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Highlights 

What are the main findings? 

• Xinjiang exhibits a warming–wetting trend, while drought frequency and intensity 
have increased since 1997, with strong spatial heterogeneity in southern Xinjiang. 

• Vegetation phenology shows a marked shift, characterized by earlier spring onset 
and longer growing seasons, whereas intense drought conditions tend to delay 
green-up. 

• These interactions suggest that phenology acts as a key regulator linking climate var-
iability and ecosystem functioning in arid regions. 

What is the implication of the main finding? 

• The interactive mechanism between drought and vegetation phenology—where phe-
nological shifts modify both carbon uptake windows and water consumption—rep-
resents a critical pathway linking climate variability to ecosystem carbon dynamics 
in arid regions. 

• These findings highlight the need for adaptive water and vegetation management 
that considers both direct drought impacts and phenologically mediated feedback on 
ecosystem productivity. 

Abstract 

Drought poses a major threat to ecosystem stability in arid regions. In Xinjiang, China, 
vegetation dynamics are highly sensitive to hydroclimatic variability, yet the evolution of 
drought and its ecological impacts remain insufficiently quantified. Using meteorological 
observations from 86 stations (1962–2021), drought dynamics were characterized using 
the Standardized Precipitation Evapotranspiration Index (SPEI) combined with run the-
ory, while MODIS products (2001–2021) were used to quantify vegetation phenology and 
productivity. Results indicate that despite a regional warming–wetting trend, more than 
97% of Xinjiang exhibits a significant increase in drought frequency and intensity after 
1997, with pronounced spatial heterogeneity concentrated in southern Xinjiang. Vegeta-
tion phenology shows a significant shift, with spring onset advancing at a rate of −1.9 days 
decade−1 and growing season length increasing by +3.8 days decade−1. Vegetation produc-
tivity derived from MODIS shows strong spatial variability, with GPP and NPP exhibiting 
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consistent increasing trends, particularly in northern Xinjiang. Multi-scale analysis reveals 
strong scale dependence in drought–vegetation interactions, where short-term drought 
(SPEI-3 and SPEI-6) exerts the strongest influence on vegetation dynamics, while long-
term drought (SPEI-12) primarily controls ecosystem stability and post-drought recovery. 
Correlation and extreme-event analyses further indicate that seasonal drought and phe-
nological shifts jointly regulate ecosystem productivity by altering water availability and 
carbon uptake periods. These results highlight a warming–wetting but drought-intensify-
ing regime in Xinjiang and emphasize the dominant role of seasonal drought in regulating 
vegetation functioning under climate change. 

Keywords: drought; SPEI; vegetation phenology; GPP; NPP; arid region 
 

1. Introduction 
Drought is one of the most destructive climate hazards under global climate change, 

particularly in arid and semi-arid regions where increasing frequency and intensity pose 
severe threats to ecosystem stability and sustainable development [1,2]. Xinjiang, located 
in the arid core of Central Asia, is characterized by complex topography and highly het-
erogeneous hydrothermal conditions [3–5]. Precipitation is scarce and unevenly distrib-
uted, making the region highly sensitive to climate variability. In recent decades, despite 
a general warming accompanied by increased precipitation, the frequency and intensity 
of drought events have continued to rise [6,7]. This apparent contradiction not only affects 
regional water availability and agricultural production but also fundamentally alters veg-
etation growth and ecosystem carbon cycling [8,9]. However, the mechanisms linking 
multi-scale drought characteristics to vegetation responses remain insufficiently quanti-
fied in arid regions. 

Conventional drought indices such as the Standardized Precipitation Index (SPI) pri-
marily rely on precipitation variability and neglect the increasing atmospheric evapora-
tive demand under warming conditions, potentially underestimating drought severity 
[10,11]. In contrast, the Standardized Precipitation Evapotranspiration Index (SPEI) inte-
grates both precipitation and potential evapotranspiration, providing a more comprehen-
sive representation of climatic water balance [12,13]. Moreover, its multi-scale structure 
enables the characterization of agricultural, ecological, and hydrological drought pro-
cesses [14]. Although SPEI has been widely applied, most studies in Xinjiang focus on 
overall drought trends, with limited attention to systematic quantification of drought at-
tributes such as duration, intensity, and severity across different time-scales [15–19]. 

Vegetation responses to drought constitute a key component of climate change im-
pacts [20]. Drought stress reduces soil moisture availability, suppresses photosynthesis, 
alters phenological timing, and weakens carbon sequestration capacity [21,22]. Previous 
studies have demonstrated that drought impacts are strongly scale-dependent, with 
short-term drought affecting water-use efficiency and long-term drought exerting more 
persistent constraints on ecosystem productivity [23–25]. In addition, lagged and cumu-
lative drought effects often exceed concurrent impacts, highlighting the importance of 
temporal dynamics [26,27]. Although extended growing seasons and increased produc-
tivity have been observed in many regions, ecosystem resilience under recurrent drought 
remains poorly understood in arid environments. 

In this study, vegetation phenological shift is defined as the integrated change in the 
timing of vegetation development, including earlier start of season (SOS), delayed end of 
season (EOS), and consequent extension of length of season (LOS). This definition moves 
beyond representing phenological shift solely by changes in LOS and provides a more 
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comprehensive framework for understanding vegetation responses to drought. Vegeta-
tion phenology was incorporated into this study because it represents a key intermediary 
process linking climate variability (especially drought) and ecosystem carbon cycling in 
arid and semi-arid regions. Phenological metrics directly regulate the duration and timing 
of photosynthetic activity, thereby controlling carbon uptake periods and ecosystem 
productivity. Incorporating phenology enables us to bridge climate variability (drought 
dynamics) and carbon flux responses (GPP and NPP), thereby providing a more mecha-
nistic understanding of how drought influences ecosystem functioning through temporal 
restructuring of vegetation growth periods. 

Xinjiang hosts diverse ecosystems, including forests, grasslands, deserts, and wet-
lands, which play a critical role in regional carbon cycling. However, existing studies often 
consider single climatic drivers or isolated vegetation indicators, lacking an integrated 
assessment of how multiple drought characteristics influence vegetation phenology and 
productivity [28,29]. In particular, the scale-dependent impacts of drought on key pheno-
logical metrics—start of season (SOS), end of season (EOS), and length of season (LOS)—
as well as on carbon fluxes (GPP and NPP), remain unclear [30–34]. Furthermore, the cu-
mulative effects of extreme drought events and their legacy impacts on vegetation recov-
ery require further investigation. 

To address these gaps, this study conducts a comprehensive multi-scale assessment 
of drought evolution and its ecological impacts in Xinjiang. Using long-term meteorolog-
ical observations (1962–2021), SPEI and run theory are employed to quantify drought 
characteristics across multiple time-scales. Multi-source remote sensing data are further 
integrated to analyze vegetation phenology and productivity from 2000 to 2022. By cou-
pling drought characteristics with vegetation responses, this study aims to (i) identify the 
warming–wetting yet drought-intensifying paradox, (ii) quantify the dominant role of 
seasonal drought in regulating vegetation dynamics, and (iii) provide a scientific basis for 
ecosystem management and climate adaptation in arid regions, and (iv) clarify the mech-
anistic interaction between drought and vegetation phenology, specifically how pheno-
logical shifts mediate drought impacts on carbon uptake. 

2. Materials and Methods 
2.1. Study Area 

Xinjiang is located in the arid core of Central Asia, covering approximately 1.66 × 106 
km2 between 73–96°E and 34–49°N (Figure 1). It is one of the most typical inland arid 
regions in the world and exhibits a distinctive “three mountains and two basins” topo-
graphic pattern, consisting of the Altai Mountains in the north, the Tianshan Mountains 
in the center, and the Kunlun Mountains in the south, which enclose the Junggar Basin 
and the Tarim Basin. Elevation ranges from −154 m in the Turpan Depression to over 7000 
m in high mountain regions, forming pronounced climatic and hydrological gradients. 

The region is dominated by inland river systems, including the Tarim River, Ili River, 
Irtysh River, and several tributaries originating from mountainous areas. These rivers are 
primarily sustained by mountain precipitation, glacier meltwater, and seasonal snowmelt, 
supporting oasis ecosystems distributed along river corridors. Although oasis areas oc-
cupy a relatively small proportion of the total land area, they sustain the majority of re-
gional population and economic activities, highlighting the critical role of water resources 
in this arid environment [35]. 

Climatically, Xinjiang is mainly controlled by the mid-latitude westerlies, with lim-
ited influence from the Asian monsoon system, resulting in scarce and unevenly distrib-
uted precipitation. Mean annual precipitation is generally below 200 mm in basin regions 
but can exceed 500 mm in mountainous areas, while potential evapotranspiration is ex-
tremely high (typically 1000–3000 mm yr−1). Mean annual temperature varies significantly 
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with elevation and location, generally ranging from 5 to 14 °C. These conditions create a 
highly fragile eco-hydrological system characterized by strong spatial heterogeneity and 
high sensitivity to climate variability [36]. 

Over recent decades, Xinjiang has experienced significant climate change character-
ized by rapid warming and a slight increase in precipitation. However, the intensification 
of extreme drought events and increasing evaporative demand have offset the humidifi-
cation effect, leading to enhanced drought risk across the region. The combination of com-
plex terrain, limited water resources, and diverse ecosystems—including forests, grass-
lands, deserts, and wetlands—makes Xinjiang an ideal natural laboratory for investigat-
ing drought dynamics and their impacts on vegetation phenology and ecosystem produc-
tivity under climate change. 

 

Figure 1. Study area and meteorological station distribution. 

2.2. Datasets 

Meteorological and remote sensing datasets were integrated to support the multi-
scale analysis of drought evolution and vegetation responses in Xinjiang. Daily tempera-
ture and precipitation data from 1962 to 2021 were obtained from 86 national meteorolog-
ical stations across Xinjiang, sourced from the China Meteorological Data Service Center 
(http://data.cma.cn/, accessed on 10 June 2025). Stations were selected based on data con-
tinuity and quality to ensure robust long-term analysis. Prior to analysis, standard quality-
control procedures, including outlier screening and consistency checks, were applied to 
minimize uncertainties associated with observational errors. Based on the processed tem-
perature and precipitation data, potential evapotranspiration (PET) was estimated using 
the Penman–Monteith method. The Standardized Precipitation Evapotranspiration Index 
(SPEI) was then calculated at multiple time-scales (1-, 3-, 6-, 12-, and 24-month) to charac-
terize drought variability, intensity, and temporal evolution. In this study, SPEI was de-
rived using the entire available observation period (1962–2021) to construct a consistent 
statistical baseline for standardization. This approach ensures that drought conditions are 
expressed as standardized anomalies relative to the long-term regional climatic distribu-
tion, and allows for direct comparability across different time scales and sub-periods. No 
separate baseline or truncated reference period was applied. Therefore, the resulting SPEI 
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time series reflect relative wetness–dryness conditions under a unified climatological 
framework, rather than deviations from a predefined historical reference sub-period. 

To quantify vegetation dynamics, multiple Moderate Resolution Imaging Spectrora-
diometer (MODIS) products were employed. Gross Primary Productivity (GPP) data were 
derived from the MOD17A2H product (500 m spatial resolution), provided by NASA’s 
Land Processes Distributed Active Archive Center (LP DAAC) 
(https://lpdaac.usgs.gov/products/mod17a2hv006/, accessed on 15 June 2025). Net Pri-
mary Productivity (NPP) was obtained from the MOD17A3HGF.061 product (500 m res-
olution) (https://developers.google.com/earth-engine/datasets/cata-
log/MODIS_061_MOD17A3HGF, accessed on 15 June 2025). Vegetation phenology met-
rics, including the start of season (SOS), end of season (EOS), and length of season (LOS), 
were extracted from the MCD12Q2.061 product (500 m resolution) (https://develop-
ers.google.com/earth-engine/datasets/catalog/MODIS_061_MCD12Q2, accessed on 15 
June 2025). These datasets are derived from MODIS observations and have been widely 
validated for applications in ecosystem productivity, phenological dynamics, and cli-
mate–vegetation interaction studies. 

Vegetation phenology was characterized using the MODIS MCD12Q2 Version 6.1 
Land Cover Dynamics product at a spatial resolution of 500 m. Three phenological metrics 
were extracted: Start of Season (SOS, using the Greenup_DOY variable), End of Season 
(EOS, using the Dormancy_DOY variable), and Length of Season (LOS, calculated as EOS 
− SOS). Only the primary growing season was considered. Quality assurance (QA) infor-
mation provided in the MCD12Q2 product was used to exclude low-quality observations 
and unreliable retrievals. Pixels were retained only if the QA flag indicated high or me-
dium reliability. Pixels with invalid phenological records or poor-quality flags were re-
moved prior to analysis. Extreme SOS/EOS values (>3 standard deviations from the re-
gional mean) were discarded to reduce noise from spurious signals. For pixels with mul-
tiple growing seasons, only the main season with the largest NDVI amplitude was used. 
To minimize uncertainties associated with sparsely vegetated desert areas, only vegetated 
pixels (annual maximum NDVI ≥ 0.1) were retained for subsequent calculations. Annual 
SOS, EOS, and LOS maps were then aggregated to the regional scale, and temporal trends 
were quantified using Sen’s slope estimator and the Mann–Kendall significance test. 

2.3. Calculation of Drought Indices 

The Standardized Precipitation Evapotranspiration Index (SPEI) was employed to 
characterize drought conditions in Xinjiang due to its ability to incorporate both precipi-
tation deficits and temperature-driven evaporative demand, making it particularly suita-
ble under climate warming scenarios. Compared with the Standardized Precipitation In-
dex (SPI), SPEI provides a more comprehensive representation of climatic water balance 
while retaining multi-scale characteristics [37,38]. 

The SPEI calculation process involves the following four steps: 

(1) Calculate the climatic water balance, with the climatic water balance (𝐷௜) being the 
difference between precipitation (𝑃௜) and potential evapotranspiration (𝑃𝐸𝑇௜ ): 𝐷௜ = 𝑃௜ − 𝑃𝐸𝑇௜    (1)

(2) Establish the cumulative series of climatic water balance at different time scales: 𝐷௡௞ = ෍ ሺ 𝑃௡ି௜ − 𝑃𝐸𝑇௡ି௜ሻ,𝑛 ≥ 𝑘௞ି௜௜ୀ଴  (2)

where 𝑘 is the time scale (usually month) and n is the number of calculations. 
(3) Build a data series using the log-logistic probability density function fitting: 𝑓ሺ𝑥ሻ = 𝛽𝛼 (𝑥 − 𝛾𝛼 )ఉିଵ[1 + (𝑥 − 𝛾𝛼 )ఉ]ିଶ (3)
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where 𝛼 is the scale coefficient, 𝛽 is the shape coefficient, and 𝛾 is the origin pa-
rameter, which can be obtained by the L-moment parameter estimation method. 

(4) Transform the cumulative probability density into a standard normal distribution to 
obtain the corresponding SPEI time change sequence: 𝑆𝑃𝐸𝐼 = 𝑤 − 𝑐௢ + 𝑐ଵ𝑤 + 𝑐ଶ𝑤ଶ1 + 𝑑ଵ𝑤 + 𝑑ଶ𝑤ଶ + 𝑑ଷ𝑤ଷ (4)

where 𝑤 = [−2ln(P)]1/2, when 𝑃 ≤ 0.5, 𝑃 = 1 − F(x); when 𝑃 > 0.5, 𝑃 = 1 − 𝑃௜, 𝑐௢ = 
2.515517; 𝑐ଵ = 0.802853; 𝑐ଶ = 0.010380; 𝑑ଵ = 1.432788; 𝑑ଶ = 0.189 269; 𝑑ଷ = 
0.001308. 

2.4. Identification and Feature Extraction of Drought Events 

Drought events were identified based on SPEI thresholds and extracted using run 
theory. A drought event was defined as a period of at least two consecutive months with 
SPEI values below −0.5. Drought severity was classified into four levels: mild drought 
(SPEI ≤ −0.5), moderate drought (SPEI ≤ −1.0), severe drought (SPEI ≤ −1.5), and extreme 
drought (SPEI ≤ −2.0) [39]. Four key drought characteristics were quantified: (i) frequency, 
defined as the number of drought months per year; (ii) duration, defined as the number 
of consecutive months within a drought event; (iii) intensity, defined as the mean SPEI 
value during a drought event; and (iv) severity, defined as the cumulative SPEI deficit 
over the event period. To ensure spatial continuity, drought characteristics were interpo-
lated using the inverse distance weighting (IDW) method for regional pattern analysis. 
This framework enables a comprehensive characterization of drought dynamics and fa-
cilitates the linkage between drought processes and vegetation responses across multiple 
temporal scales. 

2.5. Statistical Analysis 

Trend analysis: All temporal trends (temperature, precipitation, SPEI, GPP, and NPP) 
were quantified using the Mann–Kendall (MK) non-parametric test, and trend magni-
tudes were estimated using Sen’s slope estimator. Statistical significance was assessed at 
p < 0.05. 

Change-point detection: Abrupt changes in hydroclimatic time series (e.g., the turn-
ing points around 1987 and 1997) were identified using a Bayesian change-point detection 
method, which allows probabilistic estimation of structural breaks in time series by eval-
uating the posterior probability of change points. 

Correlation analysis: Relationships between drought, vegetation phenology, and 
productivity were quantified using Pearson correlation coefficients (after normality test-
ing), with results verified using Spearman correlation to ensure robustness. Analyses were 
conducted at the pixel level and station-aggregated regional mean level to capture both 
spatial heterogeneity and regional response patterns. Monthly and seasonal SPEI values 
were matched with corresponding phenological and productivity metrics. Lagged corre-
lations (0–12 months) were also tested to account for delayed vegetation responses to 
drought. Statistical significance was assessed at p < 0.05, with t-tests applied to correlation 
coefficients. 

2.6. Quantification of Vegetation Resistance and Resilience to Drought 

Following established frameworks, resistance (Rt) quantified as the difference be-
tween the spectral index value during the focal drought period (VIdrought, 2007–2008 aver-
age) and the pre-drought baseline (VIpre-drought, 2006 reference year): 

Rt =VIdrought − VIpre-drought (5)
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Recovery (𝑅𝑐) Quantified as the difference between the spectral index in the 𝑖th post-
drought recovery year (𝑉𝐼௥௘௖௢௩௘௥௬,௜, where 𝑖= 1, 2, 3 corresponds to 2009, 2010, 2011) and 
the drought-disturbed state, tracking ecosystem drought legacy effects that typically last 
3 to 4 years: 𝑅𝑐, 𝑖 =  𝑉𝐼௥௘௖௢௩௘௥௬,௜  −  𝑉𝐼ௗ௥௢௨௚௛௧  (6)

3. Results 
3.1. Spatiotemporal Trends in Temperature and Precipitation 

From 1962 to 2021, Xinjiang exhibited a significant warming and humidification 
trend. Annual mean temperature increased at a rate of 0.31 °C decade−1 (p < 0.01), while 
annual precipitation increased by 8.01 mm decade−1 (p < 0.01). More than 97% of meteor-
ological stations showed increasing trends in both temperature and precipitation, indicat-
ing a consistent regional warming–wetting pattern (Figure 2). Spatially, warming dis-
played pronounced heterogeneity. The most significant temperature increases were ob-
served in northern and eastern Xinjiang, with the highest warming rate recorded at Shi-
sanjianfang station (0.82 °C decade−1). In contrast, only a few stations exhibited slight cool-
ing trends, such as Kuqa station in southern Xinjiang (−0.08 °C decade−1), which did not 
alter the overall warming pattern. 

 

Figure 2. Spatial trends of annual temperature and precipitation across Xinjiang. 

Precipitation changes also exhibited strong spatial variability. Significant increases 
were concentrated in northern Xinjiang and the western part of southern Xinjiang, with 
Ürümqi station showing the largest increase (22.03 mm decade−1). In contrast, eastern Xin-
jiang experienced decreasing precipitation trends, particularly at Shisanjianfang and Tur-
pan stations (−3.31 and −0.24 mm decade−1, respectively), revealing a distinct spatial pat-
tern characterized by “increase in the north and west, and decrease in the east”. Further 
analysis revealed notable phase shifts in hydrothermal conditions. Change-point detec-
tion identified a significant increase in precipitation around 1987, followed by an abrupt 
temperature rise around 1997. This asynchronous evolution resulted in three distinct cli-
matic regimes: a cold–dry period (1962–1987), a transitional cold–wet period (1988–1996), 
and a warm–wet period (1997–2021). These regime shifts highlight the nonlinear evolu-
tion of climate dynamics in Xinjiang. 

3.2. Spatiotemporal Evolution of Drought Characteristics 

Drought characteristics in Xinjiang exhibited strong dependence on temporal scale, 
as revealed by the multi-scale SPEI analysis combined with run theory. With increasing 
time-scale, drought duration and severity increased markedly, while drought frequency 
decreased. Specifically, the median drought severity and duration increased from −3.18 
and 2.07 months at the SPEI-1 scale to −7.32 and 4.40 months at the SPEI-12 scale, respec-
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tively. This indicates a clear scale-dependent pattern, with long-term droughts character-
ized by greater severity and longer duration, whereas short-term droughts occur more 
frequently but with lower intensity. 

Over the period 1962–2021, drought characteristics exhibited pronounced interan-
nual variability, with 1997 identified as a critical turning point. After 1997, Xinjiang en-
tered a persistent drying phase, during which all drought metrics—including frequency, 
duration, intensity, and severity—showed significant increasing trends across multiple 
time-scales (Figure 3). This confirms a substantial intensification of drought conditions 
despite the overall warming–wetting background. From the perspective of drought sever-
ity classes, the occurrence frequency of mild, moderate, severe, and extreme droughts all 
increased significantly. The most pronounced increases were observed at the SPEI-12 scale, 
with growth rates of 0.62, 0.45, 0.18, and 0.05 months year−1 decade−1 for mild, moderate, 
severe, and extreme droughts, respectively, indicating a systematic intensification across 
all drought categories. 

 

Figure 3. Drought frequency across multiple scales and intensity levels in Xinjiang. Note: asterisks 
denote the statistical significance of linear trend magnitudes: * p < 0.05, ** p < 0.01. 

Spatially, drought stress was substantially stronger in southern Xinjiang. At the SPEI-
3 scale, the annual frequencies of mild, moderate, severe, and extreme droughts reached 
3.3, 1.5, 0.5, and 0.1 months year−1, respectively (Figure 4). High-frequency zones of severe 
and extreme drought were primarily concentrated in southern Xinjiang. In terms of inten-
sity, average values for mild, moderate, severe, and extreme droughts were −1.1, −1.5, −1.9, 
and −2.3, respectively, with high-intensity regions mainly distributed in southwestern 
Xinjiang. Drought duration and severity further highlight the spatial concentration of 
drought stress. The average duration of mild, moderate, severe, and extreme droughts in 
southern Xinjiang was 4.0, 3.4, 2.9, and 2.8 months, respectively, while corresponding se-
verity values were −4.7, −5.2, −5.5, and −6.6. The spatial patterns of duration and severity 
were highly consistent, with maximum values concentrated in southwestern Xinjiang, 
identifying this region as the core hotspot of drought stress in the study area. 
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Figure 4. Characteristics of drought events (SPEI-3). Note: The first column indicates the frequency 
of drought events (months/year); the second column represents the intensity of drought events (di-
mensionless, where smaller values indicate greater drought intensity); the third column shows the 
duration of drought events (months); and the fourth column denotes the severity of drought events 
(dimensionless, where smaller values reflect stronger drought conditions). Drought intensity was 
calculated as the mean SPEI value during a drought event, representing the average drought 
strength. Drought severity was calculated as the cumulative SPEI deficit during the event, repre-
senting the integrated drought stress over time. 

3.3. Spatiotemporal Variations in Vegetation Phenology 

Vegetation phenology in Xinjiang exhibited pronounced spatial heterogeneity and 
significant temporal shifts during 2001–2021, based on MODIS-derived phenological met-
rics (SOS, EOS, and LOS). 

Spatially, the start of the growing season (SOS) showed clear regional differences. 
The earliest green-up occurred in the Ili River Valley and the headwater regions of the 
Tarim River Basin, where vegetation typically entered the growing season around day 80–
90 (mid- to late March). In contrast, the regional mean SOS occurred around day 122 (early 
April). The spatial pattern of the end of the growing season (EOS) displayed an opposite 
trend, with later senescence generally observed in southern Xinjiang. The regional mean 
EOS occurred around day 282 (Figure 5). 

Temporally, vegetation phenology exhibited a consistent shift over the past two dec-
ades. SOS advanced significantly at a rate of −1.9 days decade−1, while EOS was delayed 
at a rate of +1.7 days decade−1. As a combined effect, LOS increased by 3.8 days decade−1, 
indicating an extension of the vegetation growth period. 
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Figure 5. Spatial distribution of vegetation growing season onset (a–d) and termination (e–h) in 
Xinjiang (2001–2021). 

3.4. Spatiotemporal Variations in Vegetation Productivity in Xinjiang 

From 2001 to 2021, vegetation productivity in Xinjiang exhibited pronounced spatial 
heterogeneity, reflecting strong hydro-climatic controls on ecosystem carbon uptake. The 
multi-year mean gross primary productivity (GPP) was 285.20 g C·m−2, showing a distinct 
gradient characterized by higher values in relatively humid and energy-rich regions. Ele-
vated GPP values were concentrated in the Ili River Valley, the Altai Mountains, and ri-
parian corridors along major river systems, where water availability and vegetation den-
sity are comparatively high. In contrast, persistently low GPP values occurred in the 
Taklimakan Desert and the Gurbantunggut Desert, where extremely arid conditions se-
verely constrain photosynthetic activity (Figure 6a). In southern Xinjiang, productivity 
hotspots were primarily distributed along oasis–river systems such as the Aksu, Kashgar, 
Yarkant, and Hotan Rivers, underscoring the dominant role of hydrological accessibility 
in sustaining carbon assimilation in hyper-arid environments. 



Remote Sens. 2026, 18, 2285 11 of 21 
 

https://doi.org/10.3390/rs18142285 

Spatial trend analysis further revealed a widespread increase in vegetation produc-
tivity across the study region. More than 80% of Xinjiang exhibited positive GPP trends, 
among which 31.82% showed statistically significant increases (p < 0.05). Areas with de-
clining trends accounted for 18.03%, most of which were weak and statistically insignifi-
cant, indicating limited spatial coherence of productivity reduction signals. These results 
suggest a general enhancement of ecosystem photosynthetic capacity over the study pe-
riod, albeit with strong spatial variability driven by regional moisture gradients and veg-
etation distribution patterns (Figure 6b). 

 

Figure 6. (a) Multi-year mean distribution and (b) trend variation of GPP in Xinjiang. Note: ESD = 
extremely significant decrease; SD = significant decrease; SSD = slightly significant decrease; NSD = 
non-significant decrease; NSI = non-significant increase; SSI = slightly significant increase; SI = sig-
nificant increase; ESI = extremely significant increase. 

Marked differences were also observed among vegetation types. Natural vegetation 
(including forests, shrublands, and grasslands) and cropland both contributed substan-
tially to regional productivity, with clear spatial clustering in ecologically favorable zones 
such as the Ili River Valley. The multi-year mean net primary productivity (NPP) of nat-
ural vegetation was 137.52 g C·m−2, with peak values reaching 533.11 g C·m−2, reflecting 
substantial heterogeneity within natural ecosystems. Cropland exhibited a higher mean 
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NPP of 188.98 g C·m−2, indicating relatively high carbon assimilation efficiency under 
managed conditions and irrigation support. Among natural vegetation types, forests dis-
played the highest carbon fixation capacity (207.68 g C·m−2), followed closely by shrub-
lands (198.13 g C·m−2), while grasslands showed the lowest productivity (133.44 g C·m−2), 
consistent with their limited water-use efficiency and sparse canopy structure (Figure 7). 

 

Figure 7. Spatial patterns and vegetation-type differences in NPP of artificial and natural vegetation 
in Xinjiang over the past two decades. Note: artificial vegetation refers to human-managed vegeta-
tion, including cropland, urban green spaces, shelterbelts, and other planted vegetation. 

3.5. Impacts of Drought on Vegetation Phenology 

Drought characteristics exhibited clear dependence on SPEI time scale. With increas-
ing SPEI aggregation scale, drought events became more severe and persistent. At the 
SPEI-1 scale, median drought severity and duration were −3.18 and 2.07 months, respec-
tively, whereas at the SPEI-12 scale these values increased to −7.32 and 4.40 months (Fig-
ure 8b,c). In addition, frequency distributions broadened with increasing time scale, indi-
cating greater variability and stronger cumulative effects in long-term drought metrics 
(Figure 8d). These results indicate that short-term SPEI primarily captures high-frequency 
drought fluctuations, whereas long-term SPEI reflects accumulated and persistent water 
deficits. 
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Figure 8. Spatiotemporal probability density distributions of various drought characteristic attrib-
utes under different SPEI timescales (SPEI-1, SPEI-3, SPEI-6, and SPEI-12) across the study area dur-
ing 2001–2021. Note: the horizontal gray lines represent explicit zero baselines for each sub-distri-
bution to ensure precise visual alignment and independent comparison, and the vertical dashed 
lines indicate the median values for each scale. The rug plots at the bottom of each baseline represent 
the empirical data points. 

Vegetation phenology in Xinjiang showed noticeable interannual variability during 
2001–2021 (Figure 9a). SOS exhibited a weak long-term trend, while EOS showed a slight 
delaying tendency, resulting in an overall extension of LOS. Among the three phenologi-
cal indicators, EOS and LOS showed greater interannual variability, indicating higher sen-
sitivity to climatic fluctuations. 

Correlation analysis revealed significant associations between drought characteris-
tics and vegetation phenology across multiple SPEI time scales (Figure 9b). SOS and LOS 
were generally more sensitive to drought variability than EOS. Drought duration, fre-
quency, and number were predominantly negatively correlated with SOS, whereas 
drought intensity and severity showed mixed effects, with positive correlations under 
stronger drought conditions. This suggests that vegetation responds nonlinearly to 
drought stress, where repeated or prolonged water limitation tends to advance SOS, while 
high-intensity drought may delay vegetation green-up. 

LOS showed clearer and more consistent responses to drought characteristics, par-
ticularly at intermediate (SPEI-3 and SPEI-6) and long (SPEI-12) time scales. In general, 
drought duration and frequency were negatively correlated with LOS, indicating that per-
sistent drought conditions tend to shorten the growing season. In contrast, EOS exhibited 
weaker and less consistent relationships with drought variables, suggesting that senes-
cence timing is less directly controlled by drought compared to SOS and LOS. 

Overall, these results demonstrate a clear scale-dependent relationship between 
drought and vegetation phenology. Short-term drought variability is more closely associ-
ated with interannual phenological fluctuations, while long-term drought exerts stronger 
cumulative constraints on growing-season length and ecosystem functioning. Among 
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phenological metrics, SOS and LOS are the most drought-sensitive indicators, whereas 
EOS shows a more complex and less stable response pattern. 

 

Figure 9. Vegetation phenological shifts and their drought associations in Xinjiang over the past 20+ 
years. (a) Interannual trajectories and linear fits of the start of the growing season (SOS), end of the 
growing season (EOS), and length of the growing season (LOS) from 2001 to 2021. (b) Pearson cor-
relation matrix metrics between multi-timescale drought characteristics and phenological parame-
ters. 

3.6. Impacts of Drought on Vegetation Productivity 

Correlation analysis between multi-scale drought characteristics and vegetation 
productivity (GPP and NPP) revealed predominantly negative relationships, indicating 
that drought stress is associated with reduced vegetation carbon uptake efficiency (Figure 
10). Both GPP and NPP showed consistent decreases under increasing drought intensity, 
frequency, and duration across most SPEI time scales. 
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Figure 10. Relationship between drought patterns in Xinjiang and vegetation carbon uptake. Note: 
hexagon size represents the absolute magnitude of the correlation coefficient, whereas color indi-
cates the correlation direction and value according to the color scale from −1 to 1. 

The relationships between drought and vegetation productivity exhibited clear scale 
dependence. The strongest correlation was observed at the SPEI-3 scale, where drought 
intensity showed a significant negative relationship with GPP (r = −0.42, p < 0.01). Drought 
duration and frequency at the SPEI-3 and SPEI-6 scales also showed relatively stronger 
correlations with both GPP and NPP compared to other time scales. 

Shorter SPEI time scales (SPEI-3 and SPEI-6) capture rapid vegetation responses to 
seasonal water deficits, whereas longer time scales primarily reflect accumulated moisture 
conditions with weaker direct coupling to short-term productivity variability. This sug-
gests that vegetation productivity in Xinjiang is more responsive to seasonal-scale 
drought variability than to long-term drought accumulation. 

Overall, these results indicate a scale-dependent sensitivity of vegetation productiv-
ity to drought stress, with stronger responses occurring at seasonal time scales. 

3.7. Vegetation Resistance and Resilience During the 2007–2008 Extreme Drought 

The 2007–2008 drought in Xinjiang was selected as a representative extreme hydro-
climatic event for evaluating vegetation resistance and resilience (Figure 11). This event 
was characterized by persistent high-temperature anomalies, reduced snow accumula-
tion, early snowmelt, and below-average precipitation, jointly inducing severe hydrolog-
ical stress across the region. The SPEI-12 index indicated a prolonged drought condition 
lasting 8.32 months with an intensity of −1.37. Vegetation resistance (Rt) and resilience 
(Rc) were quantified using MODIS-derived NDVI and NDWI. Resistance was defined as 
the deviation between vegetation conditions during the drought period (2007–2008) and 
the pre-drought baseline year (2006). Resilience was calculated based on post-drought 
vegetation recovery during 2009–2011, representing a multi-year recovery trajectory. 

Spatial patterns show that higher resistance values were concentrated in the northern 
slope of the Tianshan Mountains, the northern Kunlun Mountains, and the headwater 
regions of the Tarim River Basin, indicating relatively lower sensitivity to drought stress. 
In contrast, lower resistance and weaker resilience were observed in southern Xinjiang, 
particularly within the Tarim Basin, where post-drought recovery was slower and incom-
plete. Temporal dynamics indicate a rapid decline in NDVI during the drought year, fol-
lowed by partial recovery in the first post-drought year and near or above baseline levels 
in the second year. In contrast, NDWI exhibited a slower and incomplete recovery trajec-
tory, remaining below pre-drought conditions throughout the recovery period. This di-
vergence indicates a faster recovery of vegetation greenness compared to canopy water 
content after drought termination. 
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Figure 11. Spatial variations in vegetation resistance (Rt) and annual recovery (Rc) during and after 
the 2007–2008 focal extreme drought event in Xinjiang. Note: Panels (a,b) display the resistance 
based on NDVI (Rt-NDVI) and NDWI (Rt-NDWI), calculated as the index difference between the 
drought period (2007–2008) and the pre-drought baseline (2006). Panels (c–h) display the annual 
post-drought recovery (Rc) across three consecutive years (Year 1: 2009; Year 2: 2010; Year 3: 2011) 
relative to the drought period, capturing the multi-year legacy effects on forest and grassland eco-
systems. Positive Rc values indicate higher resilience or buffer capacity, while negative values in 
recovery years highlight areas potentially compounded by secondary drought events or persistent 
suppression. 
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4. Discussions 
4.1. Mechanisms of Drought Impacts on Forest and Grassland Ecosystems 

Drought is one of the most pervasive climatic stressors affecting ecosystem structure 
and function in arid regions such as Xinjiang, where water availability is the primary lim-
iting factor for vegetation growth and stability [40]. Extreme drought events can trigger 
reductions in photosynthetic activity, hydraulic failure, and even large-scale vegetation 
mortality, leading to long-term ecosystem degradation [41]. Two primary physiological 
mechanisms have been widely proposed to explain drought-induced vegetation re-
sponses: the hydraulic failure hypothesis and the carbon starvation hypothesis [42]. Hy-
draulic failure occurs when water stress induces xylem embolism, disrupting water 
transport from roots to leaves and ultimately leading to tissue desiccation. In contrast, 
carbon starvation results from prolonged stomatal closure under drought stress, which 
reduces photosynthetic carbon assimilation and disrupts plant metabolic balance [43,44]. 
These two mechanisms jointly provide a theoretical basis for understanding drought-in-
duced ecosystem decline in arid and semi-arid environments. 

4.2. Drought Propagation and Scale-Dependent Vegetation Responses 

Drought is a multiscale phenomenon characterized by cascading propagation across 
meteorological, agricultural, ecological, and hydrological domains [45,46]. This propaga-
tion reflects the progressive transmission of water deficits through the soil–plant–atmos-
phere continuum, leading to increasing ecological stress as drought develops. Our results 
demonstrate strong scale-dependent vegetation responses to drought, with pronounced 
sensitivity to seasonal (SPEI-3 and SPEI-6) drought conditions in regulating vegetation 
productivity, while longer-term drought (SPEI-12) primarily influences ecosystem stabil-
ity and recovery processes. This pattern can be interpreted through drought propagation 
dynamics: short-term drought directly coincides with vegetation growth cycles and rap-
idly affects photosynthetic activity, whereas long-term drought reflects cumulative water 
deficits that influence ecosystem resilience and structural stability [47,48]. 

Importantly, the seemingly contradictory responses observed in this study—namely 
that prolonged or frequent drought is associated with earlier SOS, while extreme drought 
events can delay greening—reflect different stages of vegetation–water coupling pro-
cesses rather than inconsistent results. Early SOS under frequent drought conditions may 
arise from compensatory strategies triggered by reduced competition and earlier snow-
melt, whereas severe drought conditions exceeding physiological thresholds suppress 
metabolic activation and delay green-up. This indicates a nonlinear response of phenol-
ogy to drought intensity, rather than a monotonic relationship. 

Rather than being contradictory, the differing roles of seasonal and long-term 
drought reflect a hierarchical response mechanism. Seasonal drought governs interannual 
variability in vegetation productivity, while prolonged drought determines ecosystem re-
sistance and long-term carbon cycle constraints [49,50]. This scale-dependent behavior 
highlights the importance of considering multiple drought timescales when assessing 
vegetation responses in arid ecosystems. 

4.3. Regulation of Drought Recovery by Vegetation Phenology 

Vegetation phenology plays a key role in modulating drought impacts by regulating 
the temporal window of carbon uptake and water consumption. This study shows that 
phenological shifts in Xinjiang not only respond to drought but also feed back into 
drought recovery through coupled ecohydrological interactions. Earlier spring onset ex-
tends the growing season and increases evapotranspiration demand, thereby intensifying 
soil moisture depletion during subsequent drought periods. Consequently, phenological 
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advancement may partially offset gains in carbon uptake by enhancing water stress dur-
ing the peak growing season [51]. 

Crucially, the mismatch between NDVI and NDWI recovery reveals a decoupling 
between structural and physiological recovery. While vegetation greenness (NDVI) recov-
ers relatively quickly, canopy water content (NDWI) shows slower and incomplete recov-
ery, indicating persistent hydraulic stress after drought termination. This lag suggests that 
carbon uptake capacity may remain constrained despite apparent greenness recovery, 
leading to delayed normalization of carbon fluxes and potential multi-year carbon balance 
effects. Similar lagged recovery patterns have been reported in other arid and semi-arid 
ecosystems, where hydraulic recovery lags behind structural regrowth, prolonging post-
drought carbon assimilation deficits [52,53]. Overall, vegetation phenology acts as both a 
response to drought and a regulator of ecosystem sensitivity to subsequent drought 
events. 

4.4. Scale Dependence of Drought Resistance, Resilience, and Vegetation Responses 

The apparent differences in drought time scales used in this study reflect distinct 
roles of drought processes across temporal domains. Short-term drought conditions 
(SPEI-3 and SPEI-6) primarily capture rapid soil moisture fluctuations that directly regu-
late vegetation productivity and seasonal carbon uptake dynamics. In contrast, long-term 
drought conditions (SPEI-12) represent cumulative water deficits that better describe sus-
tained ecosystem stress and are therefore more appropriate for characterizing extreme 
drought events and associated ecosystem disturbances [54,55]. 

In this context, vegetation resistance and resilience to the 2007–2008 drought should 
be interpreted as responses to integrated long-term water deficits rather than short-term 
variability. Resistance reflects the immediate ability of ecosystems to withstand persistent 
stress, while resilience represents the capacity to recover from cumulative drought im-
pacts over multi-year time scales [56]. This conceptual separation is consistent with stud-
ies in the Mediterranean Basin and North American drylands, where ecosystem resistance 
was primarily controlled by drought magnitude and duration, whereas resilience was 
strongly influenced by antecedent moisture conditions and recovery time lags. 

Accordingly, resistance and resilience do not necessarily exhibit identical scale de-
pendence to productivity responses but instead reflect integrated ecosystem memory of 
prolonged hydroclimatic stress. This highlights a hierarchical drought response frame-
work in which short-term drought controls productivity dynamics, while long-term 
drought governs ecosystem stability and recovery capacity. 

5. Conclusions 
This study assessed multi-scale drought dynamics and their impacts on vegetation 

in Xinjiang using long-term meteorological data, SPEI, and remote sensing. Despite a 
warming–wetting trend, drought frequency, intensity, and duration have intensified since 
1997, particularly in southern Xinjiang. Vegetation shows earlier spring onset, longer 
growing seasons, and increased primary productivity, yet these reflect higher sensitivity 
rather than reduced vulnerability. Seasonal drought (3–6 months) showed the strongest 
statistical association with productivity variation, while long-term drought constrains 
ecosystem stability. Lagged and cumulative drought effects influence phenology, and ex-
treme events reveal slower recovery of canopy water content compared to structural 
greenness. Phenological shifts may influence drought recovery through altered water use 
and growing-season duration. These findings highlight the paradox of warming–wetting 
yet intensifying drought and emphasize the critical role of seasonal drought in regulating 
arid ecosystems, providing guidance for adaptive management and climate resilience. 
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