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Abstract: Net primary productivity (NPP) is a crucial indicator of ecosystem function and sustain-
ability. Quantifying the response of NPP to phenological dynamics is essential for understanding
the impact of climate change on ecosystem processes. In this study, vegetation phenology data for
Guizhou Province were extracted from the MCD12Q2 dataset, and NPP was estimated using the Nor-
malized Difference Vegetation Index (NDVI) combined with meteorological data. Linear regression,
trend analysis, and structural equation modeling were employed to clarify the spatiotemporal pat-
terns of NPP and phenology as a basis for exploring the role of climatic factors in the NPP’s response
to phenological changes. The results indicate that 72.15% of Guizhou Province shows an increasing
trend in vegetation NPP (slope = 5.0981, p = 0.002). The start of the growing season (measured as
SOS) tends to advance (slope = —0.4004, p = 0.0528), while the end of the growing season (measured
as EOS) tends to delay (slope = 0.2747, p = 0.1011), resulting in an overall extension of the increasing
length of the season (LOS) (slope = 0.64549, p = 0.0065). The spatiotemporal patterns of SOS, EOS,
LOS, and NPP varied with elevation changes. For every 500 m increase in altitude, NPP decreased
by 25.3 gC/m?, SOS was delayed by 7.1 days, EOS advanced by 1.25 days, and LOS decreased by
8.36 days. These findings suggest that the response of NPP to phenological changes is primarily
controlled by local climatic and topographical conditions. Additionally, the indirect effects of climate
on NPP through phenological changes were more significant than the direct effects. Climatic factors
play varying roles in the NPP response to phenological dynamics, highlighting the profound influence
of climate in regulating the mechanisms by which NPP responds to phenological changes.

Keywords: net primary productivity (NPP); vegetation phenology; structural equation modeling;
karst ecologically fragile region

1. Introduction

As a fundamental biogeochemical process in the biosphere, the carbon cycle plays
a crucial role in terrestrial ecosystems. It has become a focal point of research in ecology
and related disciplines [1]. Net primary productivity (NPP), a significant component of
the carbon cycle, is an essential indicator for assessing an ecosystem’s carbon sequestra-
tion capacity and adaptability to climate change [2]. Vegetation phenology, regulated by
climatic factors, influences ecosystem function and biological processes, altering physi-
ological and biogeochemical cycles and thus significantly impacting the carbon cycle of
terrestrial ecosystems [3]. Vegetation phenology is measured through indicators such as
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the start of the growing season (SOS), end of the growing season (EOS), and length of
the growing season (LOS), which are widely regarded as critical metrics for evaluating
ecosystem functions and various biological processes, such as gross primary productivity,
net primary productivity, and ecosystem respiration [3-5]. Therefore, it is paramount to
clarify the impact of phenological changes on ecosystem productivity, their feedback to the
climate, and the interrelationships among phenological changes, meteorological factors,
and productivity.

Currently, two main methods are used in research on vegetation phenology: traditional
ground-based monitoring and remote sensing. For large-scale studies, conventional ground-
based monitoring methods are less frequently used because of limitations in observation
stations, species coverage, and geographic area. The development of remote sensing
technology has provided an effective platform for monitoring phenological information
on regional and global scales [6,7]. Time series vegetation indices, such as the Normalized
Difference Vegetation Index (NDVI) [8], Enhanced Vegetation Index (EVI) [9], and Leaf
Area Index (LAI), are commonly used in the remote sensing monitoring of vegetation
phenology [10]. Most remote sensing-based vegetation phenology studies conducted in
the mid- and high-latitude regions of the Northern Hemisphere over the past few decades
have confirmed an advanced start and delayed end to the growing season, measured using
the indicators SOS and EOS, respectively [11-13]. However, because vegetation phenology
exhibits significant regional variation worldwide, the accurate quantitative assessment of
phenological changes in different regions is crucial for understanding the carbon cycle in
terrestrial ecosystems.

Guizhou Province, located in the eastern part of the Yunnan-Guizhou Plateau, is one
of the most typical karst rocky desertification areas in southwest China, with highly fragile
ecological conditions [14]. Since 1960, the temperature in Guizhou has shown an upward
trend, that has been significant since 1990, when the rate of warming began notably increas-
ing [15]. Changes in temperature and precipitation have affected the vegetation dynamics,
with variability in both the magnitude and direction of phenological events [16]. Due to the
lack of in situ observation data, evidence of the relationship between phenological changes
and NPP in plateau regions remains scarce.

The objectives of this study were to investigate the temporal trends and spatial hetero-
geneity of vegetation phenology and net primary productivity (NPP) dynamics in Guizhou
Province from 2001 to 2020 and to analyze the response mechanisms of NPP to phenologi-
cal changes. Our research aimed to address the following important scientific questions:
(1) What are the patterns of vegetation phenology and NPP in Guizhou Province over
the past 20 years? (2) What is the relationship between vegetation phenology and NPP
in this region? (3) What are the underlying mechanisms driving NPP and phenological
changes, and how do they regulate NPP and influence phenological shifts? Answering
these questions will deepen our understanding of the relationship between vegetation phe-
nology and NPP and help quantify the magnitude and direction of NPP changes caused by
phenological variations, providing critical scientific evidence for sustainable development.

2. Materials and Methods
2.1. Study Area Overview

Guizhou Province is located between 24°37 and 29°13’ N latitude and between 103°36’
and 109°35’ E longitude, representing the core of southwest China’s inland region (Figure 1).
The topography of this province is characterized by a slope from high elevations in the
west to lower elevations in the east, with a predominant subtropical monsoon climate of
warm and humid conditions. The average temperature is approximately 15 °C, and the
annual rainfall ranges from 1000 to 1400 mm. The region is notable for its well-developed
karst landscape, which covers 61.9% of the total land area in the province, making it one
of the world’s largest areas of karst distribution [17]. The extensive karst distribution,
with diverse morphological types and significant geographical variation, contributes to
the formation of a unique karst ecosystem. Guizhou's distinctive karst environment
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and climatic conditions support diverse vegetation types and abundant plant resources,
including forests, grasslands, and cultivated land. Previous studies have indicated varying
degrees of vegetation phenological changes in Guizhou, with spring phenology generally
advancing and autumn phenology exhibiting a delaying trend [18].
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Figure 1. Study area, vegetation type distribution, and meteorological stations.

2.2. Data Source and Data Preprocessing

(1) MODIS Data: The MODIS MOD13A1 and MCD12Q2 datasets, released by NASA
LP DAAC, were selected for extracting vegetation information. The MOD13A1 dataset was
used to extract NDVI data, with a temporal resolution of 16 days. The MCD12Q2 dataset
was employed to extract SOS, EOS, and LOS, with a temporal resolution of one year. The
spatial resolution was unified to 500 m using resampling methods, and data were collected
for the period spanning from 2001 to 2020.

(2) Meteorological Data: Meteorological data were used to estimate NPP and assess
climate conditions related to phenological and NPP variations. The data were sourced from
the China Meteorological Data Network (http://www.nmic.cn/ (accessed on 27 March
2021)). To ensure the accuracy of spatial interpolation, 55 meteorological stations across
Guizhou Province and its surrounding areas were selected (Figure 1), for determining
16-day averages of temperature, precipitation, and sunshine duration from 2001 to 2020.
Due to the limited availability of solar radiation (SOL) monitoring stations, solar radiation
data were calculated for each station using an empirical formula based on latitude and
sunshine duration. All data were spatially interpolated using the Kriging method at a
resolution of 500 m. The interpolation results were subjected to projection transformation
and extracted for the study area in creating a raster dataset.

(3) Land Use Data: Land cover data for Guizhou Province were obtained from the
CLCD_LULC dataset, which was generated by Yang Jie and colleagues from Wuhan
University using a random forest classifier on the Google Earth Engine platform [19]. The
temporal resolution is one year, and the spatial resolution is 30 m. The data covering the
period from 2001 to 2020 were resampled to a 500 m resolution using resampling methods.
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2.3. Research Methods
2.3.1. NPP Calculation

NPP is crucial for studying vegetation productivity, terrestrial ecosystems, and the
global carbon cycle. Process-based models are considered a cost-effective alternative for
NPP estimation since it is challenging to directly measure NPP on a regional scale. In recent
years, many models have been developed to quantify NPP on regional and global scales.
Among these models, the Carnegie Ames Stanford Approach (CASA) model, based on
plant growth processes, has been widely applied in NPP estimation [20-22]. Therefore,
the CASA model was employed in this study to estimate vegetation NPP. The calculation
formulas for the CASA model are shown in Equations (1)—(3):

NPP(x,t) = APAR(x,t) x e(x, 1) (1)

where APAR(x,t) represents the absorbed photosynthetically active radiation (M] x m~2)
by pixel x in month t and &(x,t) denotes the actual light use efficiency (gC/M]J) of pixel x in
month t. The formulas for calculating APAR and ¢ are given in Equations (2) and (3):

APAR(x,t) = SOL(x,t) x FPAR(x,t) x 0.5 )

e(x, £)x = emax X Ter (%, 1) X Tep(x, 1) x We(x, ) 3)

where SOL(x,t) represents the total solar radiation (M] x m~2) for pixel x in month ¢, and
FPAR is the fraction of photosynthetically active radiation (PAR) absorbed by the vegetation
layer. Within a certain range, FPAR is typically derived from the NDVI, due to their strong
linear relationship. The constant 0.5 represents the fraction of total solar radiation that
can be utilized by vegetation for photosynthesis [23]. T¢1(x,t) and T¢y(x,t) represent the
effects of temperature on light use efficiency, while W¢(x,t) reflects the influence of water
conditions. &,y is the maximum light use efficiency under ideal conditions, and its value
varies depending on vegetation type. In this study, we used the maximum light use
efficiency values for various vegetation types as simulated by Zhu et al. [24].

2.3.2. Pearson Correlation Coefficient

The Pearson correlation coefficient [25,26] and significance tests were utilized to
analyze the relationship between NPP and phenological changes from 2001 to 2020, as well
as the impact of vegetation phenology on NPP trends. The Pearson correlation coefficient
has a range of [—1,1], where a coefficient less than 0 indicates a negative correlation between
the two variables, a coefficient of 0 indicates no correlation, and a coefficient greater than
0 indicates a positive correlation. Additionally, the t-test was used to assess the significance
of correlations, with p-values of less than 0.1, 0.05, and 0.01 considered to indicate low,
medium, and high levels of significance, respectively.

2.3.3. Structural Equation Modeling

AMOS (Analysis of Moment Structure) software is developed by IBM Corporation in
Armonk, New York, USA, which was employed to analyze the data using a standardized
structural equation modeling (SEM) approach to explore the direct and indirect effects of
phenological and meteorological factors on NPP and their contributions. SEM is a statistical
method used to estimate and test causal relationships, by analyzing the covariance matrix
of variables and their interrelationships between them. In using this method, the relative
contribution of each explanatory variable can be quantified through standardized path
coefficients [27]. In this study, the initial structural equation model included all possible
relationships. By setting up the model, testing it, and making revisions, relationships
with lower correlations were gradually removed until only those with high correlations
remained, resulting in optimal fit parameters [28]. The following indicators were considered
to demonstrate model feasibility: a chi-square/degree of freedom ratio < 3 and p > 0.05
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(indicating that the data do not reject the model structure). The closer the values are to 1 for
the Fit Index (GFI) and Normalized Fit Index (NFI), the more optimal the model structure.

3. Results
3.1. Validation of CASA Model Accuracy

In this study, the CASA model was used to calculate the 16-day mean NPP for Guizhou
Province from 2001 to 2020. Cross validation was performed by comparing the NPP
estimates from the CASA model with the NPP data product from MOD17A3HGEF to
evaluate the accuracy of the NPP calculations. Linear regression analysis was applied
to determine the differences between the two datasets (Figure 2). The validation results
confirm that the CASA model accurately reconstructed the spatial and temporal variations
of MODIS NPP. The linear relationship between the NPP estimates from the CASA model
and the MODIS NPP data product is expressed as Y = 1.16638X — 139.22821 (R? = 0.6575,
p <0.01), indicating that the CASA model effectively captures NPP variations within the
study area.
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Figure 2. Comparison of CASA-estimated net primary productivity (NPP) and MODIS NPP ((a) com-
parison of CASA-estimated NPP and MODIS NPP for the same season across different years; (b) com-
parison of annual CASA-estimated NPP and MODIS NPP across various years). The solid line
represents estimated NPP, while the dashed line represents MODIS NPP.

3.2. Spatial Patterns and Interannual Variability of Vegetation Phenology and NPP

Figure 3a—d illustrate the spatial patterns of vegetation phenology indicators (SOS,
EOS, LOS) and NPP. Overall, SOS tends to advance gradually from west to east, while LOS
and NPP are delayed in the same direction. These patterns reflect the influence of spatial
heterogeneity in climate and topography on vegetation phenology within the study area
and align with variations in humidity, temperature, and altitude gradients on the plateau.

Figure 3e-h present the spatial patterns of phenological indicators and NPP trends
from 2001 to 2020. During this period, most of the plateau exhibited an advancing trend in
SOS, with 94.61% occurring mainly in the southwestern and northcentral regions. A similar
advancing trend in EOS was observed across 78.27% of the plateau. However, particular
areas in the central and northeastern parts of the plateau showed a delay in EOS. Since the
advancing EOS is smaller than that of SOS, the LOS indicated an extension in more than
61.35% of the study area over the research period. Unlike SOS, EOS, and LOS, the annual
NPP showed a decreasing trend in the southeastern region, while increasing in the eastern,
central, and northern regions. The areas where NPP increased (72.15%) outnumbered those
where it decreased (27.85%), with the most pronounced positive trends observed in the
northwestern part of the plateau.
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Figure 3. Spatial distribution of average phenological indicators, net primary productivity (NPP),
and their trends in Guizhou Province from 2001 to 2020: (a) average Julian day of start of the growing
season, (b) average Julian day of end of the growing season, (c) average length of the growing season,
(d) average annual NPP, (e) start of the growing season trend, (f) end of the growing season trend,
(g) length of the growing season trend, and (h) vegetation NPP trend.
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At the provincial scale, NPP significantly increased over the 20-year study period
(p = 0.002). The annual average NPP during 2001-2020 was 771.13 gC/m?, increasing
from 701.2388 gC/m? in 2001 to 771.2261 gC/m? in 2020, corresponding to an average
yearly increase of 3.5014 gC/m? (Figure 4a). Of the three phenological indicators, only LOS
exhibited a significant increase during the study period (p = 0.0065) (Figure 4d), with no
significant changes in SOS and EOS (Figure 4b,c). The mean SOS was 86 days, ranging from
78 days in 2013 to 99 days in 2010. The mean EOS was 334 days, ranging from 327 days in
2002 to 342 days in 2011. The mean LOS was 247 days, ranging from 236 days in 2001 to
249 days in 2015.
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Figure 4. Changes in annual net primary productivity(NPP), start of the growing season, end of
the growing season, and length of the growing season in Guizhou Province from 2001 to 2020:
(a) Change in NPP, (b) Change in start of the growing season, (c) Change in end of the growing
season, (d) Change in length of the growing season.

3.3. Vertical Spatial Changes in Vegetation Phenology and NPP

We further investigated the response of vegetation phenology and NPP to changes
in elevation gradients. Figure 5 illustrates variations in the vertical gradient of vegetation
phenology and the NPP in Guizhou Province from 2001 to 2020. With increasing elevation,
the start of the growing season (based on SOS) was consistently delayed across the entire
study area. In contrast, the end of the growing season (based on EOS) occurred significantly
earlier, resulting in a gradual reduction in the magnitude of increases in the length of
the season (LOS), corresponding to a clear pattern of change (Figure 5). According to
Hopkins’ Phenological Law, the spring phenology of vegetation is consistently delayed
with increasing altitude [29], which aligns with our findings. Overall, for every 500 m
increase in elevation, SOS indicated a delay of 7.1 days; EOS, an advancement of 1.25 days;
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Figure 5. Vertical gradient changes in vegetation phenology and net primary productivity (NPP) in
Guizhou Province from 2001 to 2020: (a) relationship between NPP and elevation; (b) relationship
between start of the growing season and elevation; (c) relationship between end of the growing
season and elevation; (d) relationship between length of the growing season and elevation.

As shown in Figure 5b—d, two distinct trends can be identified for SOS, EOS, and
NPP along the elevation gradient. Below 800 m, SOS advanced (slope = —0.0037 d/m,
R? =0.0028, p = 0.0384), and EOS was delayed (slope = 0.0016 d/m, R? = 0.0017, p < 0.001).
Above 800 m, SOS was delayed (slope = 0.01 d/m, R?=0.024, p <0.001), and EOS advanced
(slope = —0.0164 d/m, R? = 0.0323, p < 0.001). NPP also exhibited similar trends along
the elevation gradient. Below 800 m, NPP gradually increased (slope = 0.0121 gC/m?/m,
R? =0.0183, p = 0.1528); above 800 m, however, NPP decreased (slope = —0.0056 gC/ m?/m,
R? =0.0351, p < 0.001). Regardless of the altitude range, the change in LOS with increasing
altitude is insignificant. Although NPP and phenological indicators show trends that vary
with altitude, their linear fit correlation with altitude is weak. This may be attributed to the
fact that Guizhou Province, being a typical karst region with severe stone desertification
and thin soil layers, makes the phenology and primary productivity of vegetation more
susceptible to the influence of temperature and precipitation, leading to an indistinct
vertical zonation of vegetation phenology and productivity [30].

3.4. Quantitative Indication of Vegetation Phenological Indicators on NPP Changes

To quantify the impact of phenological changes on vegetation NPP, we analyzed the
quantitative relationships between the start of season (SOS), end of season (EOS), length of
season (LOS), and NPP in Guizhou Province. Relationships between NPP and phenological
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indicators were categorized into four groups: Group A, where an increase in NPP was
associated with a delay in SOS (or EOS or an extension in LOS); Group B, where an increase
in NPP was associated with advancement in SOS (or EOS or a shortening in LOS); Group
C, where a decrease in NPP was associated with a delay in SOS (or EOS or an extension in
LOS); and Group D, where a reduction in NPP was associated with advancement in SOS
(or EOS or a shortening in LOS).

Figure 6a,d illustrate the spatial distribution of the response relationship and correla-
tion coefficients between annual NPP and SOS. A significant negative correlation between
NPP and SOS was observed in 79.72% of the region, particularly in the western and north-
eastern parts of Guizhou Province. Correspondingly, 68.07% of the plateau area exhibited a
notable early SOS, with an increase in NPP in the western and northern parts of Guizhou
(Region B), where significant increases in temperature and precipitation were also observed.
These climatic increases led to a notable advancement in SOS and an increase in NPP. For
Region A, the second largest region in central and northern Guizhou'’s solar radiation and
temperature were shown to be the primary climatic factors influencing vegetation growth,
with correlation coefficients of 0.7155 and 0.6654, respectively. Despite a delay in SOS, NPP
showed an upward trend with increases in solar radiation and precipitation. This finding
contrasts with the majority of existing studies, which found that global warming leads to
an earlier SOS [31-33]. This could be due to increased water demand when the growing
season surpasses the temperature limitations on vegetation, leading to a delay in SOS [34].
These patterns indicate that although the climate in Guizhou is generally warming, the
response of NPP to phenological changes remains complex.

Figure 6b,e display the spatial distribution of the response relationship and correla-
tion coefficients between annual NPP and EOS. Most pixels (55.38%) exhibit a positive
correlation, suggesting that a delayed EOS typically leads to an increase in annual NPP.
Interestingly, despite the upward trend in NPP in Region B, the earlier EOS results in a
shortening of LOS. The earlier occurrence of this phenological change in autumn, due
to increased autumn temperatures, reflects the heightened sensitivity of these areas to
climate warming. Furthermore, this also demonstrates the complex response of NPP to
phenological changes in these areas.

Figure 6¢,f show the spatial distribution of the response relationship and correlation
coefficients between annual NPP and LOS. During 2001-2020, regions with increased
NPP and extended LOS (Region A) are mainly located in Guizhou’s western, central, and
northeastern parts, where forest and arable land use types are predominant. Meanwhile,
regions of increased NPP and significantly shortened LOS (Region B) are primarily found
in northern Guizhou. This area, located in a subtropical humid climate zone, is sensitive to
temperature changes and susceptible to the impacts of global warming. The correlation
coefficients between the NDVI and temperature and solar radiation in this area were 0.6475
and 0.7005, respectively, higher than the correlation coefficient between precipitation and
the NDVI (0.3602). Most areas with decreased NPP and shortened LOS (Region C) are
mainly located in predominantly forest-covered southeastern Guizhou. In these areas, simi-
lar to Region B, the temperature remains the primary determinant of vegetation growth,
with the correlation coefficients between the NDVI and temperature and solar radiation
being 0.6070 and 0.6630, respectively, higher than the correlation coefficient between the
NDVI and precipitation (0.2913). From 2001 to 2020, the advancement in EOS and shorten-
ing of LOS led to a 4.6637 gC/m? /year decline in NPP. The climatic conditions are poorer
compared to Regions C and D. Due to reductions in the temperature, precipitation, and
solar radiation, LOS was significantly shortened, leading to a 4.8300 gC/m? /year decrease
in NPP.
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Figure 6. Spatial distribution of the response relationship and correlation coefficients between
net primary productivity (NPP) and phenological indicators. (a) Response relationship between
annual NPP and start of the growing season, (b) response relationship between annual NPP and
end of the growing season, (c) response relationship between annual NPP and length of the growing
season, (d) correlation coefficient between annual NPP and start of the growing season, (e) correlation
coefficient between annual NPP and end of the growing season, and (f) correlation coefficient between
annual NPP and length of the growing season. The inset shows the frequency of different response

relationships (Regions A).

3.5. Coupling Effects of Phenological and Meteorological Factors on NPP

Vegetation undergoes regular phenological changes throughout the year, significantly
impacting plant functions, ecosystem services, and their biophysical and biochemical
feedback to the climate system [35]. Environmental conditions for vegetation growth,
particularly climatic factors such as temperature and precipitation, play a critical role in
phenology, providing reliable support for vegetation development. Changes in vegeta-
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tion phenology result in adjustments to photosynthesis, respiration, and other ecosystem
processes, impacting material cycles, energy transformation, and variations in vegetation
NPP [6]. Some studies have shown that temperature has a primarily nonlinear impact on
phenological changes [36,37]. Additionally, as a stress factor, precipitation significantly
influences phenology, where insufficient water supply inhibits the utilization of light and
heat by vegetation [38,39].

Depicted in Figure 7 is the SEM model used for calculations over the entire research
period and spatial range in this study, with a maximum of seven iterations, chi-square-to-
degrees-of-freedom ratio of 3, p < 0.01, GFI of 0.793, and NFI of 0.273. Annual precipitation
and solar radiation have significant effects on SOS and LOS (p < 0.05), with SOS having a
highly significant impact on NPP (p < 0.001). The effects of annual precipitation, average
annual temperature, and solar radiation on EOS are insignificant; however, EOS has a
highly significant positive impact on NPP. These three climatic factors indirectly influence
NPP through phenology, with their indirect effects having a greater impact than their direct
effects. The analysis results suggest that increases in temperature, precipitation, and solar
radiation primarily lead to an earlier SOS and a delayed EOS, further promoting an increase
in NPP.

Total annual ~0.51(p<0.05)
rainfall \
\ 5

Annual average L ’
temperature \

0.52(p<0.01)

Total annual
radiation

Figure 7. Structural equation model (SEM) representing the relationships between climatic factors,
net primary productivity, start of the growing season, end of the growing season, and length of
the growing season. Note: The values on the lines represent standardized path coefficients. The
thickness of the arrows indicates the magnitude of the standardized coefficients. Solid lines represent
significant relationships (p < 0.1), while dashed lines indicate nonsignificant relationships.

4. Discussion
4.1. Role of Climate in the NPP Response to Phenological Changes

To delve deeper into the effects of temperature and precipitation on vegetation pro-
ductivity and LOS, we further analyzed the relationships between NPP, phenology, and
climate across different temperature and precipitation zones based on historical climate
data. As shown in Figure 8, the response of NPP to LOS varies with the temperature
gradient. Although the increase in temperature enhances autumn respiration to a greater
extent than autumn photosynthesis, it also advances the start of the growing season (SOS)
and extends its length (LOS), thereby prolonging the period of vegetation photosynthesis.
Consequently, as the temperature increases, the trend of NPP growth is intensified. When
temperatures exceed 19 °C, NPP increases from approximately 795 gCm 2 at 140 days
to about 940 gCm 2 at 280 days. However, at temperatures below 13 °C, NPP increases
from about 725 gCm~2 at 140 days to approximately 780 gCm~2 at 280 days. At a fixed



Atmosphere 2024, 15, 1464

12 of 16

950 A

900

850

®©

(=3

=]
1

Net primary productivity(gCxm2)
Z
1

700

temperature, NPP does not increase steadily with the extension of LOS but shows fluctu-
ating growth. Across different precipitation zones, this growth trend of vegetation NPP
with the extension of LOS is generally consistent. NPP increases relatively slowly during
the first 200 days of the growing season, and then accelerates. This may be due to the
fact that in the early stages of vegetation growth, neither temperature nor light reaches
the optimal conditions for activating photosynthesis. Therefore, there is a relatively slow
increase in vegetation NPP with increasing precipitation. However, when both temperature
and light reach the conditions suitable for vegetation photosynthesis, there is a more rapid
increase in vegetation NPP with increasing precipitation. The varying trends in NPP with
LOS reflect the profound influence of climate on the response mechanisms of NPP to
phenological changes.
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Figure 8. Response of net primary productivity to length of the growing season in different tempera-
ture and precipitation zones in Guizhou Province from 2001 to 2020.

4.2. Other Factors Influencing NPP’s Response to Phenology

Vegetation NPP’s response patterns to phenology vary across regions and are influ-
enced by different factors. The Qinghai-Tibet Plateau, which is also in an ecologically
fragile area, has a higher altitude, generally lower temperatures, and an extremely uneven
distribution of water resources. During the period from 2000 to 2020, the vegetation NPP of
the Qinghai-Tibet Plateau showed a slight decreasing trend under climate change caused by
global warming [40]. In high-latitude forests, warmer winters may shorten the cold period,
delaying the accumulation of cold units necessary for bud burst; conversely, warmer springs
can accelerate heat accumulation, thus promoting plant growth [37,41,42]. In the arid and
semiarid regions of the Mongolian Plateau, minor phenological changes induced by sum-
mer drought significantly impact the annual NPP, enough to offset the NPP dynamics
driven by spring and autumn phenology [43]. In the snow-rich Colorado Rocky Mountains,
snowpack reductions and temperature increases lead to earlier snowmelt, advancing the
flowering period for most widely distributed species; communities composed of fewer,
unique species are also primarily influenced by the timing of snowmelt [44]. Changes in
soil resources support vegetation growth, and favorable hydrothermal conditions enhance
the activity of photosynthetic enzymes and soil microbes, extending the LOS [22] and
promoting the mineralization of soil organic matter, significantly increasing vegetation
productivity [45]. Human activities also impact vegetation NPP and phenological dynamics.
Since 2000, there has been some progress in Guizhou Province regarding ecological restora-
tion through projects such as “Grain for Green,” “Comprehensive Treatment of Rocky
Desertification”, and “Soil and Water Conservation” [46,47]. These ecological projects
result in land cover changes, effectively restoring farmland, grassland, and forestland
and significantly enhancing vegetation NPP. This may explain why the main factors of
terrestrial ecosystems have a varying impact on vegetation productivity.
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4.3. Uncertainties of the Results

In this study, remote sensing satellite technology was utilized to monitor vegetation
phenology and estimate NPP; however, the spatiotemporal complexity and ecological
intricacies of vegetation growth present certain limitations. Sufficient in situ phenologi-
cal and NPP observational data were lacking for the research area, which restricted our
ability to construct complete time series and deeply understand the response of NPP to
phenological changes. The uncertainties inherent in satellite remote sensing data might
introduce errors in the estimated NPP and phenology datasets, thereby impacting the
research outcomes. Additionally, only NODIS was employed as a remote sensing data
source, with no comparison to other data sources. In future research, the comparative
differences between different types of remote sensing data should be considered [23]. In
addition, we recommend that the existing data gaps in the current study be addressed by
integrating MODIS data with higher-resolution remote sensing data, such as Landsat data,
or utilizing high-resolution terrain data obtained from emerging technologies like drones.
Additionally, field data, if available, could be used to further refine the CASA model,
thereby minimizing the impact of limitations and uncertainties introduced into the research
via the data. Moreover, this study relied solely on average temperature, solar radiation,
and precipitation as meteorological variables, and the limitations of the meteorological
interpolation methods might lead to errors in the results. Future studies should incor-
porate other climatic variables (such as extreme weather conditions and daily maximum
temperatures) [48], land use changes [49], soil nutrients [50], human activities (such as
graze logging) [51], and other natural disturbances as influencing factors to quantitatively
analyze their impact on vegetation phenology and NPP.

5. Conclusions

In this study, the spatiotemporal characteristics of vegetation net primary productiv-
ity (NPP) were systematically quantified in Guizhou Province, China. We analyzed the
response mechanisms of NPP to phenological dynamics and further explored the role of
climate change in the NPP response to phenological dynamics. From 2001 to 2020, most
regions in Guizhou Province experienced a significant advancement of —0.4 days for the
beginning of the growing season and a reduction of 0.39 days at the end, leading to an
extension of the growing season of 0.78 days and an annual increase in NPP of 3.5 gC/m?.
With increasing altitude, NPP, EOS (end of season), and LOS (length of season) exhibited
varying trends. Below an altitude of 800 m, NPP increased with altitude, EOS was delayed,
and LOS was extended; above 800 m, NPP decreased with altitude, EOS was advanced, and
LOS was shortened. The complex relationship between vegetation NPP and phenological
dynamics in Guizhou, along with the different response patterns across various climatic
zones, indicates that climatic factors have a greater indirect impact on NPP through vegeta-
tion phenology than direct effects. In the context of global climate change, it is imperative to
consider the impact of seasonal climate changes on vegetation phenology and NPP. Given
the complex terrain and climate conditions in Guizhou Province, our findings suggest the
need for more detailed analyses across different climatic zones and vegetation communities
to quantify the impact of NPP on phenological dynamics. The knowledge gained from this
can be essential for land managers and restoration practitioners in karst regions, guiding
decision making related to grazing management, reforestation efforts, and water resource
management. For instance, the observed advancements and extensions in the growing
season may necessitate adaptive strategies in land management to cope with these changes.
For example, adjustments in grazing schedules may be required to prevent overgrazing
and maintain ecosystem health. The increase in NPP also highlights the potential for en-
hanced carbon sequestration, which should be factored into reforestation and afforestation
efforts. Furthermore, understanding the relationship between NPP and climate can inform
strategies for water allocation and conservation during different seasons.
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