencies of NDVIsg,, NDVIy,, and NDVI,oq with SIFE. (a—): The
spatial distributions of seasonality correlation between NDVI;.,, NDVI,y,,, and NDVI,,q4 and SIF
(St(NDVl3g,, SIF), Sr(NDVkau, SIF), and Sr(NDVI,,,q, SIF)), only showing the area passing the
significance test. (d): The statistics of the seasonality correlation between the three NDVI products
and SIF (Sr(NDVI, SIF), violin plots), along with the area proportion passing the significance test (bar
plots), over the globe (Total), Cold Climate Region (CCR), Drylands (Dyd), the Tibet Plateau (TP),
Temperate-Humid Region (THR), and Evergreen Broadleaf Forest (EBF). The dots and short lines in
the violin plots represent the median and interquartile range, respectively.
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Figure 8. Cont.
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Figure 8. The anomaly consistency of NDVlg,, NDVIL,,, and NDVI,oq with SIE (a—c): The
spatial distributions of anomaly correlations between NDVI3g,, NDVIpy,,, and NDVly,,4 and SIF
(Ar(NDVlgg,, SIF), Ar(NDVIpy,, SIF), and Ar(NDVl,,.q, SIF)), only showing the area passing the
significance test. (d): The statistics of the anomaly correlations between the three NDVI products and
SIF (Ar(NDVI, SIF), violin plots), along with the area proportion passing the significance test (bar
plots), over the globe (Total), Cold Climate Region (CCR), Drylands (Dyd), the Tibet Plateau (TP),
Temperate-Humid Region (THR), and Evergreen Broadleaf Forest (EBF). The dots and short lines in
the violin plots represent the median and interquartile range, respectively.

4. Discussion
4.1. The Sources of Inter-Product Variability Among the Three NDVI Products

The discrepancies in the source data and methods used to generate the NDVI datasets
are likely the primary reasons for the observed differences between the three NDVI products.
Specifically, NDVIsq, utilizes the red (550-680 nm) and NIR (725-1100 nm) bands from
NOAA sensors. The series of NOAA sensors undergo frequent updates [24,26]. NDVI;,04,
based on MODIS sensors, uses the red (620-670 nm) and NIR (841-876 nm) bands.

The broader wavelength range of NOAA sensors makes them more vulnerable to
interference from atmospheric components such as water vapor [37], aerosols [38], and
snow [39], which is challenging to accurately remove. On the other hand, the narrower
wavelength range of MODIS sensors enhances their sensitivity to chlorophyll [40]. The
wavelength range of the sensors is one of the key factors contributing to the differences
between NDVI3g, and NDVl,;,,q and is also likely a contributing factor behind the observed
Ar(NDVlyoq, SIF) > Ar(NDVlse,, SIF) (Figure 8). Additionally, NOAA sensors have
undergone frequent replacements, leading to variations in overpass times and orbital drift.
Despite the application of correction techniques such as empirical mode decomposition
and Bayesian adjustment approaches [24], the NDVI3,, dataset still retains a degree of
residual uncertainty and signal noise, particularly in regions and periods affected by sensor
degradation and atmospheric interference. In contrast, the MODIS sensor, despite showing
signs of aging, has not been replaced.

We also considered local observational time as a potential factor, given the distinct over-
pass times of the platforms (AVHRR: 2:30 AM/PM; Terra MODIS/Landsat: 11 AM/PM).
To test this, we systematically evaluated NDVI,qu (1:30 PM/AM) across multiple dimen-
sions: mean value, trends, sensitivity to RSM, and consistency with SIF (Figures 54-57).
The results robustly demonstrate that NDVI,qu aligns more closely with NDVI,,, and
NDVIpo4 than with NDVIs,,, indicating that overpass time is not the primary cause of the
observed discrepancies.

During the overlapping period (2003-2015), NDVL,,, was generated by fusing GIMMS
v1.0 NDVI and MODIS NDVI on the pixel scale using an 11 x 11 moving window and the
random forest algorithm. However, both our results and those of Li et al. (2023) indicate
that NDVL,y, is closer to NDVI,oq in terms of values and annual trends [18]. This is
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likely due to the cross-calibration conducted during the production of NDVIL,, using
approximately 3.6 million Landsat NDVI samples.

Additionally, over the EBF, the three NDVI products exhibit notable differences in their
values and annual trends, and they show non-significant responses and low sensitivity
to RSM, as well as weak seasonality and anomaly correlations with SIF, accompanied by
considerable uncertainties. This can be attributed to the inherent tendency of the NDVI to
saturate in such areas with high canopy density, a characteristic that may limit the ability
to accurately capture vegetation information in EBF [41].

4.2. Potential Impacts and Applications

Our results highlight differences in NDVI values between NDVI3, and both NDVI,y,
and NDVI,,,q within the CCR and EBF. Similar discrepancies have been noted in previous
studies [20,21]. This could be attributed to the aforementioned data sources and production
methods. It could also be caused by the effects of snow cover and the saturation of the
NDVI over such regions [39,42]. As canopy density increases, the NDVI asymptotically
approaches an upper limit, making its ability to characterize vegetation information weaker.
This saturation effect could explain why the NDVI has a limited capability to capture both
vegetation activity and variations in canopy greenness [43-45] and shows less sensitivity to
water availability fluctuations in forests [4,17]. To overcome the limitations of the NDVI,
alternative vegetation indices have been developed. The Enhanced Vegetation Index (EVI),
for instance, was specifically designed to reduce saturation effects by incorporating the blue
band for aerosol correction, resulting in a greater dynamic range and improved sensitivity
over high-biomass regions [46,47]. Similarly, the Photochemical Reflectance Index (PRI),
which is sensitive to changes in xanthophyll cycle pigments, has shown promise in tracking
light-use efficiency and physiological stress in evergreen canopies [48,49]. These differences
have affected research areas that depend on NDVI values, such as terrestrial productivity es-
timation [50], vegetation type classification [51], and vegetation coverage assessments [52].

Trends from NDVIpy, and NDVIy,o4 align with the findings of Li et al. [18]. Although
the temporal coverage of GIMMS NDVI used in this study differs from that in other studies,
partly explaining the discrepancies in GIMMS NDVI trends, a more significant observation
is that both our study and previous studies consistently reveal notable differences in trends
between GIMMS NDVI and MODIS NDVI [21,53,54]. Actually, other vegetation indicators,
such as the LAI [55], SIF [56], and gross primary productivity [57,58], suggest an overall
global greening trend or increases in vegetation productivity. Recent research using various
datasets has revealed conflicting vegetation trends in nearly half of the global regions
and highlighted that such differences are likely linked to data processing algorithms [54].
However, the significant browning trend indicated by NDVI3,,, which contrasts with other
indicators, still warrants careful consideration. This not only underscores the considerable
uncertainties and potential challenges in monitoring vegetation dynamics under climate
change using different datasets but also emphasizes the critical importance of employing
multiple vegetation indicators to analyze global greening and browning trends.

The three NDVI products exhibited large areas of non-significant or significantly
negative responses to RSM over the CCR. Similar findings have been reported in studies
by Liu et al. [4]. This is likely due to the fact that the vegetation growth in the CCR is
dominated by energy-related variables [59,60] and affected by water logging and water
surplus [17,61]. Additionally, in the CCR, TP, and THR, NDVIg,g+ shows notable differences
from NDVI,, and NDVI,,4 in response to RSM, which suggests that caution is necessary
when interpreting NDVI responses to environmental stress factors over such regions.
Incorporating more observational data or using multiple vegetation indicators could be a
more reasonable and effective approach for further studies.
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We also observed a high consistency in their responses to RSM in Dyd, predomi-
nantly characterized by positive responses. This suggests that vegetation growth in Dyd is
primarily driven by water supply, a finding that aligns with previous studies [4,17,62]. Con-
sequently, we examined the variation in their sensitivity across the aridity gradient in Dyd
(Figure 9). The results show that the sensitivity of the three NDVI products to RSM increases
initially and then decreases, maintaining the order of INDVI;,oq/dRSM > INDVL,y,, /0RSM
> dNDVI3g, /dRSM. This is consistent with the findings of previous studies [4]. These re-
sults are crucial for selecting the appropriate NDVI product (i.e., NDVI,,q) when studying
vegetation responses and sensitivities to water stress factors and drought in Dyd.
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Figure 9. The sensitivities of NDVIzg,, NDVI,,, and NDVI;,,oq to root-zone soil moisture (RSM)
across aridity gradients (0 < Aridity Index < 0.65) over the Drylands (Dyd) within 56°N~56°S.

The findings of this study provide important insights for ecosystem monitoring and
decision making. For carbon accounting, if the global browning trend shown by NDVI5,,
is adopted, it may lead to significant deviations in the estimation of the global terrestrial
carbon sink compared to results based on NDVL,, or NDVI,o4. This highlights the critical
importance of carefully selecting vegetation index products when building global carbon
budget models. For drought early warning, our results show that NDVI,;,,q has the highest
sensitivity to RSM in Drylands, suggesting that integrating NDVI,,,,q into existing drought
monitoring systems could enable a more timely and accurate detection of vegetation water
stress, thereby enhancing early warning capabilities. For SDG monitoring, particularly
when assessing vegetation dynamics and their responses to climate change in vulnerable
biomes, discrepancies among NDVI products could lead to differing conclusions. Therefore,
based on our study, we recommend prioritizing the use of products with higher consistency
across multiple vegetation indicators (such as NDVI,, and NDVI,oq) to enhance the
reliability and comparability of monitoring results and provide a more solid scientific basis
for relevant policy formulation and evaluation.

Seasonality information regarding the NDVI is often used to extract vegetation phe-
nology [63] and growing season characteristics [64]. We thus analyzed the seasonality
consistency of the three NDVI products with SIF. Figure 7 indicates that in the EBF, the
three NDVI products exhibit low seasonality consistency with SIF. Aside from the sus-
ceptibility of the NDVI to saturation, the absence of distinct seasonal variations in EBF
vegetation is also a significant contributing factor. Figure 8 shows that Ar(NDVI,y,,, SIF)
and Ar(NDVlIy,oq, SIF) are higher than Ar(NDVIsg,, SIF), suggesting that NDVI,,, and
NDV1I,,,q are more suitable for representing the anomaly dynamics of terrestrial vegetation
activity and productivity.

Among the NDVI-based extended indices, the kKNDVI stands out as one of the most
effective [33]. We converted the three NDVI products to kKNDVIs and analyzed the dif-
ference between Sr(kNDVI, SIF) and Sr(NDVI, SIF) and that between Ar(kNDVI, SIF)
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and Ar(NDVI, SIF) (Figure 10), with the spatial seasonality and anomaly correlations of
the kKNDVI with SIF and their differences shown in Figures S8-510. The results indicate
that, compared to the NDVI, the seasonality alignment between the KNDVI and SIF has
improved in approximately 85% of global areas, with notable improvements concentrated
in the middle and high latitudes. This suggests that the KNDVI might be a superior choice
for estimating terrestrial productivity and extracting vegetation phenology and growing
season characteristics. This also supports recent studies in related fields utilizing the
kNDVI [65,66]. Figure 10 and Figure 510 also imply that the anomaly consistency of the
kNDVI with SIF did not show notable improvement. Therefore, to capture the anomaly
dynamics of terrestrial vegetation activity and productivity, the kNDVI performs nearly
identically to the NDVL
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Figure 10. The statistic of difference between the KNDVI and NDVI in seasonality and anomaly consis-
tencies with SIF. (a): Violin plots of the difference in the seasonality correlation between the kKNDVI and
SIF versus the NDVI and SIF ((a): Sr(kNDVI3g,, SIF)-Sr(NDVl5,,, SIF), Sr(kNDVkau, SIF)—Sr(NDVkau,
SIF), and Sr(kNDVI,,,q, SIF)-Sr(NDVI,,o4, SIF)). (b): Violin plots of the difference in the anomaly correla-
tion between the kNDVI and SIF versus the NDVI and SIF ((a): Ar(kNDVIsg,, SIF)-Ar(NDVIs,,, SIF),
Ar(kNDVIpy,, SIF)-Ar(NDVIy, SIF), and Ar(kNDVly,0q4, SIF)-Ar(NDVIy,o4, SIF)).

This performance discrepancy is likely rooted in the intrinsic properties of the kKNDVI
algorithm. The kernel function is designed to better capture complex and stable vegeta-
tion structural features through nonlinear mapping, making it exceptionally effective at
characterizing strong and regular seasonal cycles (a low-frequency signal). However, this
mapping process introduces a temporal smoothing effect, which acts like a low-pass filter.
In contrast, vegetation anomalies typically manifest as short-lived, abrupt, high-frequency
signals. Consequently, while the KNDVI amplifies the dominant seasonal signal, it may
inadvertently suppress the amplitude of these transient anomalous signals. This is likely
the primary reason for its relatively modest improvement in tracking SIF anomalies.

Previous studies emphasized the limitations of NOAA sensors, such as the broad wave-
length coverage and frequent sensor replacements, and the advantages of MODIS sensors,
which include advanced calibration methods, a narrower wavelength coverage, and higher
band resolution [3,38]. However, the importance of the temporal span of NDVI3g, is un-
matched by other NDVI datasets, particularly under climate change. This underscores the
significance of reconstructing NDVI products, as exemplified by NDVI,,, which integrates
high-precision Landsat NDVI data with the characteristics of both NDVI3¢, and NDVI 4.
Future research should prioritize the integration of advantages from multi-source data to
develop superior NDVI products. This is crucial for enhancing the diversity and applicabil-
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ity of vegetation data, particularly given the increasing significance of vegetation in the
water cycle, energy cycle, and carbon exchange processes.

4.3. Limitations and Future Directions

In this study, we employed an averaging method to composite half-month data (i.e.,
NDVIsg, and NDVI,) to obtain a monthly temporal resolution to match the temporal
resolution of NDVI,,4. This most likely causes a loss of temporal detail. The maximum
NDVI value within a compositing period may be lower than the absolute physiological
peak of the vegetation because it is effectively averaged with values from earlier or later in
the month when the canopy was less developed, potentially leading to an underestimation
of the maximum photosynthetic capacity. Furthermore, the timing of critical phenological
phases, such as the start or end of the growing season, can be blurred. A rapid green-
up event that occurs over a few days might be obscured within the monthly composite,
making it difficult to pinpoint the exact onset date with high precision. This effect is the
most pronounced in ecosystems with abrupt transitions, such as deciduous forests and
croplands, where a difference of days can be ecologically significant. Therefore, in future
research applying the NDVI, we will adopt a higher temporal resolution.

This study revealed substantial discrepancies, and in some cases, opposing trends,
between the NDVIs,, product and the other two products. A primary limitation of our
work is its focus on inter-product comparison rather than determining the definitive state of
global vegetation trends. Consequently, our future research will prioritize a multi-faceted
investigation into global vegetation dynamics by integrating diverse vegetation indicators.

5. Conclusions

In this study, we conducted a comprehensive assessment between newly released
and commonly used NDVI products, including NDVlsg,, NDVIpy,, and NDVI,,.q, fo-
cusing on value, trend, response to RSM, and performance in representing vegetation
activity and productivity. The results show that the three NDVI products exhibit high
agreement in mean values across most areas, while NDVIz,, shows notable deviations from
NDVIy, and NDVIy,oq in the CCR and EBF. In terms of annual trends, NDVI5g, indicates
global significant browning (—0.0012 year~!), while both NDVIp, (0.0005 year~!) and
NDVI,,0q (0.0009 year~!) suggest global significant greening. These trend differences are
also observed across all subregions, emphasizing the necessity of using diverse vegetation
indicators for reliable assessments of global vegetation trends. Additionally, the responses
of the three NDVI products to RSM show considerable uncertainties in the CCR, TP, and
EBE. However, they display a high degree of consistency in Dyd, with sensitivities ranked
as INDVI,,5q/9dRSM > ONDVI,y, /ORSM > dNDVI5e, /dRSM. This implies that NDVI;04
could be more appropriate for studying vegetation responses to water stress and drought
in such regions. Our results also show that all three NDVI products demonstrate a high
seasonality consistency with SIF, except over EBE. Specifically, NDVIs,, shows stronger
consistency with SIF in the CCR (r > 0.8), whereas NDVIy,, and NDVl};,,q exhibit stronger
consistency in Dyd, TP, and THR (with all r values above 0.8).

We also observed that, compared to the NDV], the seasonality consistency between the
corresponding kNDVI and SIF improves over 85% of the globe, with the most pronounced
improvements occurring in the middle and high latitudes over the Northern Hemisphere.
This suggests that the KNDVI holds greater promise for estimating terrestrial productivity
and extracting information on vegetation phenology and growing season characteristics.
Additionally, the overall anomaly consistency between NDVI products and SIF follows
the order of Ar(NDVIL,y,, SIF) > Ar(NDVIyy,o4, SIF) > Ar(NDVlIsg,, SIF). Over subregions,
NDVI,k, shows the highest anomaly consistency with SIF in the CCR (r > 0.5), while
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NDVI;3g, has the lowest consistency (r < 0.4). In Dyd, TP, and THR, NDVI,,,,, and NDVI;,,oq
demonstrate higher anomaly consistency with SIE. The similar pattern between the kKNDVI
and NDVI in anomaly consistency with SIF indicates that both the NDVI and kNDVI
perform closely in capturing the anomaly dynamics of terrestrial vegetation activity and
productivity. Additionally, in the EBF, both the NDVI and kNDVI exhibit lower consistency
with SIF in terms of seasonality fluctuations and anomaly dynamics. Our study enhances
the understanding of the respective strengths and limitations among the three NDVI
products and advances their potential applications in ecological sustainability under climate
change. We also highlight the importance of leveraging the strengths of different NDVI
datasets to develop improved and robust NDVI data.
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NDVIaqu to RSM and area proportions passing the significance test; Figure S7: The statistic of the
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significance test; Figure S8: The seasonality consistency of kNDVI3e,, KNDVL,y,,, and kNDVI,oq
with SIF; Figure S9: The anomaly consistency of kNDVIzg,, kNDVIL,,, and kNDVI,,,q with SIF;
Figure S10: The differences between kNDVI and NDVI in seasonality and anomaly consistencies
with SIF.
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