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Abstract: With global climate change, linking vegetation phenology with net ecosystem productivity
(NEP) is crucial for assessing vegetation carbon storage capacity and predicting terrestrial ecosystem
changes. However, there have been few studies investigating the relationship between vegetation
phenology and NEP in the middle and high latitudes of the Northern Hemisphere. This study
comprehensively analyzed vegetation phenological changes and their climate drivers using satellite
data. It also investigated the spatial distribution and climate drivers of NEP and further analyzed
the sensitivity of NEP to vegetation phenology. The results indicated that the average land surface
phenology (LSP) was dominated by a monotonic trend in the study area. LSP derived from different
satellite products and retrieval methods exhibited relatively consistent responses to climate. The
average SOS and POS for different retrieval methods showed a higher negative correlation with
nighttime temperatures compared to daytime temperatures. The average EOS exhibited a higher
negative correlation with daytime temperatures than a positive correlation. The correlations between
VPD and the average SOS, POS, and EOS showed that the proportion of negative correlations was
higher than that of positive correlations. The average annual NEP ranged from 0 to 1000 gC-m~2. The
cumulative trends of NEP were mainly monotonically increasing, accounting for 61.04%, followed
by monotonically decreasing trends, which accounted for 17.95%. In high-latitude regions, the
proportion of positive correlation between VPD and NEP was predominant, while the proportion
of negative correlation was predominant in middle-latitude regions. The positive and negative
correlations between soil moisture and NEP (48.08% vs. 51.92%) were basically consistent in the study
area. The correlation between SOS and POS with NEP was predominantly negative. The correlation
between EOS and NEP was overall characterized by a greater proportion of negative correlations
than positive correlations. The correlation between LOS and NEP exhibited a positive relationship in
most areas. The sensitivity of NEP to vegetation phenological parameters (SOS, POS, and EOS) was
negative, while the sensitivity of NEP to LOS was positive (0.75 gC-m~2/d for EVI vs. 0.63 gC-m~2/d
for LAI vs. 0.30 gC-m~2/d for SIF). This study provides new insights and a theoretical basis for
exploring the relationship between vegetation phenology and NEP under global climate change.
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1. Introduction

Vegetation is a crucial component of terrestrial ecosystems and is highly responsive to
climate change [1-3]. Vegetation phenology is considered a sensitive and precise indica-
tor for assessing how terrestrial vegetation responds to climate change [4-8]. Terrestrial
vegetation adapts to climate change by altering its cyclical phenological patterns (e.g., bud-
burst, leaf unfolding, leaf greening, flowering, fruiting, leaf browning, leaf shedding), such
as early leaf greening and delayed leaf browning [9-16]. Vegetation phenology signifies
the timing of canopy photosynthesis, playing a pivotal role in vegetation’s absorption
of carbon dioxide from the atmosphere and carbon accumulation [17,18]. Furthermore,
the extension of the vegetation growth period will significantly change the vegetation
transpiration and surface albedo patterns, thereby affecting the water cycle and surface
energy flow processes [2,19-22]. As global temperature rise becomes a general consensus,
there are forecasts indicating that the global temperature may increase by 2.0 °C to 4.9 °C
by the early 22nd century, which will significantly alter the patterns of vegetation phenol-
ogy [23]. Therefore, further enriching the understanding of vegetation phenology is of
great significance for addressing the challenge of climate change.

The traditional method of vegetation phenology monitoring relies on manual visual
assessment at specific observation sites, recording the phenophases of individual or mul-
tiple plants, such as the dates of the first visible leaf stalk, the first appearance of flower
buds, the first ripe fruits, and the date of 50% autumnal leaf fall [24,25]. Although manual
observation can provide reliable phenological records, it is difficult to obtain complete data
on large-scale plant communities and to conduct a comprehensive analysis of the spatial
pattern of vegetation phenology in large areas due to the limitations of observation sites,
time, and labor costs [26]. In recent decades, with the rapid development of remote sensing
technology, the monitoring scope of vegetation phenology has expanded from single-site
scale to regional, hemispheric, and even global scales [27-29]. The remote sensing of land
surface phenology (LSP) utilizes high temporal and spatial resolution satellite datasets to
retrieve LSP based on developed algorithms, with specific phenological indicators includ-
ing the start of the growing season (SOS), the peak of the growing season (POS), the end
of the growing season (EOS), and the length of the growing season (LOS) [13,30]. Remote
sensing vegetation indices such as the Normalized Difference Vegetation Index (NDVI) and
the Enhanced Vegetation Index (EVI) are considered effective proxies for reflecting vegeta-
tion greenness [31-33] and are extensively used in vegetation phenology studies [34-36].
Compared with EVI, NDVI is oversaturated in high biomass areas and is more sensitive
to the influence of the atmosphere and soil [37]. Biophysical variables, such as leaf area
index (LAI) and solar-induced chlorophyll fluorescence (SIF), can more directly represent
vegetation structural information and approximate photosynthetic activity, respectively,
showing stronger sensitivity to high-density vegetation and the ability to capture vegetation
productivity [38,39].

Research has indicated that compared to vegetation indices, measurements of phe-
nology by LAI and SIF are more robust and closer to ground-based phenological observa-
tions [40,41]. Assessing the differences in LSP retrieved by EVI, LAI, and SIF helps deepen
the understanding of vegetation phenological changes and their connections and distinc-
tions in the middle and high latitudes of the Northern Hemisphere. A comprehensive
comparative analysis of vegetation phenology based on EVI, LAI, and SIF can provide a
deeper investigation into the mechanisms through which climate change impacts vegetation
phenology. Studies have shown that the NDVI and SIF have similar climatic controls on the
SOS. However, compared to NDVI, warming has not significantly affected the EOS derived
from SIF in high-latitude regions [42]. Some studies suggested that the NDVI had a longer
LOS compared to SIF [43], which can impact the carbon sink of terrestrial ecosystems.
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Vegetation fixes the carbon dioxide released into the atmosphere through photosyn-
thesis, establishing a vast terrestrial carbon storage reservoir, which plays a crucial role in
maintaining the balance of carbon dioxide in the atmosphere and alleviating the global
warming trend [44—46]. NEP indicates the ecosystem’s ability to convert carbon sources
into sinks, representing the net effect of ecosystem cycling [47-50]. Exploring the response
of NEP to LSP derived from EVI, LAI and SIF will help us better understand the relation-
ships among carbon sequestration, vegetation greenness, vegetation structure information,
and vegetation photosynthesis. At present, studies are mainly focusing on exploring the
relationship between LSP and NPP, which is directly linked to NEP. For instance, in Central
Asia, NPP was positively correlated with delayed SOS and negatively correlated with
advanced EOS [10]. In the Qinghai-Tibet Plateau, advanced SOS had a significant negative
correlation with spring NPP (R = —0.808, p < 0.01), while delayed EOS had a positive corre-
lation with autumn NPP (R = 0.587, p = 0.058) [51]. Research also revealed that with the
prolonged LOS, the NPP of alpine meadows increased by 3.4 gCm~2/d, whereas the NPP of
alpine grasslands decreased by 0.34 gCm 2 /d in the Qinghai-Tibet Plateau [52]. Vegetation
phenological changes also impact the carbon sequestration capacity of vegetation. Research
utilizing the GIMMS LAI3g remote sensing dataset and simulated gridded NEP dataset
has revealed that the early greening of vegetation enhanced the NEP of vegetation during
summer in the middle and high latitudes of the Northern Hemisphere [53]. However,
there are few studies that quantitatively assess the relationship between NEP and the LSP
derived from EVI, LAI, and SIF. Further studies can enhance our understanding of the
interplay among LSP, climate change, and NEP.

With global warming, the middle and high latitudes of the Northern Hemisphere
have undergone significant vegetation phenological changes, which have also impacted the
regional vegetation carbon sink capacity. This study utilized three satellite product datasets
(EVI, LAI and SIF) from 2001 to 2021, along with estimated NEP, to assess the responses
of LSP and NEP to climate change, as well as the relationship between LSP and NEP. The
specific works are as follows: (1) to quantitatively analyze the spatiotemporal changes in
LSP and climate forces; (2) to investigate the spatiotemporal changes and climate forces of
NEP in regional scale and site scale; (3) to examine the correlation and sensitivity between
NEP and LSP; (4) to explore the preseason climate controls and climate sensitivity of LSP;
(5) to analyze the climate sensitivity of NEP and its relationship with LSP. This study offers
a scientific basis for enhancing the understanding of the relationship between LSP and NEP
based on different satellite data under climate change patterns.

2. Materials and Methods
2.1. Study Area

The study area is the north of 30° in the Northern Hemisphere, including Eurasia
and North America and parts of northern Africa (Figure 1), with a total land area of
approximately 71.36 x 10° km?. The vegetation cover type is dominated by Grassland
(33.30%), followed by Open Shrublands (17.60%), Woody Savannas (16.60%), Savannas
(14.22%), Mixed Forests (9.43%), Evergreen Needleleaf Forests (4.85%), Deciduous Broadleaf
Forests (3.34%), Deciduous Needleleaf Forests (0.45%), Evergreen Broadleaf Forests (0.14%)
and Closed Shrublands (0.07%). The climate types are complex and diverse in the study
area. According to the latest Koppen—Geiger climate classification system [54], there are a
total of 26 climate types in this region. In areas with vegetation cover, there are 11 climate
types that account for more than 1% of the area, encompassing four major climate categories:
arid, temperate, cold, and polar climates (Figure S1). The highest region is located in the
Tibetan Plateau, with an elevation of about 7596 m, while the lowest area is at Lake Baikal,
with a depth of 1529 m. The area of plains below 200 m accounts for 32.52%. The climate
of the study area is characterized by an average temperature of —15.39 °C in January, an
average temperature of 16.10 °C in July, and an average annual precipitation of 41.72 mm.
The region spans a wide range of latitudes and longitudes, and also exhibits distinct vertical
zonation. The diverse and complex geographical environments and ecosystem structures
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are of significant importance for understanding vegetation phenology changes and carbon
storage capacity [55,56].

Vegetation type Elevation (m)

I I B L T T ]

ENF EBF DNF DBF MF CS OS WS SA GRA -1529 -8 1208 2425 3642 4858 6075 7596

Figure 1. The spatial distribution of vegetation types (a) and elevation (b) in the middle and
high latitudes of the Northern Hemisphere. The left histogram (a) represents the proportion of
the corresponding land cover type, and the right histogram (b) represents the proportion of the
corresponding elevation. ENF: Evergreen Needleleaf Forests; EBF: Evergreen Broadleaf Forests; DNF:
Deciduous Needleleaf Forests; DBF: Deciduous Broadleaf Forests; MF: Mixed Forests; CS: Closed
Shrublands; OS: Open Shrublands; WS: Woody Savannas; SA: Savannas; GRA: Grasslands.

2.2. Data Sources
2.2.1. Satellite Dataset

The LAI dataset was obtained from the global land surface reflectance satellite product
(http://www.glass.umd.edu/LAI/MODIS, accessed on 1 October 2024). It was generated
by integrating existing global LAI products such as MODIS C6, GLASS V5, and PROBA-V
V1, and utilizing the bidirectional long short-term memory (Bi-LSTM) model. Compared to
alternative products, this dataset demonstrated superior performance in resisting cloud
and snow contamination, as well as higher accuracy [57]. In our study, we selected the
LAI dataset from 2001 to 2021, with a spatial resolution of 0.05°and 500 m, and a temporal
resolution of 8-day intervals.

The MODIS Seamless Data Cube (SDC) with a spatial resolution of 500 m and 0.05°
is sourced from the Pengcheng Star Cloud platform (https://data-starcloud.pcl.ac.cn/
resource/28, accessed on 1 October 2024). Based on the daily MODO09GA 500 m dataset, the
MODIS SDC product used time series algorithms to fill in cloud-contaminated observations,
eliminated anomalous fluctuation information, and better retained the characteristics of
surface dynamic changes, with good spatio-temporal continuity [58]. The MODIS SDC
product has been utilized for phenological studies in high latitude and high altitude regions
of the Northern Hemisphere, demonstrating a good correlation with phenological records
from observation sites [55]. To match the temporal resolution of the LAI dataset, we selected
the MODIS SDC reflectance dataset with an 8-day interval for further research from 2001
to 2021.
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SIF is an important indicator to characterize photosynthetic rate [59]. Due to its strong
correlation with gross primary productivity (GPP), SIF can be used as an approximation
for GPP [60]. To maintain consistency with the temporal resolution of LAI and MODIS
SDC products, a continuous SIF dataset with an 8-day interval was selected, spanning from
2001 to 2021, accompanied by a spatial resolution of 0.05° (https://data.tpdc.ac.cn/home,
accessed on 1 October 2024) [61]. The dataset has been widely used for research on
vegetation phenology changes at the regional and hemispheric scales [42,43,62-64].

The selected annual NPP tile dataset is the MOD17A3HGF V6.1 product, which has a
resolution of 500 m and was obtained from the NASA website (https://lpdaac.usgs.gov/
products/mod17a3hgfv061, accessed on 1 October 2024). After a series of post-processing
steps on the dataset, including mosaicking, resampling, removing fill values, and clipping,
an annual NPP dataset with a spatial resolution of 0.05° was ultimately obtained for the
years 2001 to 2021.

2.2.2. Climate and Other Auxiliary Datasets

The monthly daytime and nighttime temperature datasets are sourced from the MODIS
MOD11C3 product (https:/ /lpdaac.usgs.gov/, accessed on 1 October 2024), with a res-
olution of 0.05°. The monthly soil moisture, VPD, maximum temperature, and mini-
mum temperature datasets were obtained from the TerraClimate dataset (https://www.
climatologylab.org/, accessed on 1 October 2024), with a resolution of 4.6 km. The time
span of the entire climate dataset ranges from 2001 to 2021. To maintain consistency with
the spatial resolution of the satellite dataset, the soil moisture, VPD, maximum tempera-
ture, and minimum temperature datasets derived from the TerraClimate products were
resampled to 0.05°.

The MODIS land cover (MCD12Q1) product, accompanied by the International
Geosphere-Biosphere Programme (IGBP) classification system, was adopted to study veg-
etation phenological changes within specific vegetation functional types. Due to the
significant impact of human activities on cultivated land, including planting and irriga-
tion, we have excluded the cultivated land areas. Eventually, ten vegetation types were
discussed in our study, including Evergreen Needleleaf Forests (ENF), Evergreen Broadleaf
Forests (EBF), Deciduous Needleleaf Forests (DNF), Deciduous Broadleaf Forests (DBF),
Mixed Forests (MF), Closed Shrublands (CS), Open Shrublands (OS), Woody Savannas
(WS), Savannas (SA) and Grasslands (GRA).

The net ecosystem carbon exchange (NEE) dataset was used in our study from 2001
to 2019. The dataset integrated eddy covariance (EC) flux tower data and remote sensing
data and employed a random forest model along with an adaptive genetic optimization
algorithm to estimate NEE at 8-day intervals [65]. The estimated NEE site data includes
the IGBP land cover classification codes (IGBP_encode), prediction accuracy (pred_r2),
and years. We excluded sites with a classification code of cropland, sites with a prediction
accuracy below 0.5, and sites with a time span covering fewer than 10 years. Ultimately,
1289 sites were retained for further research. The statistics of sites with different vegetation
type functions can be found in Table S1.

The surface elevation data originates from the ETOPO 2022 product released by the
NOAA National Centers for Environmental Information, with a resolution of 60 arc-seconds
(https:/ /www.ncei.noaa.gov/products/etopo-global-relief-model, accessed on 1 October
2024). The ETOPO 2022 product integrated various topographic data sources, such as
airborne lidar, satellite-derived topography, and other terrain survey data, and employed
the latest algorithms to correct issues with data stitching, point artifacts, and elevation
discrepancies, resulting in higher accuracy compared to the older ETOPO products. To
ensure consistency in spatial resolution with other datasets, the ETOPO 2022 product was
resampled to 0.05° for further analysis.
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2.3. Methods
2.3.1. Retrieval of LSP

In the middle and high latitudes of the Northern Hemisphere, snow cover greatly
affects the uncertainty of LSP retrieval. To mitigate the interference of snow on EVI, LAI,
and SIF, this study referenced previous research and employed the Normalized Difference
Snow Index (NDSI) to identify pixels affected by snow contamination [55]. When NDSI
is greater than 0, it indicates the presence of snow cover in the pixel, while NDSI less
than 0 indicates the absence of snow contamination. This study first calculated the 8-day
interval NDSI and EVI using the MODIS SDC reflectance dataset (Table S2). Then, the
NDSI was used to filter snow-affected pixels from the time series of EVI, LAI, and SIF, with
background values filled using the 5th percentile of snow-free observations. To eliminate
the interference of bare soil, gravel, and sparse vegetation, pixels with annual average
EVI < 0.08, annual average LAI < 0.1, or annual average SIF < 0.03 were removed. In order
to minimize the impact of different phenological retrieval methods on the phenological
results, we evaluated the LSP extracted by three methods and averaged the corresponding
phenological parameters for further research.

The first method used cubic spline and Savitzky—Golay (SG) filtering to reconstruct the
time series curve. Firstly, the SG filtering was used to smooth the EVI, LAI, and SIF values
after removing snow contamination. Subsequently, the daily EVI, LAI, and SIF values
were reconstructed using the cubic spline function (Equation (1)) [66]. Finally, the LSP was
retrieved by the method of amplitude threshold (Equation (2)) [67]. SOS was defined as
the date when the values of EVI, LAI, and SIF ascend to an amplitude of 0.5 during the
vegetation development period. EOS was defined as the date when the values of EVI, LA],
and SIF descend to an amplitude of 0.5 during the vegetation dormancy period. POS was
defined as the date corresponding to the peak value in the fitted time series.

Si(x) = a; + bi(x — x;) +ci(x — x;)* + di(x — x;)° 1)

where S;(x) represents the fitted values of EVI, LAI and SIF. x and x; are two adjacent
points (the time step for EVI, LAI and SIF is 8 days, a total of 46 values in a year). a;, b;, ¢;
and d; are the fitting coefficients.

ThrEShOZdSOS(EOS) = Valuemin,up(min,down) +C x (Valuemax - Valuemin,up(min,down)) 2)

where Valuenin,,p represents the minimum value of EVI, LA and SIF during the ascending
phase of the year. Value,n 400, represents the minimum value of EVI, LAL and SIF during
the descending phase of the year. Valuenax represents the maximum value of EVI, LAI,
and SIF in a year. C is the threshold coefficient, which is 0.5 in this paper [5,27,68,69].

The second method utilized the harmonic analysis of time series (HANTS) algorithm
(Equations (3) and (4)) to reconstruct daily time series of EVI, LAI, and SIF, which has
been widely employed for reconstructing time series of NDVI, EVI, LAI, and land surface
temperature (LST) [70-73]. Subsequently, the method of relative changing rate (Equation (5))
was applied to retrieve LSP [74]. SOS was defined as the date of the maximum relative
changing rate during the vegetation development period, while EOS was defined as the
date of the minimum relative changing rate during the vegetation dormancy period. POS
was defined as the date of the maximum value of the fitted time series.

v =ag+ ) aycos2mfut) + by sin(2mfut") 3)

n—1
g = e @
where yij , gﬁ and €/ represent the snow-free EVI, LAI, and SIF, the fitted EVI, LAI, and SIF,

and the error at pixel position (i, j). t denotes the date corresponding to EVI, LAI, and SIF.
N is the maximum number of harmonic components associated with the frequencies (f;).
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a, and by are the coefficients of cosine and sine components with f;. a9 can be considered
as the coefficient at zero frequency.

Fratio(t) = [V(t+1) - Y(t)] /Y(t) )

where Y(+) means the EVI, LAI, and SIF at the date of ¢, and Y(t+1) denotes the EVI, LAI,
and SIF at the date of £ + 1. f,,,(;) represents the relative changing rate at the date of £.

The third method employed the double logistic function (Equation (6)) to reconstruct
a daily series of EVI, LAI, and SIF [75]. SOS was defined as the date of the local maximum
of the first derivative, while EOS was defined as the date of the local minimum of the first
derivative. Similarly, POS was defined as the date of the maximum value of the fitted time
series using the double logistic function.

1 1
14 e—a3x(t—ayg) + 1 4 esx (t—a)

Y = a1+ (a2 —ap) x ( ) (6)
where Y denotes the fitted EVI, LAI, and SIF at the date of ¢. a; and a, denote minimum
and maximum value of EVI, LAI and SIF for each year. a3 and as are the rates of increase
and decrease at the inflection point. a4 and ag are the initial estimates of the inflection points.

2.3.2. NEP Estimation Method in Regional Scale and Site Scale

On a regional scale, NEP is defined as the difference between NPP and soil microbial
respiration [76], and it has been widely used to estimate vegetation carbon sources/sinks.
When NEP > 0, it indicates that the carbon fixed by the ecosystem is greater than the carbon
released into the atmosphere, which is called a carbon sink. When NEP < 0, it signifies
that the carbon fixed by the ecosystem is less than the carbon released into the atmosphere,
which is called a carbon source [77]. The formula for NEP is as follows:

NEP = NPP — Ry (7)

where Ry means soil microbial respiration, which can be estimated through an empirical
model [78], which has been used by many scholars [79-82]. The formula for Ry is as follows:

Ry = 0.22 x (e0~0912T n 1n0~3145p+1) % 30 X 46.5% 8)

where T represents the average annual temperature (°C), and R represents the average
annual precipitation (mm), and 46.5% is the proportion of carbon emissions released by
soil microbial respiration.

In site scale, NEE site data was converted to NEP (NEP = —NEE) for site-scale re-
search [83-85].

2.3.3. Trend Analysis Using Ensemble Empirical Mode Decomposition (EEMD) Method

The EEMD method enhances signal analysis by decomposing the original time series
into multiple intrinsic mode functions and a secular trend function. This improvement
in decomposition capabilities addresses issues such as mode mixing and spurious modes
present in the EMD method, making it more effective for analyzing complex time series [86].
The original time series x(t) can be expressed as follows:

x(t) = Y IME(t) + R(¢) ©)
i=1

where 1 represents the number of intrinsic mode functions (IMFs), i denotes the i-th IMF,
and R(t) represents the secular trend.

Considering computational efficiency and the robustness of the decomposition, we
repeated the above steps 500 times, each time inputting different white noise to obtain



Remote Sens. 2024, 16, 4101

8 of 32

varying decomposition results. Finally, we averaged these results to obtain the mean set
of IMFs and the secular trend. The cumulative trend (Equation (10)) was defined as the
overall change between the initial time () and the ending time (f,,,4) [87]. The average
changing rate of the instantaneous trend of EEMD (Equation (11)) was defined as the
cumulative trend divided by the time interval, representing the average EEMD trend [88].
According to the EEMD method, the types of cumulative trends can be classified into four
categories: monotonically increasing, monotonically decreasing, increasing to decreasing,
and decreasing to increasing [89-91].

Trendacey = R(teng) — R(to) (10)

Trendavemge = Trendﬂccu/(tmd - tO) (11)

where R(fg) and R(t,,;) represent the initial and final values of the observed time series.

2.3.4. Correlation Analysis

A Pearson correlation analysis (Equation (12)) was conducted to detect the spatial
linear correlation between NEP and LSP. When the correlation coefficient is greater than
0, it indicates a positive correlation, while a coefficient less than 0 indicates a negative
correlation. The larger the absolute correlation coefficient, the stronger their correlation.
When the p-value is less than 0.05, it indicates that the correlation coefficient has passed
the significance test, suggesting that there is a significant linear relationship between the
two variables.

(x; = %) (yi —Y)
r=— (12)

L =2 —\2
\/Z(xi—x) (vi —¥)
i=1 i
where r represents the Pearson correlation coefficient. x; and y; represent the LSP and NEP

for the i-th year. n represents the number of years. X and ¥ represent the average values of
multi-year LSP and NEP, respectively.

Tro=

It

2.3.5. Partial Correlation Analysis

Partial correlation analysis was used to detect the partial correlations between individ-
ual preseason climate factors (soil moisture, nighttime temperature, daytime temperature,
and VPD) and LSP, as well as between annual climate factors (minimum temperature, max-
imum temperature, soil moisture, and VPD) and NEP, while controlling other preseason
and annual climate variables. The formula for partial correlation is as follows:

ny - szRyz
nyxz = 2 2
\/(1 - sz)(l - Ryz)

(13)

where ny, R,; and Ryz refer to the correlations between x and y, x and z, and y and z,
respectively, when controlling for z, ¥ and x, respectively. Due to the lag and cumulative
effects of climate responses on vegetation phenology, the preseason length was set to
0—4 months, and the maximum partial correlation coefficient was used as the correlation
value between vegetation phenology and climate factors, with the preseason length defined
as the optimal preseason length [74,92,93]. The annual NEP and annual climate factors
were directly input into the model without considering their preseason length.

2.3.6. The Analysis of Sensitivity and Three-Dimensional Change Patterns

In this study, the slope of the linear regression model was used to characterize the
sensitivity of vegetation phenology and NEP to preseason climate factors and annual
climate factors, as well as the sensitivity of NEP to vegetation phenology (Equation (14)).
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The preseason climate data was derived from pixel values at the optimal preseason length
for each climate factor.
y=Sxx+e (14)

where S represents the slope of the linear regression, that is, the sensitivity. For the
sensitivity of LSP to preseason climate, i represents the LSP, and x represents the preseason
climate factor. For the sensitivity of NEP to annual climate factors, y is NEP, and x is the
annual climate factor. For the sensitivity of NEP to LSP, y is NEP, and x is the LSP.

In order to explore the variation patterns of global NEP with altitude, latitude, and
longitude, we adopted a research method similar to that of Gao et al. [56], and applied
a multiple linear regression model (Equation (15)) combined with a 2.5° x 2.5° sliding
window for analysis.

y=ay X Alt +ay x Lat +a3 x Lon +¢ (15)

where y corresponds to the NEP of each pixel. Alt, Lat and Lon correspond to the altitude,
latitude, and longitude of each pixel, respectively. a1, a, and a3 are the regression coefficients
of multiple regression, characterizing the gradient of NEP with altitude, latitude, and
longitude. € represents random error. According to Gao’s perspective, multiple regression
analysis was conducted in the window only when the number of valid values exceeds half
and the elevation is above 50 m.

3. Results
3.1. The Spatiotemporal Variation and Climate Driving of LSP

Based on three phenological retrieval methods, the overall spatial distribution of
LSP for the three satellite products was similar (Figures 52-54). However, in terms of
specific LSP dates, the LSP retrieved by the HANTS method showed significantly larger
differences compared to the LSP retrieved by cubic spline method and double logistic
method (Table S3). For instance, the maximum difference in LOS among the various
satellite products was 10.26 days and 11.35 days using the cubic spline method and double
logistic method, respectively. However, for the HANTS method, the maximum difference
in LOS among the different satellite products was 47.06 days. After averaging the three
phenological retrieval methods, the maximum difference in LOS across different satellite
products was reduced to 6.5 days.

The average LSP derived from three phenological retrieval methods showed that for
SOS, EVIgpg primarily concentrated between 140 and 180 days, while LAIgos and SIFsog
mainly concentrated between 120 and 160 days (Figure 2). For POS, EVIpps mainly con-
centrated in the range of 190-230 days, while LAIpps and SIFpps primarily focused on
the range of 170-210 days. For EOS, EVIgos and SIFgog mainly concentrated in the range
of 240-280 days, while LAIgog primarily focused on the range of 220-280 days. For LOS,
EVIj 0s, LALL 0s, and SIF} og primarily concentrated in the range of 90-110 days. Based on
the cumulative trends of LSP, it was found that the spatial distribution of the cumulative
trends was similar across different retrieval methods and satellite products, and the pro-
portion of the four trend types was consistent (Figures S6-5S11). The cumulative trends
for average SOS and POS were primarily advanced by 0 to 5 days, while the cumulative
trend for average EOS was mainly concentrated between —5 and +5 days (Figure 3). The
cumulative trend of average LOS showed a predominant extension trend in the middle
and high latitudes of the Northern Hemisphere. The trend types for average SOS and
POS across different satellite products were predominantly characterized by a monotonic
decrease, with proportions generally ranging from 50% to 60% (Figure S5). The trend
types for average EOS were predominantly characterized by a monotonic increase, with
proportions ranging from 36% to 46%. Across different satellite products, the predominant
trend type for average LOS was a monotonic increase, accounting for proportions between
39% and 49%, followed by monotonic decreasing trends with proportions ranging from
24% to 33%.
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Figure 2. The spatial distribution of multi-year average LSP retrieved by three different methods and
different satellite products over the period of 2001-2021. Each histogram in the bottom left corner
represents the frequency distribution of the corresponding phenological date.

From the interannual variation analysis (Figure 4), it could be found that the average
EEMD trend of SOS, POS, and LOS maintained a consistent direction across the three satel-
lite products. However, the average EEMD trend of EOS showed different trend directions
among the three satellite products, with EVIgog and SIFgpg advancing by 0.03 days/yr and
0.01 days/yr, respectively, while LAIgog extended by 0.02 days/yr. For different vegetation
types, the average SOS and POS (Table S4) showed a consistent trend of advancement
across various satellite products in terms of the average EEMD trend. However, there were
differences in the direction of the average EEMD trend for EOS and LOS across most vege-
tation types. For instance, for the LOS of ENF, EVI; og and SIF; og showed advancements of
0.13 days/yr and 0.03 days/yr, while LAl og showed an extension of 0.15 days/yr. For the
LOS of MF, EVI; pog and SIF; os showed advancements of 0.03 days/yr and 0.05 days/yr,
while LAI} os showed an extension of 0.14 days/yr.



Remote Sens. 2024, 16, 4101 11 of 32

Cumulative trend (days)

SOS I \ \ | [ POS I | \ \ [
20 15 10 -5 0 5 10 15 20 -1%5 .10 -5 0 5 10 15 20 25
EOSHEENTT [ [ [ LOS NN [T
-25 -20 -15 -10 -5 0 10 15 20 25 -30 -25 -20 -15 10 -5 0 5 10 15

Figure 3. The spatial distribution of the cumulative trend of average LSP using the EEMD method
based on different satellite products and retrieval methods from 2001 to 2021. The histogram inserted
in the bottom left corner of each panel describes the frequency distribution of the corresponding
cumulative trend.

Daytime temperature, nighttime temperature, soil moisture, and VPD were selected
as climate factors, and partial correlation analysis was applied to quantify the response of
LSP to climate based on different satellite products and phenological retrieval methods
(Figures 5 and 512-521). The response of LSP to climate, derived from different satellite
products and various retrieval methods, exhibited a relatively consistent characteristic.
Soil moisture showed a higher proportion of positive correlation with SOS and POS than
negative correlation, while the proportion of positive correlation with EOS was close to
that of negative correlation. The negative correlation between SOS and POS with nighttime
temperatures was higher than that with daytime temperatures. The proportion of negative
correlation between EOS and daytime temperature exceeded the proportion of negative
correlation between EOS and nighttime temperature. The partial correlation of VPD with
the phenological parameters (SOS, POS, and EOS) showed a higher proportion of negative
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correlations than positive correlations, indicating that as the saturation vapor pressure
increased, the dates of SOS, POS, and EOS tended to occur earlier in most areas of the
middle and high latitudes of the Northern Hemisphere.
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Figure 4. Interannual variations of average LSP from 2001 to 2021. Panels (a—d) represent the
interannual variations of average SOS, POS, EOS, and LOS based on different remote sensing satellite
datasets and retrieval methods. The “linear trend” refers to the trend of phenological parameters
using a linear regression model. The “EEMD trend” signifies the average rate of instantaneous trend
change, representing the average EEMD trend.



Remote Sens. 2024, 16, 4101

13 of 32

'SO8™

-VPD

».

Partial correlation coefficient

[ T ]
-1.0 -0.75 -0.50 -0.25 0 025 050 075 1.0

Figure 5. Spatial distribution of partial correlation coefficients between average phenological parame-
ters (SOS and EOS) and climate factors. The histograms represent the frequency distribution of the
corresponding partial correlation coefficients. The abbreviations SM, DT, NT, and VPD represent soil
moisture, daytime temperature, nighttime temperature, and vapor pressure deficit, respectively. The
black dots represent pixels that have passed the significance test (p < 0.05). The spatial distribution
of the partial correlation coefficients between average POS and climatic factors can be found in

Figure S12.
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3.2. The Spatiotemporal Variation and Climate Driving of NEP

In the spatial distribution of the multi-year average NEP in the middle and high lati-
tudes of the Northern Hemisphere (Figure 6a), regions with NEP greater than 700 gC-m 2
were primarily found in the eastern part of North America, southern Europe, northeastern
China, the Korean Peninsula, and southern Japan. In certain areas of the Appalachian
Mountains in North America, the coastal regions of southern Europe, and parts of southern
Japan, the NEP could reach 900-1000 gC-m 2. The NEP below 200 gC-m~2 was primarily
distributed in the vicinity of the Arctic Circle, the arid regions of Central Asia, and the
southwestern areas of North America. In the spatial distribution of the NEP cumulative
trend (Figure 6b), NEP showed a decreasing trend in some areas, accounting for 24.93%,
mainly distributed in the northeastern part of North America. The cumulative trend of
NEP in the range of 0-20 gC-m~2 accounted for the highest proportion, approximately 45%.

NEP (gC-m2a’) Cumulative trend (gC-m)

I I [ [ I I I [ T 'm | I [ I [
0 100 200 300 400 500 600 700 800 900 1000 -80 -60 -40 -20 O 20 40 60 80 100 120

Figure 6. Spatial distribution of multi-year average NEP (a) and cumulative trend changes (b) based
on the NEP estimation model in regional scales from 2001 to 2021.

For the trend type of NEP (Figure S22), the monotonically increasing trend accounted
for the largest proportion, which was 61.04%, followed by the monotonically decreasing
trend, which accounted for 17.95%. The trends of increasing to decreasing and decreas-
ing to increasing accounted for a relatively small proportion, which were 12.50% and
8.51%, respectively. Among different vegetation types (Figure S23), EBF had the high-
est NEP (815.47 gC-m_z), followed by DBF (649.10 gC~m_2), and OS had the lowest NEP
(166.04 gC-m~2). The average EEMD trend of NEP among various vegetation types showed
that the DBF had the fastest NEP growth rate (1.34 gC-m~2a~!), followed by Grasslands
(0.74 gC-m_za_l), while DNF exhibited the slowest increase rate of 0.42 gC-m_za_l.

The spatial distribution of partial correlations between NEP and annual average
climatic factors (Figure 7) showed that the proportions of positive and negative correlations
of soil moisture with NEP (48.08% vs. 51.92%) were essentially consistent across the study
area. In the middle latitude region (30°-60°N), soil moisture was predominantly positively
correlated with NEP, while soil moisture was mainly negatively correlated with NEP in
high-latitude areas (>60°N). In high-latitude regions, NEP was predominantly positively
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correlated with maximum temperature, while it was mainly negatively correlated with
minimum temperature. In high-latitude regions, VPD and NEP primarily exhibited a
positive correlation, while in middle-latitude regions, they mainly showed a negative
correlation. Across different vegetation types (Figure 8), NEP responded significantly
differently to various climate factors, showing a predominant positive correlation with
maximum temperature and a negative correlation with minimum temperature, except
for EBF and GRA. In particular, the NEP of DNF exhibited a 77.12% positive response to
maximum temperature (6.25% significant at p < 0.05 level) and a 76.31% negative response
to minimum temperature (11.79% significant). The vegetation types where NEP responded
predominantly positively to soil moisture included EBF (59.34%), DNF (69.05%), DBF
(72.13%), and GRA (54.52%). The response of NEP to VPD was predominantly positive,
except for CS (49.48%) and GRA (44.50%).

NEP-TEM

Partial correlation

[ . | | I | | |
-1.0 -075 050 025 0 025 050 075 1.0

Figure 7. Spatial distribution of partial correlation coefficients between NEP and annual average
climate factors. The histograms represent the frequency distribution of the corresponding partial
correlation coefficients. The abbreviations SM, TEMyax, TEMpn, and VPD represent soil moisture,
maximum temperature, minimum temperature, and vapor pressure deficit, respectively. The black
dots represent pixels that have passed the significance test (p < 0.05).
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Figure 8. Frequency of partial correlation between NEP estimated at the regional scale and climate
driving factors for different vegetation functional types. The upward and downward bars represent
the percentages of positive and negative correlations, respectively. The white bar indicates the
proportion of significant correlation (p < 0.05). The definitions of the abbreviations on the x-axis are
the same as in Figure 1.

Based on site-scale data (1289 sites) in the middle and high latitudes of the Northern
Hemisphere, we found that the average NEP was 0.52 gC-m~2 d ! during the growing
season. The distribution area of the maximum NEP derived from the site was relatively
consistent with the distribution area of the maximum NEP obtained from NEP estimation
methods based on regional scale (Figure S24a). The average cumulative trend change
was 0.02 gC-m~2 during the vegetation growth period, and the sites with the fastest
growth trends were mainly distributed in Europe and North America (Figure 524b). In
the NEP trend types based on sites, the proportion of monotonically increasing trends
was the highest (46.86%), followed by monotonically decreasing (28.47%), increasing to
decreasing (9.31%), and decreasing to increasing (15.36%) (Figure 525). In the site-scale
partial correlation of NEP and climatic factors (Figures S26 and S27), the response of
NEP to daytime temperature and nighttime temperature was dominated by negative
correlation (72.85%) and positive correlation (67.11%), respectively, which was consistent
with the response of the NEP estimated at the regional scale to maximum temperature
and minimum temperature in the middle latitude region. For the response of NEP to
climate across different vegetation types (Figure 9), due to the limited number of sites for
certain vegetation types, there were discrepancies between site scale and regional scale. For
instance, in ENF (15 sites) and MF (6 sites), the response of NEP to nighttime temperature
was predominantly positive at the site scale, whereas the response of NEP to minimum
temperature based on the regional scale method was predominantly negative.
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Figure 9. Frequency of partial correlation between NEP sites and climate driving factors for dif-
ferent vegetation functional types. The upward and downward bars represent the percentages of
positive and negative correlations, respectively. The white bar indicates the proportion of significant
correlation (p < 0.05).

3.3. Analysis of the Correlation and Sensitivity Between LSP and NEP

The spatial distribution of the correlation between LSP retrieved from different satellite
products and NEP was relatively consistent (Figure 10). Overall, the correlation between
SOS and POS and NEP was predominantly negative (SOS: 80.08% for EVI, 76.56% for LAI,
74.35% for SIF; POS: 77.09% for EVI, 74.12% for LAI, 79.09% for SIF). In the study area, the
correlation between EOS and NEP showed a higher proportion of negative correlations
compared to positive correlations (negative ratio vs. positive ratio: 63.50% vs. 36.50% for
EVI; 55.26% vs. 44.74% for LAI; 57.16% vs. 42.84% for SIF). In most regions, the correlation
between LOS and NEP showed a positive relationship (73.67% for EVI, 70.80% for LAI,
66.06% for SIF), indicating that the longer LOS, the higher NEP. The sensitivity of NEP to
phenology was negative for SOS (—1.38 gC-m~2/d for EVI vs. —1.16 gC-m~2/d for LAI
vs. —0.69 gC-m~2/d for SIF), POS (—1.32 gC-m~2/d for EVI vs. —1.33 gC-m~2/d for LAI
vs. —1.52 gC-m’z/d for SIF), and EOS (—0.50 gC~m’2/d for EVIvs. —0.18 gC-m’z/d for
LAI vs. —0.19 gC-m~2/d for SIF) (Figure 11). The sensitivity of NEP to LOS was positive
(0.75 gC-m~2/d for EVI vs. 0.63 gC-m~2/d for LAI vs. 0.30 gC-m~2/d for SIF) (Figure 11).
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Figure 10. The spatial distribution of the correlation between LSP and NEP based on different satellite
products. The black dots represent pixels that have passed the significance test (p < 0.05).

Based on the NEP sites and the corresponding LSP sites derived from 500 m EVI and
LAl retrievals, the correlation between EVI and LAI with NEP showed spatial similarity
(Figures S28-5S31). The proportion of positive and negative correlations between LSP and
NEP sites ranged between 45% and 55% (approximately 10% significant at p < 0.05 level).
The sensitivity of NEP sites to phenology was negative for SOS (—0.06 x 1072 gC-m~2/d
for EVI vs. —0.03 x 1072 gC-m~2/d for LAI), POS (—0.02 x 10~2 gC-m~2/d for EVI and
LAI), and EOS (—0.01 x 1072 gC-m~2/d for EVI and LAI). The sensitivity of NEP sites
to LOS was positive (0.04 x 1072 gC-m~2/d for EVI vs. 0.01 x 102 gC-m~2/d for LAI)
(Figures 532-535).
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Figure 11. The spatial distribution of the sensitivity of NEP to LSP based on different satellite products.
The black dots represent pixels that have passed the significance test (p < 0.05).

4. Discussion
4.1. The Preseason Climate Controls and Climate Sensitivity of LSP

The preseason climate factors of LSP across different satellite products were analyzed
using the EEMD cumulative trend method (Figure 12 and Figures S36 and S37). The spatial
distribution of preseason climatic change patterns in LSP from different products was
similar. The cumulative trend of preseason daytime temperatures for SOS, POS, and EOS
was predominantly characterized by a positive growth trend, with average proportions of
71.93%, 63.80%, and 64.58%, respectively. In the middle and high latitudes of the Northern
Hemisphere, the preseason daytime temperatures of SOS, POS, and EOS showed an average
annual increase of 0.03 °C, 0.017 °C, and 0.014 °C, respectively, based on EEMD trends
(Tables S5 and S6). The cumulative trend of preseason nighttime temperatures showed a
higher positive growth proportion compared to daytime temperatures for SOS, POS, and
EOS, with average proportions of 78.98%, 76.31%, and 75.58%, respectively. Additionally,
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the average warming rate of preseason nighttime temperatures exceeded that of daytime
temperatures, recorded at 0.033 °C yr’l, 0.02°C yr’l, and 0.02 °C yr’l based on the EEMD
trend, aligning with global warming patterns [94].

“EVi,VPD

EVlags-VPD

Preseason climate variable trends

BN )

| |
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POSDT <3 3 -2 -1 0 1 2 3 >3 <2 2 1 05 0 05 1 2 >2 POSNT
EOSDT <3 3 -2 -1 0 1 2 3 >3 <125-125-075-05 0 05 15 225>225EOS-NT
BT T T e mm) B[ [ [ T (kPa)
SOS-SM<25-25 15 -5 0 5 15 20 >20 <01 -0.1-0.075-0.05 0 0.05 0.1 02 >0.2 SOS-VPD
POS-SM<25-25 -15 -5 0 5 15 20 >20 <02 -02 -0.1 -0.05 0 0.05 0.1 0.3 >0.3 POS-VPD
EOS-SM<-20-20 10 -5 0 5 10 20 >20 <-0.15 -0.15 -0.1 -0.05 0 005 0.1 0.3 >0.3 EOS-VPD

Figure 12. The spatial distribution of the cumulative trend changes in preseason climate factors based
on EVI data sources.

The cumulative trend of preseason soil moisture for SOS, POS, and EOS was pre-
dominantly characterized by negative growth, averaging 64.45%, 56.48%, and 55.21%,
respectively. The cumulative trend of preseason VPD for SOS, POS, and EOS was pre-
dominantly characterized by positive growth, averaging 83.65%, 80.32%, and 75.57%,
respectively, indicating a decreasing trend in preseason soil moisture and an increasing
trend in air dryness, which have profoundly affected the productivity of terrestrial vege-
tation ecosystems in the middle and high latitudes of the Northern Hemisphere. In the
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preseason climate trend types, SOS, POS, and EOS showed a monotonic increasing trend
in daytime temperature, nighttime temperature, and VPD with proportions of 45-54%,
62-65%, and 57-68%, respectively, while the proportion of a monotonic decreasing trend in
preseason soil moisture was 38-43%. For SOS, POS, and EOS, the proportion of trend types
showing a pattern of increasing to decreasing or decreasing to increasing ranged between
7% and 16% (Figures S38-540).

For different satellite datasets, the average climate sensitivity of LSP was negative
for daytime temperature (—1.71 d °C~! for SOS; —2.31 d °C~! for POS; —1.17 d °C~! for
EOS), nighttime temperature (—1.88 d °C~! for SOS; —2.80 d °C~! for POS; —1.13d °C !
for EOS), and VPD (—31.94 d kPa~! for SOS; —26.72 d kPa~! for POS; —14.72 d kPa~! for
EOS). Similarly, the average soil moisture sensitivity of LSP was positive (0.38 d mm™~! for
S0S; 0.48 d mm~! for POS; 0.22 d mm~! for EOS) (Figures S41-543, and Table 57).

Temperature is the primary factor influencing the spring greening of vegetation in the
middle and high latitudes of the Northern Hemisphere [95,96]. With increasing temper-
atures, the critical threshold for vegetation to green up earlier is met, thereby promoting
the early greening process of vegetation. Studies have shown that compared to nighttime
warming, the increase in daytime temperature has a greater impact on the slowdown of veg-
etation greening rates [97]. Asymmetrical warming of daytime and nighttime temperatures
may alter the photosynthetic and respiratory rhythms of vegetation, thereby disrupting the
balance of terrestrial carbon storage patterns [98]. In high-latitude regions, the negative cor-
relation intensity between SOSgir and daytime temperature was lower than that of EVIgog
and LAIgog, which may be due to cold-adapted vegetation having less pigment content and
lower photosynthetic activity during the early growth stage, resulting in a weaker response
of SIF to increases in daytime temperature compared to EVI and LAL In high-latitude
regions, daytime temperature and nighttime temperature showed positive and negative
correlations with the SOS, respectively. This opposing trend may stem from the fact that in
high-latitude regions, the increase in daytime temperature promotes vegetation photosyn-
thesis and physiological activities, leading to an earlier SOS. However, despite a warming
trend in nighttime temperatures in these regions, they still struggle to meet the temperature
thresholds required for vegetation growth, resulting in a delay in the SOS. The increase
in daytime and nighttime temperatures promoted the advancement of POS, especially
nighttime temperatures (Table S7). The increase in diurnal temperature may have enhanced
enzyme activity in vegetation, promoted metabolic processes, and accelerated plant growth
and development, leading to an earlier peak in photosynthesis [99]. Compared to daytime
temperatures, the increase in nighttime temperatures has a more widespread impact on
the extension of EOS. Higher night temperatures prevent the oxidation and destruction of
membrane fatty acids and the reduction of chlorophyll due to night frost, thereby delaying
the color change of vegetation leaves [100]. Soil moisture is another important factor that
limits the growth and development of vegetation. During the greening period of vegetation,
excessive preseason soil moisture reduces the heat accumulation necessary for vegetation
greening, which adversely affects vegetation. The increase in preseason soil moisture si-
multaneously weakens the threat of water scarcity that vegetation faces during the growth
process, overall extending the peak and dormancy dates of vegetation in the middle and
high latitudes of the Northern Hemisphere. When certain vegetation enters the dormancy
period, excessive preseason soil moisture, along with low-temperature effects and cloud
cover, leads to reduced photosynthesis, accelerating the accumulation of leaf abscission
enzymes and leaf aging, thereby causing vegetation to enter dormancy prematurely [68].
In the middle and high latitudes of the Northern Hemisphere, early vegetation green-
ing and extended growing seasons reduce soil moisture, hampering surface temperature
regulation by evapotranspiration, thereby exacerbating droughts and extreme weather
events, potentially leading to premature leaf aging in certain regions [1,101-103]. The
increase in preseason VPD is beneficial for vegetation to accumulate the necessary heat for
greening, thereby promoting early vegetation greening. However, when vegetation enters
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the dormant period, the increase in VPD can accelerate the rate of transpiration, increasing
the risk of dehydration for the vegetation and potentially leading to an earlier EOS.

4.2. The Gradient Changes in NEP Along Longitude, Latitude, and Elevation, and the Climate
Sensitivity of NEP

A global NEP dataset was generated based on regional-scale NEP estimation models
from 2001 to 2021. From the spatial distribution of the average NEP over the years, we
found that the largest NEP was relatively concentrated, primarily located in tropical
rainforest regions, while the smallest NEP was more dispersed, mainly found in alpine
tundra and desert grassland areas (Figure 13a). In the high-latitude regions of the Northern
Hemisphere, the altitude gradient of NEP tended to be negative, with the gradient changes
mainly concentrated between —0.2 and 0 gC-m~2/m. In most areas of Africa, South
America, and Australia, the altitude gradient of NEP was primarily concentrated between
0 and 0.7 gC-m 2/m. In the middle and high latitudes of the Northern Hemisphere
and Australia, the latitudinal gradient control of NEP was evident, with the gradient
changing from positive to negative as the latitude increased. The latitudinal gradient of
NEP exhibited a fragmented pattern in the Northern Hemisphere, mainly concentrated in
the range of —50 to 80 gC-m~2°~1.

The cumulative changes and trend types for annual average climate variables from
2001 to 2021 were studied (Figures 14 and 544). The spatial distribution of the global average
maximum and minimum temperature cumulative change trends was relatively consistent,
with the most obvious increase in the northern part of Russia and the Alaska Peninsula,
with increases of more than 1.1 °C and 0.98 °C, respectively. The cumulative trend of the
average maximum and minimum temperatures was negative, mainly concentrated in the
eastern highland region of Africa. The proportion of positive cumulative trend of global
soil moisture was 43.02%. The global cumulative trend of VPD with a positive percentage
was 82.30%, with the largest increases observed in the central and eastern regions of Africa
and South America, exceeding approximately 20.4 kPa. The trends of annual average
maximum temperature, minimum temperature, and VPD showed that approximately 70%
to 74% of the pixels exhibited a monotonically increasing trend. In contrast, the trend
of annual average soil moisture indicated that 44.35% of the pixels had a monotonically
decreasing trend.

The sensitivity of global NEP to maximum temperature, minimum temperature and
VPD was positive, which were 19.05 gC-m~2/°C, 19.51 gC-m~2/°C and 302.36 gC-m~2 /kPa,
respectively. However, the sensitivity of NEP to soil moisture was negative, which was
—1.19 gC-m~2/mm. The spatial distribution of the sensitivity of NEP to the maximum and
minimum temperatures was similar (Figure 15). For instance, in high-latitude regions of
the Northern Hemisphere and high-altitude areas like the Tibetan Plateau, the sensitivity
of NEP to maximum and minimum temperatures was positive. In contrast, in southern
Africa, parts of South America, and Australia, the sensitivity of NEP to maximum and
minimum temperatures was negative. The sensitivity of NEP to soil moisture and VPD was
negative and positive in high-latitude regions of the Northern Hemisphere and positive
and negative in some arid regions, such as Central Asia, western North America, western
Australia, and southern Africa.
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Figure 13. The spatial distribution of multi-year average NEP (a) and its three-dimensional variations
(b—d), along with their average latitudinal distribution (e-h).
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Figure 14. The spatial distribution (a-d) and latitude distribution (e-h) of the cumulative trends of
climate variables from 2001 to 2021.
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Figure 15. The spatial distribution (a-d) and latitude distribution (e-h) of the climate sensitivity
of NEP.

In high-latitude and high-altitude regions of the Northern Hemisphere, temperature is
the dominant factor controlling the productivity of cold-adapted vegetation. The increase
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in temperature is beneficial for the growth and development of vegetation. However, the
melting of permafrost and the increase in soil moisture can consume heat and lower soil
temperatures. Additionally, high soil humidity is not conducive to the growth of plant roots,
which ultimately affects the productivity of vegetation [104]. In arid regions, due to the
inherently high temperatures and significant evaporation, soil moisture becomes the most
critical factor limiting vegetation growth [47,105,106]. In arid areas, the increase in VPD
may accelerate the rate of transpiration of vegetation, which may lead to a more serious risk
of dehydration of vegetation. To mitigate water loss, plants may close stomata to reduce
water evaporation, which will affect the photosynthesis rate of vegetation [107]. Due to the
closure of plant stomata, the absorption of carbon dioxide by plants decreases, inhibiting
photosynthesis and thereby affecting the productivity of the entire ecosystem [108]. In
high-latitude regions, elevated VPD, typically associated with warmer climates, may extend
the plant growing season, offering more temperature and light resources that vegetation
could more effectively utilize, potentially boosting photosynthesis rates, fostering plant
growth and development, and increasing vegetation productivity [109].

4.3. Relationship Between LSP Derived from Different Satellite Products and NEP

Remote sensing phenology can effectively reflect the seasonal cycles of photosynthetic
carbon assimilation in vegetation other than tropical plants, making it a powerful tool for
studying the carbon cycle in the context of climate change [42]. Many vegetation indices,
such as NDVI and EVI, are commonly used to characterize vegetation coverage and growth
conditions. The LAI can measure the ability of the vegetation canopy to intercept light
energy. A higher LAI indicates that more light energy can be captured. The SIF directly
reflects the photosynthetic activity of vegetation. In phenological studies, these indicators
are widely used as alternative metrics for vegetation photosynthesis. This article utilizes
various remote sensing products with different characteristics to investigate LSP, aiming to
deepen the understanding of how LSP promotes NEP dynamics.

Studies have shown that the relationship between SOS and NEP was predominantly
negative, implying that an earlier SOS extends the duration of spring vegetation photo-
synthesis, thereby promoting NEP accumulation. The strongest negative correlation was
found between SOSgy; and NEP, with NEP showing the highest sensitivity to SOSgy;
(Figures 11 and 12). In contrast, the smallest proportion of negative correlation was ob-
served between SOSgir and NEP, with NEP exhibiting the lowest sensitivity to SOSgg. This
may be because, during the early stages of vegetation growth, EVI better reflects the impact
of vegetation growth status on photosynthesis, while SIF focuses more on photosynthetic
efficiency rather than SOS. The earlier onset of POS indicates that the vegetation canopy
achieves maximum efficiency in intercepting and utilizing light energy, which explains
the negative correlation between the increase in NEP and the advancement of POS. The
negative correlation between POSgr and NEP is the strongest, and the sensitivity of NEP to
POSgr is also the highest, which further supports this viewpoint. In the later stages of veg-
etation growth, as leaves age and exhibit yellowing or shedding, heterotrophic respiration
in the soil increases. Simultaneously, environmental conditions such as light intensity, tem-
perature, and soil moisture deteriorate, leading to a decline in vegetation photosynthetic
efficiency. These factors are all detrimental to the accumulation of NEP. Due to the influence
of the pigments in vegetation leaves and their growth conditions, the sensitivity of NEP
to EVIgos was enhanced again in the later stages of the growing season. Extended LOS is
conducive to the accumulation of NEP. However, some argue that extending the LOS and
EOS may not increase vegetation productivity accumulation for short-lived vegetation due
to decreased photosynthesis and respiration exceeding photosynthesis in the later stages of
growth [110].

In this study, the MODIS NPP dataset and the empirical soil microbial respiration
model were used to estimate the NEP at the middle and high latitudes of the Northern
Hemisphere and at the global scale, respectively. However, factors such as cloud cover,
aerosols, atmospheric environmental changes, and sensor performance pose challenges to
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the quality of MODIS NPP products [111]. As the soil microbial empirical model used was
widely applied in northern China [79-81], its regional adaptability needed to be assessed
before being extended to hemispheric and global scales. Therefore, future research needs to
employ advanced algorithms to further improve the NPP model, enhance the collection
and sharing of soil microbial data on a global scale, develop more universally applicable
soil microbial models, and conduct multi-scale and multi-factor model validation and
assessment. Understanding the relationship between LSP and NEP can indirectly forecast
the impact of climate change on vegetation carbon sequestration. For instance, sustained
early spring warming may induce vegetation in the middle and high latitudes of the
Northern Hemisphere to bud and reach peak growth earlier, enabling plants to more
effectively utilize photosynthetic energy, thus storing more carbon, provided that water
and other resources are not limited. However, in the later stages of vegetation growth,
climate change may affect the timing of leaf drop, which in turn could lead to a reduction
in carbon sequestration. Furthermore, incorporating different phenological parameters into
global carbon uptake estimation models can more accurately assess carbon absorption and
release at different stages globally. By utilizing knowledge from LSP, we can selectively
plant vegetation types with longer growing periods, significantly enhancing their carbon
sink function and effectively mitigating the challenges posed by climate change. This
research has a profound impact on promoting sustainable development strategies and
building a green, low-carbon future.

5. Conclusions

In this study, three different satellite products (EVI, LAI, and SIF) were applied from
2001 to 2021 to explore vegetation phenological changes and climate drivers in the middle
and high latitudes of the Northern Hemisphere based on various phenological retrieval
methods. Furthermore, the spatial distribution, changes, and climate response of NEP at
both regional and site scales were quantified. Additionally, the sensitivity and correlation of
NEP with LSP were explored. In the LSP retrieved from different remote sensing products,
the cumulative trends of SOS and POS showed a primary advancement of around 5 days
from 2001 to 2021. The cumulative trend of average LOS showed a predominant extension
trend. The average LSP exhibited a predominantly monotonic trend, with increasing to
decreasing and decreasing to increasing trends accounting for less than 15%. The response
of LSP to climate under different satellite products and inversion methods showed a
consistent overall trend. The proportion of positive correlations between soil moisture,
SOS and POS was greater than that of negative correlations. Daytime and nighttime
temperatures were generally negatively correlated with SOS and POS, with nighttime
temperatures showing a higher negative correlation with SOS and POS compared to
daytime temperatures. The negative correlation between VPD and vegetation phenological
parameters (SOS, POS, EOS) was greater than the positive correlation.

From 2001 to 2021, the trend types of NEP showed that the largest proportion was
the monotonically increasing trend (61.04%), followed by the monotonically decreasing
(17.95%), the increasing to decreasing trend (12.50%), and the decreasing to increasing trend
(8.51%) in the middle and high latitudes of the Northern Hemisphere. The proportion of
positive and negative correlations between soil moisture and NEP (48.08% vs. 51.92%)
was roughly consistent in the study area. In high-latitude regions, NEP was primarily
positively correlated with maximum temperature and negatively correlated with minimum
temperature. For SOS, the proportion of negative correlation between SOSgy; and NEP was
the largest, and NEP exhibited the strongest sensitivity to SOSgy;. As vegetation growth
reached its peak, the vegetation canopy gradually attained its maximum, resulting in higher
light energy interception and utilization efficiency. The negative correlation between POSgr
and NEP was the strongest, and NEP showed the highest sensitivity to POSgjp. As leaf color
and vegetation growth conditions change, the sensitivity of NEP to EVIgpg increases once
again. The study emphasized that, while prioritizing biodiversity conservation, we could
leverage remote sensing phenology to promote the cultivation of vegetation with longer
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growing seasons, thereby enhancing the carbon sequestration capacity of ecosystems. The
study provided a scientific basis for climate change mitigation and carbon management.
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