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ABSTRACT

Pan-Arctic terrestrial ecosystems have experienced widespread greening over the past few decades due to climate
warming. However, the dynamic variations and climatic causes of such greening in the pan-Arctic are still un-
clear due to limitations in high-latitude ground-based measurements. The study first evaluated the applicability
of three satellite-based vegetation indices (VIs) for pan-Arctic carbon dynamics in previous decades compared
with multisource observations. Three VIs presented significant increasing trends up to 0.0005-0.0017 yr~! for
pan-Arctic ecosystems in the past 23 years, and near-infrared reflectance of vegetation (NIRv) could better
capture pan-Arctic terrestrial carbon dynamic variations (e.g., increasing trends) than other VIs among most
vegetation types, such as grasslands. The separate contributions of climatic factors to satellite-based NIRv
variability were further quantified using partial correlation and ridge regression analysis over pan-Arctic eco-
systems from 2001 to 2023. Carbon dioxide (CO2) and air temperature (AT) presented positive partial correla-
tions with the satellite-based NIRv over entire pan-Arctic ecosystems, due to fertilization and warming effects.
However, the vapor pressure deficit (VPD) showed positive (negative) partial correlations with NIRv variations
in high (low) pan-Arctic ecosystems because of diverse stomatal responses to air dryness. Therefore, increases in
VPD contributed 11.2 % of the pan-Arctic NIRv variability, although positive (negative) effects were detected for
high (low) pan-Arctic ecosystems. These findings highlight the advantages of the NIRv for representing terrestrial
carbon dynamics in fragile ecosystems (e.g., the pan-Arctic) and reveal the diverse effects of the regional climate
(e.g., air dryness) on pan-Arctic ecosystems under climate warming.

1. Introduction

(Thakur et al., 2017). Concurrently, vegetation changes influence
regional land-atmosphere energy balances via altered carbon and water

Pan-Arctic terrestrial ecosystems play crucial roles in regulating
global climate change and carbon cycles (Bruhwiler et al., 2021). As
climatic amplifiers, pan-Arctic ecosystems present stronger warming
responses to global carbon dioxide (CO,) increases than low-middle
latitudes did in several previous decades, leading to approximately three
times greater temperature increases than the mean rates of global
warming (Box et al., 2019). Elevated warming rates may enhance pan-
Arctic terrestrial greening and carbon assimilation through modified
vegetation dynamics, including extended growing season lengths
(Myers-Smith et al., 2020) and increased vegetation species diversity

exchange processes within the pan-Arctic ecosystem, subsequently
modulating mid-to-high latitude climate patterns (Beer et al., 2010).
Consequently, a precise understanding and systematic monitoring of
pan-Arctic vegetation dynamics and their driving factors (particularly
those related to carbon uptake) are critical for improving projections of
Arctic climate evolution under varying emission scenarios.

Previous studies have shown that long-term climate change could
significantly influence terrestrial vegetation carbon assimilation
through various influence pathways (Pearson, 2013). As a reactant of
plant photosynthesis, CO; fertilization has been considered the
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dominant contributor to global vegetation carbon increases in recent
decades. Piao et al. (2013) reported that CO; dominated 16 % of the
increase in net primary productivity variability per 100 ppm at the
global scale, especially in tropical regions. Moreover, changes in light,
water and heat conditions affect vegetation growth via photosynthetic
processes, such as optimal temperature ranges (Li et al., 2024), radiation
balances between diffuse and direct radiation (Durand et al., 2021; Xue
et al., 2024), soil moisture depletion (Liu et al., 2020) and air water loss
(Green et al., 2019; Sulman et al., 2016). For example, Zhou et al. (2023)
reported that diffuse radiation (with more directions) contributed up to
30 % of gross primary productivity (GPP) variability at global sites,
which was significantly greater than that of direct radiation and other
climatic factors. Zhong et al. (2023) reported that increasing the at-
mospheric vapor pressure deficit (VPD) reduced global vegetation
growth through stomatal regulation, offsetting the positive CO fertil-
ization effect at the global scale. However, these studies focused pri-
marily on the impacts of climate change on land carbon uptake, mainly
at low-middle latitudes, resulting in limited exploration of the climatic
drivers of greening trends across the ecologically fragile pan-Arctic re-
gion, which is constrained by high-latitude observation limitations.

With the further development of remote sensing technology,
satellite-based vegetation indices (VIs) have been widely used to
represent dynamic variations in terrestrial vegetation. Greener vegeta-
tion with a high chlorophyll content can absorb more visible red light
and reflect more near-infrared (NIR) radiation (Hollinger, 1989). As a
result, the normalized difference vegetation index (NDVI) was first
calculated on the basis of the difference between the red and near-
infrared bands (Tucker, 1979). However, using radiative transfer
models, Sellers et al. (1992) demonstrated that vegetation-induced NIR
reflectance could more reliably represent the fraction of absorbed
photosynthetically active radiation than the NDVI. Therefore, Badgley
et al. (2017) multiplied the NDVI by the NIR to calculate a new vege-
tation index, termed the near-infrared reflectance of vegetation (NIRv).
Recently, Camps-Valls et al. (2021) developed a unified vegetation index
called the kernel NDVI (kNDVI). By applying a particular kernel func-
tion, the KNDVI ensures that all higher-order relations between the
spectral channels are accounted for, not limited to first-order in-
teractions. Moreover, other VIs can also represent vegetation growth
and greening variations, such as the enhanced vegetation index (EVI)
(Huete et al., 2002) and leaf area index (LAI) (Chen and Cihlar, 1996).
Like the NDVI, the EVI is derived from the red and near-infrared bands
but incorporates corrections for atmospheric conditions and canopy
background interference (Jiang et al., 2008), demonstrating good per-
formance in dense vegetation canopies, particularly in tropical regions.
Unlike other VIs, the LAI is always indirectly estimated using radiative
transfer models and empirical relationships such as NDVI-derived al-
gorithms; however, large uncertainties exist among various vegetation
types because of limitations in parameterized processes (Lemaire et al.,
2008). While these VIs have been widely used to represent terrestrial
carbon dynamics at the site, regional, and global scales, it remains un-
clear which VI is more suitable for monitoring rapid vegetation changes
(such as greening and browning) in the pan-Arctic.

This study explored the main climatic drivers of terrestrial carbon
dynamics across pan-Arctic ecosystems over the past two decades via
multisource measurements. Considering the unique characteristics (e.g.,
low-stature vegetation) of the pan-Arctic regions, three NDVI-related
VIs, namely, the NDVI, NIRv and kNDVI, were selected as vegetation
indicators on the basis of (1) their high sensitivity to low vegetation
(such as grasslands) and (2) computational simplicity using direct sat-
ellite observations. First, the spatiotemporal variations in three satellite-
based VIs (NDVI, NIRv and kNDVI) and eight climate factors were
analyzed across pan-Arctic ecosystems from 2001 to 2023. Then, the
correlations between the three VIs and multisource (ground- and
satellite-based) estimates of pan-Arctic carbon dynamics were assessed.
Finally, the individual contributions of various climate factors to
terrestrial carbon dynamics in pan-Arctic ecosystems were quantified
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through partial correlation and ridge regression analyses.

2. Data and methods
2.1. FLUXNET observations

Ground-based observations from the global FLUXNET network were
obtained via eddy covariance methods (Tramontana et al., 2016).
FLUXNET is the largest worldwide network providing half-hourly
ecosystem flux measurements, integrating regional networks such as
ICOS, AmeriFlux, AsiaFlux, ChinaFLUX, and TERN-OzFlux (Jung et al.,
2019). This network provides nearly 200 in situ stations from more than
30 countries with more than 1 year of continuous observations,
including ecosystem-scale data on biosphere-atmosphere exchanges of
carbon dioxide, water and energy between the biosphere and atmo-
sphere, as well as other meteorological and biological measurements
(Pastorello et al., 2020). Eighty-three sites with more than one year of
carbon fluxes observations were selected from the FLUXNET2015 da-
tabases in pan-Arctic regions (> 45°N latitude) among seven plant
functional types (PFTs), including cropland (CRO), deciduous broadleaf
forest (DBF), evergreen needleleaf forest (ENF), grassland (GRA), mixed
forest (MF), open shrubland (OSH), and permanent wetland (WET)
(Table S1). Moreover, to reduce uncertainties in net ecosystem
exchange-derived methods, ensemble GPP values (unit: g C m~2 day 1)
were calculated as the average of the daytime (GPP_DT_VUT_MEAN) and
nighttime (GPP_NT_VUT_MEAN) methods. The gridded VI data were
interpolated to site-level spatiotemporal resolutions for comparison.

2.2. Gridded meteorology data

Meteorological data were obtained from the Modern-Era Retro-
spective Analysis for Research and Applications Version 2 (MERRA-2)
reanalysis, including total precipitation, air temperature (AT), land
surface temperature (LST), solar radiation and vapor pressure deficit
(VPD). Furthermore, diffuse and direct radiation were reconstructed by
combining the satellite-based diffuse radiative fraction (DF) from Ryu
et al. (2018) with the MERRA-2 shortwave radiation data:

Direct = SWMERRA—Z'(]- —DF) (l)

Diff = SWgrra—2-DF (2

Moreover, soil moisture data were obtained from the GLDAS -
NOAHO025_M product, and spatial atmospheric CO5 concentration data
were obtained from the Global Atmospheric CO2 Concentration Raster
Simulation Dataset (GACRS) (Hou et al., 2021). Global annual land
cover data were sourced from the MCD12Ql product of MODIS retrievals
(Fig. S1). All the gridded meteorological data were downscaled to a
spatial resolution of 0.5° and an 8-day temporal resolution for the
2001-2023 period across the pan-Arctic region. In this study, pan-Arctic
regions were defined as 180°W-180°E and 45°N-90°N following the
methods of Zhang et al. (2024a), as 45°N has been widely recognized as
the biogeographic boundary for Arctic vegetation changes (Park et al.,
2016).

2.3. Satellite-based vegetation index

Three vegetation indices (NDVI, NIRv, and kNDVI) were derived
from MODIS MODO09A1 surface reflectance data for pan-Arctic analysis
(2001—-2023). The reflectance data underwent mosaicking, cloud
masking, and region-of-interest extraction prior to VI calculation. VI
processing was implemented in the Google Earth Engine (GEE) (Gorelick
et al., 2017), a cloud-based platform that provides access to satellite
archives and high-performance geospatial computations.

The formulas for the three VIs are as follows:
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where o is a length-scale parameter determined empirically. To quantify
the sensitivity of the index to sparsely/densely vegetated regions, we
took ¢ = 0.5(NIR + Red) following Camps-Valls et al. (2021). Solar-
induced chlorophyll fluorescence (SIF) is the escape of light released
by plants during photosynthesis and can be used for regional validation.
The Global Orbiting Solar-Induced Fluorescence (GOSIF) dataset
developed by Li and Xiao (2019) was utilized through the fusion of
satellite observations and machine learning. For annual trends, the Sen
+ Mann-Kendall method was used to calculate the significance levels of
the trends (see Supplementary Information 1). Trends were classified
into 9 categories, which are represented by the numbers —4 to 4 in
Fig. S4, and the specific division criteria are shown in Table S2.

2.4. Partial correlation and ridge regression analysis

This study used partial correlation and ridge regression analysis
(which works best in the pan-Arctic region) to detect the effects of
climate factors on NIRv changes in pan-Arctic ecosystems. The partial
correlation approach can be used to accurately assess the degree and
direction of correlation between two variables by removing the collin-
earity between other input variables (Zhong et al., 2021). To address
multicollinearity in regression modeling (Chen et al., 2017), ridge
regression with a penalty parameter 1 (Hoerl and Kennard, 1970) was
adopted. All variables were normalized prior to constructing the ridge
model. The ridge regression models were constructed as follows:

Y= Z a;X; + b (6)
i=1
a = (xI'x+ 1) 'xTY @)

The optimal A (ranging from 10~ to 10) was selected by minimizing
the mean absolute percentage error. The relative and absolute contri-
butions of the climatic factors to the NIRv could be determined using the
regression coefficients of the ridge regression and the trend of the var-
iables following the method suggested by Zhao et al. (2023).

Vi =ai® Xizrend ®
Yei
Yaci = ﬁ'ynend 9
trend
Voo = |J/Ci‘
rci 8 (10)
Z chil

The influence of the actual trends of various climatic factors on NIRv
variations was considered by calculating absolute and relative contri-
butions. Specifically, absolute contributions could indicate positive or
negative climatic impacts, whereas the relative contributions indicate
only the relative magnitudes of various climatic factors on the pan-
Arctic NIRv (Xie et al., 2020).

Model performance was validated via variance inflation factor (VIF)
reduction (Fig. S5) and high prediction-observation correlation (R =
0.95; Fig. S6).
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3. Results
3.1. Spatiotemporal variations in three VIs

The spatiotemporal variations in three VIs across the pan-Arctic were
explored (Fig. 1). During 2001-2023, all VIs presented similar spatial
patterns, with higher values over boreal Asia and Europe (55°N-60°N),
corresponding to forest-dominated regions (Fig. S1), and lower values at
higher latitudes (Fig. la-c). Moreover, the NDVI, NIRv and kNDVI
showed positive trends of 0.0005 =+ 0.0008 yr!, 0.0017 + 0.0014 yr!
and 0.0009 + 0.0013 yr™!, respectively (Fig. 1d-f), covering 68.22 %,
74.49 % and 69.71 % of the total pan-Arctic grid cells, respectively
(Fig. 1g-i). This trend of rapid vegetation growth is significantly greater
than that at mid-latitudes (where only 51.80 % of Eurasia is significantly
greener) (Wang et al., 2024) and on the Tibetan Plateau (greening was
found in 55 % of the landmass) (Wu et al., 2024). Owing to the wide
variation in climatic conditions in the pan-Arctic region, the uncertainty
of this vegetation index change is influenced mainly by its spatial dis-
tribution. For spatial patterns, visible greening (referred to as increases
in VIs) was detected in northeast Asia and Europe over time, whereas
localized browning occurred in the low pan-Arctic regions (Fig. 1g-i).
Within the Arctic (>66.5°N), all vegetation types showed an increasing
trend, with significant growth in approximately 40 % of the area and no
significant browning areas, which corroborates previous findings
(Heijmans et al., 2022). The NIRv presented stronger greening signals
than did the NDVI and kNDVI from 2001 to 2023. Overall, all VIs
revealed heterogeneous spatial patterns and robust greening trends
across most pan-Arctic regions. Climatic factors displayed distinct
spatiotemporal variations (Figs. S2-S3; Supplementary Information
Section 2).

3.2. Validation of the applicability of satellite-based VIs

The applicability of three satellite-based VIs for characterizing GPP
variations was validated at FLUXENT sites (Figs. 2 and 3). Among the 83
flux sites, three VIs presented positive correlation coefficients (R values,
p < 0.05) ranging from 0.59 to 0.63, with the highest R value of 0.63 for
the NIRv and the lowest R value of 0.59 for the NDVI. These moderate
correlations may arise from (1) spatial scale mismatches between
coarse-resolution (500-m) VI data and ground-based flux footprints and
(2) incomplete representation of subpixel vegetation heterogeneity. For
all plant functional types, the NIRv demonstrated stronger correlations
(R =0.63 £ 0.32) than did the NDVI (R = 0.59 + 0.36) and kNDVI (R =
0.60 + 0.38), peaking in deciduous broadleaf forests (R = 0.81-0.94)
and showing the weakest performance in croplands (R = 0.47-0.62).
Canopy structural differences further amplified the correlations, with
forests exhibiting a greater R (0.74 + 0.14) than nonforest ecosystems
did (0.68 + 0.12) for the three VIs. For long-term vegetation dynamics
(> 10 years), the observed GPP displayed increasing trends at most sites,
with all VIs showing strong agreement (R = 0.683-0.689; peaking at
0.689 for the NIRv; Fig. 3a-c). Moreover, the NIRv exhibited stronger
greening trends (0.53 + 0.87 % yr_l) than did the NDVI (0.27 4 0.49 %
yr~1) and kKNDVI (0.40 + 0.75 % yr~ 1), which aligns with ground-based
GPP trends (0.57-0.73 % yr~}; Fig. 3d).

The capacity of three VIs to represent the pan-Arctic SIF product was
further investigated at regional scales (Figs. 4 and 5). The NDVI (R =
0.53 + 0.13), NIRv (R = 0.56 + 0.12) and kNDVI (R = 0.51 + 0.11)
demonstrated moderate correlations with SIF at low-mid-pan-Arctic
latitudes but exhibited weak relationships (R < 0.1) at high latitudes
(Fig. 4a-c), likely attributable to subtle pigment variations undetectable
by VI sensors. The three VIs also showed comparable performance in
capturing SIF patterns (Fig. 4d-f). For temporal trends, the NIRv aligned
with the SIF trends across 72.87 % of the pan-Arctic grids (59.41 %
positive, 13.46 % negative), surpassing the NDVI (67.09 %) and kNDVI
(68.14 %) (Fig. 5a-c). Moreover, compared with the NDVI and kNDVI,
the NIRv also significantly improved the representation of the SIF trends
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Fig. 1. (a-c) Spatial patterns, (d-f) temporal trends and (g-i) significant levels of vegetation indices (VIs) in the pan-Arctic region from 2001 to 2023. The numbers in
g-i from —4 to 4 represent various trend levels, following that order: extremely significant decrease, significant decrease, slightly significant decrease, no significant
decrease, no change, no significant increase, slightly significant increase, significant increase and extremely significant increase.

among the ten vegetation types (Fig. 5d). For example, the SIF showed
the highest positive trends, up to 0.48 + 1.29 % yr!, which was
consistent with 0.39 + 0.97 % yr ! for the NIRv and higher than 0.17 +
0.56 % yr ! and 0.28 + 0.79 % yr ! for the NDVI and kNDVI, respec-
tively. Both site-level and gridded validations identified the NIRv as the
optimal proxy for pan-Arctic carbon dynamics, leading us to select the
NIRv for subsequent analysis of climatic drivers.

3.3. Partial correlation analysis between the NIRv and climatic factors

Individual impacts of climatic factors on terrestrial carbon uptake
were isolated through partial correlation analysis (Fig. 6 and Table 1).
From 2001 to 2023, there was a positive correlation between CO2 and
the NIRv (0.13 £ 0.34) across all grids, accounting for 64.18 % of the
total grids (Fig. 6a), indicating strong fertilization effects on terrestrial
carbon uptake due to increasing CO, concentrations. Diffuse and direct
radiation showed weaker partial correlations (—0.11 + 0.27 and 0.10 +
0.28, respectively) with the pan-Arctic NIRv. Precipitation had weaker
responses to the NIRv than did soil moisture (Fig. 6d), and positive
partial correlation coefficients (0.07 + 0.29) between soil moisture and
the NIRv were found, especially in boreal Asia (Fig. 6e). Moreover, in-
creases in the AT contributed stronger positive NIRv responses than
other meteorological factors did over 87.3 % of the pan-Arctic grids

(Fig. 6f), which suggests that photosynthesis is more sensitive to tem-
perature in the cold-limited pan-Arctic region. Similar to the AT, the LST
showed positive partial correlations (0.23 + 0.22) with the NIRv across
most pan-Arctic areas, reflecting the significant effects of warming on
both the extension of the vegetation growing season and summer
photosynthesis. For VPD, the NIRv presented positive responses to in-
creases in VPD at high latitudes but negative responses in low pan-Arctic
regions (Fig. 6g). Compared with those in the low pan-Arctic region
(Fig. 6h, 45°N-60°N), most climatic factors, such as CO, and AT, pre-
sented stronger correlations than did those in the high pan-Arctic region
(Fig. 6h, 60°N-90°N), which is related to differences in plant functional
type (Fig. S1 and Fig. S7).

3.4. Ridge regression analysis between the NIRv and climatic factors

The absolute contributions of climatic factors to terrestrial NIRv
variability (2001-2023) were quantified using ridge regression analysis
(Fig. 7 and Table 1). Increasing CO, contributed the strongest increase in
the NIRv (0.002 + 0.005) in the pan-Arctic regions (Fig. 7a), whereas
negative effects were detected in the low-pan-Arctic regions. Solar ra-
diation (including diffuse and direct radiation) had no significant effects
on the changes in the NIRv due to minimal surface radiation variations
(Fig. 7b and c). Precipitation and soil moisture contributions presented
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Fig. 2. (a) Distribution of FLUXNET sites in the pan-Arctic region and correlation coefficients between three VIs and site-level gross primary productivity (GPP)
among various plant functional types (PFTs). The PFTs included cropland (CRO), deciduous broadleaf forest (DBF), evergreen needleleaf forest (ENF), grassland
(GRA), mixed forest (MF), open shrubland (OSH), and permanent wetland (WET).
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Fig. 3. Comparison of (a-c) temporal trends between three VIs and site-level GPP and (d) their performance among various PFTs. All trends were calculated by the
normalized values of VIs and GPP, and their units are % yr~'. These ground-based sites included more than 10 years of observations of carbon fluxes (e.g., GPP). The
boxplots are shown to indicate differences in all VIs among various PFTs.

similar spatial patterns with negative effects on the NIRv due to soil boreal Asia (Fig. 7f and Fig. S3f). LST enhancements drove minor in-
water saturation in high-pan-Arctic regions (Fig. 7d and e). AT increases creases in the NIRv (0.00008 + 0.001) (Fig. 7h). Increasing VPD pro-
caused positive NIRv values (0.0005 + 0.003) primarily in Europe and moted NIRv changes (0.002 + 0.01) in high pan-Arctic regions (Fig. 7i)
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Fig. 4. (a-c) Correlation coefficient between three VIs and the GOSIF product and (d-f) comparison among various PFTs in the pan-Arctic region from 2001 to 2023.

The black dots indicate significant correlations (p < 0.05).

but weakened the NIRv (—0.0002 + 0.003) in Europe (Fig. 7g). More-
over, decreased VPD enhanced the NIRv in Mongolia (Fig. S3g and
Fig. 7g). From low to high pan-Arctic ecosystems, vegetation greening
trends (NIRv increases) were more sensitive to increasing CO3, AT and
VPD under global warming, despite reduced CO, fertilization (Fig. 7h
and i). Among the vegetation types, CO, presented the highest NIRv
variability (0.0036 + 0.0048) in mixed forest and the lowest (0.001 +
0.005) in grasslands (Fig. S6a). Solar radiation, precipitation and LST
had negligible effects across plant functional types (Fig. S8b-S8d and
S8g). Soil moisture and VPD had significant negative effects on crop-
lands but had no significant effects on other plant functional types. AT
contributed substantially to cropland (0.0026 + 0.0046), particularly in
Europe and boreal Asia (Fig. S1).

In addition to absolute contributions, this study also quantified the
relative contributions of climatic factors to terrestrial NIRv variability in
the pan-Arctic regions (Fig. 8). Among the climatic factors, COy domi-
nated the NIRv variability (34.5 4 18.6 %) over most areas, especially in
boreal Asia (Fig. 8a), substantially exceeding the radiation effects
(Fig. 8b and c). Precipitation controlled the NIRv variability by 8.6 +
9.1 % (Fig. 8d), especially in the low-latitude pan-Arctic with positive
precipitation trends (Fig. S4). Soil moisture and VPD contributed 10.9 +
11.1 % and 11.2 + 12.1 %, respectively, to plant growth, indicating the
importance of water availability to plant growth (Fig. 8e and g). The AT
caused NIRv variability of up to 15.1 + 14.4 %, peaking at 27.6 + 13.5
% in Europe (Fig. 8f). Moreover, the LST contributed 6.7 + 7.2 % to the
pan-Arctic NIRv variability, with the highest values (>20 %) occurring
in Canada (Fig. 8h). Compared with other climatic factors, CO had the
greatest relative contribution across various plant functional types,
peaking at 34.4 + 19.4 % for deciduous needleleaf forest and showing
the lowest value (27.7 + 17.7 %) for cropland (Fig. S9a). Diffuse radi-
ation, direct radiation and precipitation did not significantly differ
among the various plant functional types (Fig. S9b-S9d). Soil moisture
exhibited relatively high contributions (14.2 + 13.4 % and 14.7 + 13.2
%, respectively) for grassland and open shrubland (Fig. S9e), despite
negative absolute effects (Fig. 7). AT had the greatest contribution (19.6

=+ 16.4 %) for cropland but only 9.5 £+ 8.9 % for deciduous broadleaf
forest (Fig. S9f). LST contributed the most to wetland (8.8 + 7.1 %) and
the least to cropland (4.5 + 5.4 %). However, VPD had the strongest
effect (9.8 £ 9.1 %) on deciduous needleleaf forest (Fig. S9g).

4. Discussion
4.1. Advantages of the NIRv for representing pan-Arctic carbon dynamics

This study explored the correlations between three VIs and ground/
satellite-based carbon dynamics across pan-Arctic ecosystems, revealing
the superior performance of the NIRv in capturing vegetation carbon
dynamics, particularly greening trends, compared with the NDVI and
kNDVI (Figs. 1-5). Under low light availability at high latitudes, pan-
Arctic vegetation dynamics are more sensitive to temperature and
water conditions than are tropical ecosystems (Pearson, 2013; Zhang
et al.,, 2022), leading to more vegetation types with simple canopy
structures (e.g., grassland and shrubland) (Heijmans et al., 2022; Oehri
et al.,, 2022). Therefore, pan-Arctic vegetation with simple canopy
structures exhibits faster photosynthetic responses to environmental
changes at the leaf scale, resulting in higher NIR reflectance (Badgley
et al., 2017). Previous studies have shown that NIR reflectance can
better indicate the fraction of photosynthetically active radiation than
NDVI (Sellers, 1987), particularly when separating vegetation signals
from non-vegetated background reflectance. The NIRv is more sensitive
to plant growth in areas with sparse leaf cover than are the NDVI and
kNDVI because of its stronger response to vegetation-specific reflectance
(Zheng et al., 2024). In pan-Arctic terrestrial ecosystems, grasses, shrubs
and tundras (with low heights and simple structures) dominate due to
harsh climatic conditions (Fig. S1). These vegetation types have high
photochemical capacity and absorb more direct than diffuse radiation to
avoid light saturation (Maes et al., 2024; Zhao et al., 2022), enhancing
NIRv sensitivity through direct light reflectance (Badgley et al., 2019).
Similarly, this study revealed that the NIRv captures greening trends
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better than the NDVI and kNDVI do in nontree species with simple
canopy structures (Figs. 3 and 5). For example, the NIRv presented
positive trends up to 1.17 + 1.14 % yr~!, much higher than the 0.56 +
0.59 % yr ! and 0.77 + 0.95 % yr ' for the NDVI and kNDVI, respec-
tively, for grasslands, open shrublands and permanent wetlands, which
was closer to the 1.29 + 1.46 % yr ! of the site-level GPP trends at the
FLUXNET sites (Fig. 3d). However, the NIRv showed similar annual
trends to those of the other VIs in forests (deciduous broadleaf forest,
evergreen needleleaf forest and mixed forest; Fig. 3d).

4.2. Importance of climatic factors to pan-Arctic NIRv variations

This study explored climatic effects on terrestrial NIRv variations
across pan-Arctic ecosystems using partial correlation and ridge
regression analyses from 2001 to 2023 (Figs. 6-8). The results revealed
that CO;, fertilization effects dominated the pan-Arctic greening trends,
whereas heat and water conditions also significantly influenced terres-
trial carbon dynamics (Figs. 6-8). Previous studies have shown that COy
fertilization effects have controlled global land carbon uptake increases
over recent decades (Schimel et al., 2015), although the CO fertilization
efficiency has decreased (Wang et al., 2020). The analysis revealed
positive partial correlations between CO2 and NIRv across most pan-
Arctic regions (Fig. 6a), with the ridge regression showing dominant
CO; contributions (34.5 %) exceeding those of other climatic factors
(Fig. 8). However, such CO, fertilization rates have decreased to 24.2 %
in Europe despite high anthropogenic emissions, potentially linked to
photosynthetic saturation at elevated CO: levels (Tomimatsu and Tang,
2016). Thus, heat and water conditions such as increasing AT and VPD

dominated the NIRv variability in the same low-latitude regions
(Fig. 8h), despite counteracting effects from AT (Fig. 7f) and VPD
(Fig. 7g). Owing to limited solar radiation, the AT is always lower than
the optimal temperature for plant photosynthesis (the temperature
threshold for maximum photosynthesis), resulting in enhanced vegeta-
tion carbon assimilation, with the AT and LST increasing in pan-Arctic
ecosystems (Yuxi et al., 2024). Similarly, results demonstrated signifi-
cant positive correlations between pan-Arctic warming and NIRv across
most regions (Fig. 6f and 7f). Rising temperatures accelerate enzymatic
processes in photosynthesis, improving the vegetation growth efficiency
through earlier growing season onset and extended season length. In
addition, while warming accelerates soil organic matter decomposition
and permafrost thaw (releasing CO2 and CH.), it simultaneously en-
hances vegetation carbon sequestration. Seasonal freeze-thaw cycles
alter soil hydrothermal conditions, with LST fluctuations significantly
affecting vegetation dynamics (Li et al., 2025; Zhang et al., 2024b).
Although the LST was positively correlated with vegetation growth, this
relationship was constrained by limited interannual AT variability.
Diffuse radiation contributed more strongly (7.1 %) than direct radia-
tion did (5.9 %) because of higher light use efficiency (Siriwardana and
Kume, 2025), a phenomenon modulated by aerosol- and cloud-driven
shifts in radiation partitioning.

In addition to CO5 and temperature effects, the results also revealed
that soil moisture and VPD presented diverse NIRv responses through
water regulation under climate change over the past 23 years. Water
availability directly affects plant growth and photosynthesis via atmo-
spheric aridity and soil moisture through leaf and root processes (Novick
et al., 2016a; Sulman et al., 2016). Increased soil moisture enhances root
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Table 1
Summary of the relationships between climatic factors and the NIRv.
Climatic Partial correlation Absolute Relative
factors coefficient contribution contribution
CO, 0.13 £ 0.34 0.002 + 0.005 345+ 18.6 %
piffuse ~0.11 £ 0.27 ~0.0002 £ 0.001  7.1+7.9%
radiation
pirect 0.10 +0.28 ~0.0002 £ 0.001 5.9 +6.8%
radiation
Precipitation —0.15 + 0.34 —0.0003 + 0.002 86+9.1%
Soil moisture 0.07 £ 0.29 —0.0003 + 0.002 109 £11.1 %
AT 0.32 £ 0.27 0.0005 + 0.003 151 +£14.4%
VPD 0.06 + 0.31 0.0003 + 0.002 11.2+121 %
LST 0.23 £ 0.22 0.00008 + 0.001 6.7 +7.2%

water uptake, promoting plant growth and leaf photosynthesis (Konings
et al., 2017). The analysis revealed positive soil moisture-NIRv corre-
lations in most pan-Arctic regions (Fig. 6e), indicating that the regional
NIRv increases with soil moisture (Figs. 7e and S3e). However, these
effects may be limited under high soil water contents (Zhang et al.,
2023). Compared with soil moisture, VPD as a result of air water loss
showed opposing NIRv responses between low and high pan-Arctic re-
gions (Fig. 6g), with negative (positive) correlations with NIRv in low

(high) pan-Arctic regions. As the temperature increases, the saturated
water vapor pressure increases exponentially, increasing VPD more
rapidly than the temperature itself. This nonlinearity implies that
warmer ecosystems may experience disproportionately higher VPD
under future warming, potentially intensifying water stress despite
uniform temperature changes (Adams et al., 2009). Previous studies
have shown that increased VPD can reduce plant photosynthesis and
carbon assimilation through stomatal closure under dry conditions
(Novick et al., 2016a, 2016b). However, this inhibition may reverse
under low background VPD (Woodruff et al., 2010), as stomatal opening
is stimulated by moderate aridity (Sellin et al., 2017). Zhong et al.
(2023) identified an optimal VPD range (0.35-0.40 kPa) for leaf
photosynthesis using satellite data. Zhou et al. (2023) similarly reported
that site-level GPP showed nonlinear responses to VPD changes, with an
optimal VPD ranging from 0.2 to 0.3 kPa, with machine learning models
at global FLUXNET sites. As a result, VPD increases the NIRv in high pan-
Arctic regions (background VPD < threshold; Fig. S2) but suppresses the
NIRv in low pan-Arctic ecosystems (Fig. 7h and i). Similarly, Yuan et al.
(2019) reported that VPD was positively correlated with the satellite-
based leaf area index over high latitudes from 1982 to 2015, indi-
cating positive contributions of increased VPD to high-latitude vegeta-
tion productivity.



C. Meng et al.

Ecological Informatics 90 (2025) 103267

-0.02

|
NIRv (Unitless) 0.02

@

g

=}

2 0.01

£ 001t

g o

8 60°-90°N

2

5

§ 0.01 -

<
0.00 |-l = B o s |
-0.01 |-

45°-60°N

[ CO, [l Diff [ Direct [ Prectot
SM AT [ vPD [ LST

Fig. 7. Absolute contributions of seven climatic factors to the NIRv in the pan-Arctic region from 2001 to 2023. The latitudes are divided into 45°-60°N (h, low pan-

Arctic) and 60°-90°N (i, high pan-Arctic).
4.3. Uncertainties and limitations

There are several uncertainties and limitations in this study, as fol-
lows: (1) The spatial heterogeneity of flux sites may influence the
effectiveness of three VIs on pan-Arctic terrestrial carbon uptake. For
example, most sites (> 95 %) are located in Europe and America, and
very few sites are located in boreal Asia with high tree cover (Fig. 2a). As
an alternative, gridded SIF products were used to represent regional
carbon assimilations, with results confirming the robustness of NIRv for
representing pan-Arctic vegetation carbon dynamics at regional scales
(Figs. 3 and 4). (2) The neglect of human activities such as irrigation and
management may have influenced our results for croplands in low Pan-
Arctic areas (Fig. S1). However, the area of croplands is smaller than
those of grasslands and shrublands, so this neglect has a minimal effect
on the main climatic drivers. (3) Partial correlation and ridge regression
address climatic factor collinearity (e.g., radiation-temperature; Li
et al., 2023) but ignore interactions. Our recent study discussed the main
and interactive effects of climatic factors on site-level GPP at the global
FLUXNET and reported that the main effects of climatic factors were
much stronger than their interactions (Zhou et al., 2023). Therefore,
neglecting interactions with climatic factors may have only limited ef-
fects on our results. (4) Using only the NDVI/NIRv/kNDVI excluded
other indices (e.g., MSAVI/SAVI). Future work will explore other VIs for
pan-Arctic carbon dynamics. (5) Site-level studies have shown that the

biodiversity of Arctic tundra, such as lichens (Erlandsson et al., 2023),
can influence terrestrial vegetation variations (Crichton et al., 2022;
Nakatsubo et al., 2023; Zeng et al., 2021), but neglecting some vegeta-
tion types had a limited impact on the results. This study examined ten
vegetation types (Fig. S1) to distinguish differences in climatic drivers
across various vegetation cover types.

5. Conclusions

This study first assessed the applicability of three VIs in representing
pan-Arctic vegetation carbon dynamics and then isolated the separate
contributions of various climatic factors to terrestrial carbon dynamics
variability from 2001 to 2023. The three VIs (NDVI, NIRv and kNDVI)
showed increasing trends of 0.0005 + 0.0008 yr1, 0.0017 + 0.0014
yr’1 and 0.0009 + 0.0013 yr’1 in the pan-Arctic ecosystems, accounting
for 68.22 %, 74.49 % and 69.71 % of the total pan-Arctic grids,
respectively. These greening trends in pan-Arctic terrestrial ecosystems
may significantly affect the land-atmosphere energy balance and
regional climate change. Both site-level and gridded validations
revealed that the NIRv performed better than did the NDVI and kNDVI in
representing pan-Arctic greening trends across plant functional types.
Therefore, satellite-based NIRv data were used to indicate terrestrial
carbon dynamics in pan-Arctic ecosystems. Further attribution analysis
revealed that CO, and AT had positive partial correlations with satellite-
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based NIRv measurements and contributed 34.5 % and 15.1 %,
respectively, to carbon dynamics. In contrast, VPD showed positive
(negative) partial correlations with NIRv variations in high (low) pan-
Arctic ecosystems. Thus, VPD enhances carbon assimilation in the
high-latitude pan-Arctic but weakens vegetation photosynthesis in the
low-latitude pan-Arctic.
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