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ABSTRACT

Vegetation dynamics across the Tibetan Plateau are shifting under climate change, yet 
our understanding remains hindered by uncertainties among satellite products. We 
assessed the consistency of seven Leaf Area Index (LAI) products (2001–2018) in 
capturing mean states and spatiotemporal trends: MODIS, GIMMS, GLOBMAP, GLASS- 
AVHRR, GLASS-MODIS, HIQ, and GEOV2. Results revealed high agreement on climato
logical means (Pearson's r > 0.75, p < 0.001), whereas agreement was much lower 
regarding long-term dynamics (r < 0.6). Only GLOBMAP, GLASS-MODIS, and GEOV2 
identified significant greening (0.0059, 0.0052, and 0.0093 m2 m−2 yr−1, p < 0.05), 
while MODIS, GIMMS, GLASS-AVHRR and HIQ showed non-significant trends. Spatial 
trend heterogeneities peaked in southeastern forest-dominated regions (<2200 m), 
which may be related to complex canopy structures. In pixel‑scale analysis, 77% of 
the vegetated areas lacked consistent and significant trends. Only 0.66% showed 
unanimous greening across all products, mainly in the northeastern Tibetan Plateau. 
High consistency occurred in a warm-dry core (10–15°C, 50–150 mm) but weakened 
toward colder or wetter regimes. These patterns likely reflect sensor disparities, retrieval 
algorithms, and the extreme environments. These findings provide a comprehensive 
assessment of the consistency among multiple satellite LAI products and have impor
tant implications for monitoring vegetation responses to environmental change.

ARTICLE HISTORY 
Received 26 May 2026 
Accepted 11 October 2026 

KEYWORDS
Tibetan Plateau; leaf area 
index; multi-source remote 
sensing products; vegetation 
dynamics; spatial 
consistency

1 Introduction

Climate change alters the vegetation state, which in turn modulates energy exchange, consequently affecting 
the terrestrial carbon and hydrological cycles (Cui et al. 2022). The Leaf Area Index (LAI), defined as half of 
the total green leaf area per unit ground area (Chen and Black 1992), is a pivotal parameter for characterizing 
canopy structure and simulating photosynthesis, transpiration, and land-atmosphere exchanges. Given the 
critical role of LAI in monitoring vegetation dynamics, a variety of long-term LAI products with high 
spatiotemporal resolutions have been developed since the advent of the satellite era. These products have 
substantially advanced our understanding of long-term vegetation dynamics and their responses to global 
environmental change (Li, Wang, and Chen 2024; Piao et al. 2020; Wang et al. 2025; Zhu et al. 2016), as well 
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as their feedbacks on the climate system (e.g. changes in runoff and temperature) (Alkama et al. 2022; Bonan 
2008; Chen et al. 2023).

The reliability of satellite-derived LAI products is paramount to our understanding of terrestrial 
biosphere dynamics, as these datasets serve as the primary ‘benchmark’ for both empirical trend analysis 
and numerical simulations. In land surface modeling, for instance, LAI is utilized either as a critical forcing 
input or as a reference to constrain autonomous simulations in Dynamic Global Vegetation Models 
(DGVMs). State-of-the-art LSMs (e.g. Noah‑MP and DGVMs within the TRENDY project) face challenges 
in capturing realistic vegetation phenology and productivity (Huang et al. 2022; Seiler et al. 2022); satellite 
observations provide an indispensable reference for calibrating and validating model trajectories. If the 
underlying satellite products contain biases—stemming from sensor degradation or retrieval algorithm 
limitations—these biases directly compromise the estimation of gross primary productivity (GPP) and 
energy-water fluxes (Chen, Liu, and Liu 2025; Huang et al. 2022). Therefore, before using these products to 
interpret ecological shifts or drive climate models, it is imperative to rigorously evaluate their consistency 
and uncertainty characteristics, particularly in climatically sensitive regions.

The Tibetan Plateau serves as the ‘Asian water tower’ and is known as the Earth’s ‘Third Pole’ (Qiu 
2008). Characterized by high altitude, intense radiation, and ecological fragility, it hosts extensive alpine 
meadows and steppes that function as a vital ecological security barrier for Asia (Sun et al. 2012). In recent 
decades, the Tibetan Plateau has experienced a warming rate approximately twice the global average (Piao 
et al. 2010; Yao 2019), accompanied by a trend towards increased humidity (Chen et al. 2013; Kuang and 
Jiao 2016; Yiming et al. 2026). These climatic shifts have extended the growing season and enhanced 
vegetation productivity, leading to an overall greening trend across much of the plateau (Huang et al. 2019; 
Piao et al. 2019; Zhu et al. 2016). Such shifts in vegetation exert feedbacks on climate regulation, influence 
land-atmosphere coupling, and impact downstream water resources (Luo, Ma, and Zhang 2025a; Shen 
et al. 2015; Wu et al. 2020). However, the spatial response is far from uniform; intensification of warming 
combined with localized precipitation deficits has led to signs of vegetation degradation in the southwest
ern Tibetan Plateau (Anniwaer et al. 2024; Li, Hu, and Liu 2020). Therefore, a comprehensive assessment 
of vegetation dynamics across the entire Tibetan Plateau is crucial for understanding the response 
mechanisms of alpine ecosystems.

Despite substantial research focusing on the Tibetan Plateau vegetation changes, many analyses rely on a 
single remote sensing product, making their conclusions highly sensitive to dataset-specific uncertainties. For 
instance, Wei et al. (2025) used MOD13C2 V061 to show that over one-third of the plateau lacked significant 
greening during 2001–2023. However, whether other datasets would yield consistent spatiotemporal patterns 
across the entire Tibetan Plateau remains to be examined. Variations in sensor performance, radiative 
calibration, inversion model design, and the handling of cloud or snow interference can lead to discrepancies 
among different satellite products (Fang et al. 2019; Jiang et al. 2017). These discrepancies can result in 
inconsistencies in trend detection and spatial stability (Luo, Ma, and Zhang 2025b; Piao et al. 2015; Zhu et al. 
2016), potentially biasing LSM simulations and ecological interpretations (Liu et al. 2018). Recent sub- 
regional studies have begun to address these issues; for example, Luo, Ma, and Zhang (2025b) found that in 
the Yellow River source region, 60% of the growing season area exhibited inconsistent trend directions 
among three major LAI products (GIMMS LAI4g, GLASS-AVHRR, and GLOBMAP V3). Nonetheless, such 
comparative analyses remain localized or restricted in their spatial scope. A systematic intercomparison 
across the entire Tibetan Plateau—specifically addressing uncertainty characteristics and spatial consistency 
in long-term trend detection among diverse mainstream products—is still lacking. This gap hinders our 
ability to accurately evaluate and simulate vegetation dynamics and their feedbacks to the climate system on 
the plateau, and to scientifically formulate ecological policies.

Based on the identified research gaps, we integrate seven satellite-derived LAI products to systematically 
evaluate LAI dynamics over the Tibetan Plateau. The specific objectives are: (1) to objectively evaluate the 
consistency of vegetation changes (greening vs browning) over the Tibetan Plateau as represented by state- 
of-the-art satellite products over the past two decades; (2) to identify the bias and spatial uncertainty 
patterns among multiple data sources; and (3) to provide scientifically robust evidence for the selection of 
ecological monitoring datasets. Ultimately, we aim to enhance the credibility of vegetation dynamics 
assessments in high-altitude ecosystems and offer a reference framework for future multi-source data 
integration and advancements in LAI algorithms.
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2 Materials and methods

2.1 Study area

The Tibetan Plateau is the highest plateau in the world, with an average elevation exceeding 4,000 meters. 
Its topography is characterized by significant elevation gradients, with elevations generally decreasing from 
west to east (Figure 1). Under the strong influence of the Asian monsoon system, the plateau exhibits a 
large climatic span, with pronounced spatial gradients in temperature, precipitation, and radiation. Mean 
annual temperatures range from −15 to 10 °C, and annual total solar radiation varies from 6,000 to 9,000 
MJ m−2 yr−1 (Yao et al. 2013). Precipitation exhibits marked spatial heterogeneity, decreasing from over 
1,000 mm in the humid southeastern Tibetan Plateau to less than 50 mm in the arid northwestern Tibetan 
Plateau. This moisture gradient results in a distinct seasonal distribution, with the majority of rainfall 
occurring during the wet season from June to September (Kuang and Jiao 2016). Correspondingly, cloud 
cover is substantially higher in the southeastern Tibetan Plateau, while the northwestern Tibetan Plateau 
remains largely cloud‑free (Wu, Gao, and Zhao 2024).

These diverse environmental conditions support highly heterogeneous vegetation types and unique 
ecosystems. The southern Tibetan Plateau is dominated by broadleaf forest, while coniferous forests and 
shrublands prevail in the eastern Tibetan Plateau. Alpine meadows are primarily distributed across the 
northeastern and central Tibetan Plateau, while alpine grasslands are widespread in the western Tibetan 
Plateau, where the landscape transitions into alpine desert landscapes in the northwestern Tibetan Plateau. 
These ecosystems are highly sensitive to both global climate change and anthropogenic activities, render
ing the plateau one of the most ecologically fragile regions in Eurasia (Sun et al. 2012).

2.2 Multi-source satellite LAI products

In this study, seven widely used and publicly accessible Leaf Area Index products were integrated to 
evaluate vegetation dynamics over the Tibetan Plateau: MOD15A2H, GIMMS LAI4g, GLOBMAP LAI V3, 
GLASS-AVHRR, GLASS-MODIS, HIQ, and GEOV2 (Table 1). These products represent a broad spec
trum of input sensors (MODIS, AVHRR, and SPOT/PROBA-V) and retrieval algorithms, ranging from 
physical radiative transfer models to advanced deep learning architectures (e.g. BPNN, GRNN, Bi-LSTM). 
This diversity facilitates both a robust cross-product intercomparison and a comprehensive assessment of 
product-specific uncertainties.

Figure 1. Spatial distribution of topography and land cover types across the Tibetan Plateau. The DEM data were sourced 
from SRTM V4.1, and the land cover data from the 1:1,000,000 Vegetation Atlas of China, which adopts the Chinese 
Vegetation Classification System. Vegetation type abbreviations: NF—needleleaf forest, MF—mixed forest, BF—broadleaf 
forest, GRA—grassland, MEA—meadow, TUS—tussock/tussock grassland, SHR—shrubland, BSV—barren/sparsely vege
tated, WET—wetland, ALP—alpine vegetation, CRO—cropland.
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• MOD15A2H (MODIS): This product is based on 8-day composite observations from the Terra satellite. 
The retrieval follows a primary algorithm utilizing a three-dimensional (3D) radiative transfer model, 
supplemented by a backup algorithm that establishes an empirical relationship between the Normalized 
Difference Vegetation Index (NDVI) and canopy LAI (Myneni, Knyazikhin, and Park 2015). 

• GIMMS LAI4g (GIMMS): Derived from Advanced Very High Resolution Radiometer (AVHRR) 
observations and reprocessed MODIS Version 6.1 LAI (MCD15A2H and MOD15A2H), this product 
employs a Back-Propagation Neural Network (BPNN) for initial LAI estimation. The time series is 
subsequently extended to 2020 using a pixel-level Random Forest (RF) approach (Cao et al. 2023). 

• GLOBMAP LAI V3 (GLOBMAP): This dataset integrates AVHRR and MODIS surface reflectance data 
using the GLOBCARBON LAI algorithm. For the 2001–2023 period, LAI is retrieved from MODIS 8- 
day surface reflectance, while the earlier 1981–2000 segment is reconstructed based on statistical 
relationships between AVHRR observations and MODIS-derived LAI (Liu, Liu, and Chen 2012). 

• GLASS-AVHRR LAI (GLASS-AVHRR): This product utilizes a Generalized Regression Neural 
Network (GRNN) algorithm to extract LAI from satellite reflectance time series. It was generated 
from AVHRR reflectance data for the 1981–1999 period and from MODIS reflectance thereafter (Xiao 
et al. 2016). 

• GLASS-MODIS LAI (GLASS-MODIS): As part of the GLASS V6 suite, this product applies a 
Bidirectional Long Short-Term Memory (Bi-LSTM) deep learning model to capture temporal features 
from MODIS surface reflectance (Ma and Liang 2022). While this product is available at spatial 
resolutions of 250 m, 500 m, 0.05°, and 0.1°, this study utilizes the 0.05° resolution version. 

• HIQ LAI (HIQ): As a reprocessed version of MOD15A2H, HIQ employs the Spatiotemporal 
Information Composition Algorithm (STICA). It integrates raw observations, quality metrics, and 
spatiotemporal contextual information to mitigate noise and enhance the consistency of the MODIS 
LAI product (Yan et al. 2024). 

• GEOV2: Developed within the Geoland2 framework, GEOV2 uses SPOT/VEGETATION and PROBA- 
V data as inputs for a neural network algorithm. Additionally, it fuses CYCLOPES V3.1 and MOD15A2 
series data and incorporates a multi-step filtering approach to eliminate atmospheric interference and 
snow-related artifacts (Verger et al. 2023).

To address inconsistencies in temporal coverage and spatial resolution, all datasets were harmonized to 
a unified study period from 2001 to 2018. In accordance with established phenology research on the 
Tibetan Plateau (Shen et al. 2022), the analysis focuses on the growing season (May to October). A 
common mask was applied to all seven LAI products; grid cells with missing or invalid LAI retrievals in at 
least one product were treated as masked, and only grid cells with valid retrievals across all products were 
retained for subsequent analyses. We calculated the growing-season mean LAI for each product to 
represent the annual vegetation status. For pixel-wise intercomparison, all products were resampled to 
a common 0.1° grid using the nearest-neighbor method. This approach was selected to preserve the 
original radiometric values of the LAI retrievals and to prevent artificial spatial variability from being 
introduced through interpolation.

Table 1. Multi-source satellite LAI product information.

LAI Product Time Range
Temporal 

Resolution
Spatial 

Resolution Data Source Retrieval Algorithm Reference

MOD15A2H February 
2000−Present

8 d 500m MODIS reflectance Three‑dimensional 
radiative transfer model

Myneni, Knyazikhin, 
and Park 

( 2015, 2021)
GIMMS LAI4g 1982−2020 Bi-weekly 1/12° AVHRR, MOD15A2H, 

MCD15A2H
BPNN Cao et al. ( 2023)

GLOBMAP 
LAI V3

1981−2023 8 d 0.0727273° AVHRR, MODIS 
reflectance

GLOBCARBON Liu, Liu, and 
Chen ( 2012)

GLASS-AVHRR 1981−2018 8 d 0.05° AVHRR, MODIS 
reflectance

GRNN Xiao et al. ( 2016)

GLASS-MODIS 2000−2025 8 d 0.05° MODIS reflectance Bi-LSTM Ma and 
Liang ( 2022)

HIQ 2000−2022 8 d 5km MOD15A2H STICA Yan et al. ( 2024)
GEOV2 1999−2020 10 d 1/112° SPOT/VEGETATION, 

PROBA‑V
Neural network algorithm Verger et al. ( 2023)
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2.3 Elevation and vegetation type data

Digital elevation model (DEM) and vegetation type data for the Tibetan Plateau were obtained from the 
Resource and Environment Science Data Center (RESDC). The elevation data originate from the Shuttle 
Radar Topography Mission (SRTM) V4.1, originally acquired during the U.S. Space Shuttle Endeavour 
mission. To effectively characterize regional topographic variations, these data were resampled to a spatial 
resolution of 500 m. The vegetation distribution dataset was sourced from the ‘1:1,000,000 Vegetation 
Atlas of China’, which categorizes the plateau into 11 major vegetation groups (Figure 1) and describes the 
spatial distribution of different ecosystems.

2.4 Statistical analysis methods

2.4.1 Trend analysis
Long-term trends in vegetation LAI were estimated using the Theil-Sen slope estimator, a non-parametric 
approach that is robust against outliers and missing data (Sen 1968). The trend slope is calculated as:

i
k
jjjjj

y
{
zzzzzS = median

LAI LAI
j i

, j > iLAI
j i

(1) 

where SLAI represents the slope of the multi-year LAI trend during the growing season; LAIi and LAIj

denote the LAI values for years i and j, respectively. A positive SLAI indicates an increasing trend, while a 
negative value signifies a decreasing trend.

The statistical significance of these trends was evaluated using the Mann–Kendall (MK) test (Kendall 
1948). Pixels with p value less than 0.05 were identified as having experienced statistically significant 
changes. Significant increasing trends are defined as ‘greening’, and significant decreasing trends are 
termed ‘browning’ (Piao et al. 2020).

2.4.2 Correlation analysis
To assess the spatial consistency of multi-year averages and trend variations among seven LAI products, 
Pearson correlation coefficients were calculated for each pair of products Ai and Aj (where 
i, j {1, 2, , 7} ) based on the pixel values within vegetation-covered areas. The correlation coefficient 
is determined using the following formula (Pearson 1896):

r =
(X X )(X X )

(X X ) (X X )
i,j

k=1
n

ik i jk j

k=1
n

ik i
2

k=1
n

jk j
2 (2) 

where ri,j represents the correlation coefficient; Xik and Xjk denote the values of the k-th pixel for products 
Ai and Aj, respectively. Here, Xi and Xj are the respective mean values of all n pixels involved in the 
analysis. The correlation coefficient ri,j ranges from −1 to 1, where values closer to 1 indicate a stronger 
positive correlation. Statistical significance was determined using a two-tailed t-test, with levels classified as 
significant (p < 0.05), highly significant (p < 0.01), or extremely significant (p < 0.001).

2.4.3 Vegetation trend centroid calculation
To characterize the spatial shifts and distribution of greening and browning regions, we adopted the 
centroid calculation method proposed by Shaw and Wheeler (1985). The coordinates of the trend centroid 
for increasing areas (XG, YG) are expressed as:

X =
S × X

SG
i=1
n

LAI G,i

i=1
n

LAI

G,i

G,i

(3) 

Y =
S × Y

SG
i=1
n

LAI G,i

i=1
n

LAI

G,i

G,i

(4) 
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Similarly, the centroid for decreasing areas (XB, YB) is calculated as:

X =
S × X

SB
i=1
n

LAI B,i

i=1
n

LAI

B,i

B,i

(5) 

Y =
S × Y

SB
i=1
n

LAI B,i

i=1
n

LAI

B,i

B,i

(6) 

where SLAIG,i and SLAIB,i denote the trend slopes of the i-th pixel associated with the increasing or decreasing 
areas, while (X , Y )G,i G,i and (X , Y )B,i B,i correspond to the geographic coordinates of the respective pixels. 
Here, n represents the number of pixels in the respective area.

2.4.4 Consistency analysis
To evaluate the inter-product consensus regarding trend direction, we followed the methodological 
frameworks of Lv et al. (2023) and Luo, Ma, and Zhang (2025a). First, we identified pixels where products 
exhibited the same-direction trends (either increase or decrease). Based on the number of products in 
agreement, directional consistency was classified into four hierarchical levels: (1) Unanimous: 7 products 
(100% agreement), (2) High consistency: 6 products (~85% agreement), (3) Moderate consistency: 5 
products (~70% agreement), and (4) Low consistency: 4 products (~55% agreement). Pixels with fewer 
than four products showing the same trend direction were classified as ‘Uncertain’. To further refine this, 
within each consistency level, we distinguished the statistically significant pixels (p < 0.05) to identify areas 
of ‘Consensus Greening’ or ‘Consensus Browning’. This hierarchical approach separates simple directional 
agreement from robust, statistically significant multi-product consensus.

3 Results

3.1 Spatial distribution and inter-product comparison of multi-year mean LAI

The spatial patterns of the multi-year mean growing-season LAI demonstrated a high degree of consist
ency across the seven products from 2001 to 2018 (Figure 2). Overall, all LAI products consistently 
exhibited a pronounced longitudinal and latitudinal gradient, characterized by a gradual decrease from the 
humid southeast to the arid northwestern Tibetan Plateau. This spatial pattern was jointly modulated by 
vegetation type and climate. In the southeastern Tibetan Plateau, extensive forest cover together with 
favorable hydrothermal conditions promoted vigorous primary productivity (Figure 1). Notably, in the 
southeastern Tibetan Plateau, LAI values from GLOBMAP and GLASS-AVHRR were greater than those 
from other datasets (Figure 2c and 2d), while in the central‑eastern Tibetan Plateau, LAI values from 
GIMMS, GLASS‑MODIS, and GEOV2 were also higher (Figure 2b, 2e, and 2g). In contrast, the spatial 
extent of high-value clusters in the MODIS and HIQ products was relatively restricted (Figure 2a and 2f).

On a plateau-wide scale, the growing-season average LAI ranged from 0.73 ± 0.11 to 1.06 ± 0.09 m2 m−2. 
Specifically, MODIS and HIQ reported the lowest average values (0.73 ± 0.11 and 0.75 ± 0.08 m2 m−2, respec
tively), while GIMMS and GLOBMAP yielded the highest estimates (1.00 ± 0.09 and 1.06 ± 0.09 m2 m−2, 
respectively). Regarding temporal stability, GLASS-AVHRR showed the highest interannual fluctuation (mean 
pixel-wise CV = 38.01%), followed by GEOV2 (17.69%), whereas HIQ demonstrated the most stable temporal 
pattern across the study period (mean pixel-wise CV = 10.82%). Furthermore, inter-product differences, indicated 
by the standard deviation, increased from northwest to southeast (Figure 2h). The high standard deviation regions 
aligned with areas of high multi-year mean LAI, predominantly in the eastern and southern Tibetan Plateau.

The pairwise correlation of multi-year mean LAI among different datasets further confirmed this spatial 
consistency, with correlation coefficients (r) exceeding 0.75 across all product pairs (Figure 3). This high 
level of agreement underscored a robust consensus in characterizing regional vegetation cover. In 
particular, GIMMS, HIQ, and GEOV2 consistently achieved correlations above 0.80 with other products, 
suggesting high stability in capturing the complex spatial heterogeneity of the Tibetan Plateau. In contrast, 
the correlations of MODIS with GLOBMAP, GLASS-AVHRR, and GLASS-MODIS were relatively lower, 
though they remained statistically significant (r < 0.80, p < 0.001).

6 Y. YE ET AL.



3.2 Spatiotemporal patterns of vegetation trends across multiple LAI products

3.2.1 Plateau-scale trends in growing-season LAI
The integrated analysis of multiple LAI products revealed substantial interannual variability between 2001 
and 2018 (Figure 4). A strong coherence in interannual fluctuations was observed among MODIS, HIQ, 
GIMMS, and GLASS-MODIS, suggesting that these products converge in capturing the short-term 
response of plateau vegetation to climate anomalies. However, the long-term trends exhibited significant 

Figure 2. Spatial distribution of multi-year mean LAI. (a)−(g) Spatial pattern of the annual growing-season mean LAI 
across the Tibetan Plateau derived from seven different products during 2001-2018. White areas indicate masked areas. 
LAI and its standard deviation (std) are expressed in m2 m−2. The coefficient of variation (CV = std/mean) reflects the 
magnitude of LAI variability within each product. (h) Spatial distribution of the standard deviation of the annual growing- 
season mean LAI across seven products.

Figure 3. Pairwise pattern correlation matrix of the annual growing-season mean LAI among seven satellite products. 
Values represent Pearson correlation coefficients (r) calculated for each product pair. Asterisks denote the level of 
statistical significance: *p < 0.05, **p < 0.01, ***p < 0.001.

INTERNATIONAL JOURNAL OF DIGITAL EARTH 7



inter-product divergence. Only GLOBMAP, GLASS-MODIS, and GEOV2 demonstrated statistically 
significant greening trends (p < 0.05) with rates of 0.0059, 0.0052, and 0.0093 m2 m−2 yr−1, respectively. 
By contrast, the remaining four products (GIMMS, GLASS-AVHRR, HIQ, and MODIS) showed no 
significant trends (p > 0.05), with slopes of 0.0018, 0.0015, 0.0012, and 0.0011 m2 m−2 yr−1, respectively. 
Such discrepancies underscored that different LAI retrieval algorithms and sensor characteristics lead to 
heterogeneous responses in vegetation dynamics on the Tibetan Plateau. These findings cautioned against 
drawing definitive conclusions regarding an overall greening trend based on any single product, high
lighting the imperative of multi-source ensemble assessments to reduce uncertainty in regional ecological 
monitoring.

3.2.2 Spatial distribution and inter-product consistency
Spatially, although all LAI products captured vegetation greening in specific regions (i.e. the northeastern 
Tibetan Plateau), their overall patterns exhibited pronounced heterogeneities. GEOV2 displayed a wide
spread greening signal across most of the Tibetan Plateau, with the exception of certain areas in the central 
and southern Tibetan Plateau (Figure 5g). GLOBMAP and GLASS-MODIS showed extensive greening 
primarily in the eastern Tibetan Plateau (Figure 5c and 5e). In contrast, the remaining four products 
(MODIS, GLASS-AVHRR, GIMMS, and HIQ) identified only localized increasing trends concentrated in 
the northeastern and central Tibetan Plateau.

Regarding decreasing trends (browning), GLASS-AVHRR showed the most extensive decline among all 
products, particularly in the central‑western and southeastern Tibetan Plateau (Figure 5d). MODIS, 
GIMMS, and HIQ exhibited partial decreasing trends in the central Tibetan Plateau, with a consistent 
browning pattern in the southern forested areas (Figure 5a, 5b, and 5f). The remaining products (GEOV2, 
GLOBMAP, and GLASS-MODIS) displayed only sparse and fragmented decreasing trends in the central 
Tibetan Plateau.

Inter-product spatial variations in trend intensity were consistent with the spatial distribution of the 
multi‑year mean LAI standard deviation, revealing a stronger discrepancy in the eastern and southern 
Tibetan Plateau (Figure 5h and Figure 2h). However, the probability density functions (PDFs) of trend 
intensity were unimodal across all products (Figure 5i). HIQ, GLOBMAP, and MODIS were characterized by 
exceptionally narrow peaks with high amplitudes; in contrast, GLASS‑AVHRR and GEOV2 displayed 
broader and lower peaks, reflecting more dispersed distributions. Positive median trends were observed 
for all products, except GLASS-AVHRR, which exhibited a slight decreasing trend (–0.0002 m2 m−2 yr−1). In 

Figure 4. Long-term trends in the growing-season mean LAI over the Tibetan Plateau (2001–2018) derived from seven 
satellite products. Solid lines represent annual variations, and dashed lines indicate linear regression trends. Slope values 
(units: m2 m−2 yr−1) are provided in brackets, with asterisks denoting statistical significance (*p < 0.05).
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addition, GEOV2 demonstrated the highest median increasing trend among these products (0.0054 m2 m−2 

yr−1). Skewness analysis revealed a clear divergence in the distribution symmetry among products. MODIS, 
GLASS-AVHRR, and HIQ exhibited negative (left) skewness, with MODIS showing the most pronounced 
asymmetry (skewness = –1.05). Conversely, the remaining products displayed positive (right) skewness— 
most notably GLASS-MODIS (skewness = 2.43)—indicating a higher frequency of strong greening pixels. 
Marked contrasts were also evident in kurtosis; MODIS, HIQ, and GLASS-MODIS presented substantially 
elevated values (19.60, 15.99, and 15.31, respectively), reflecting highly leptokurtic distributions with sharper 
peaks. Notably, the extreme tails of the distributions differed markedly: extreme negative values dominated 
the distributions in MODIS and HIQ, whereas extreme positive values were more prevalent in GLASS- 
MODIS.

Figure 5. Spatial patterns of LAI trend. (a)−(g) Spatial patterns of growing-season LAI trends across the Tibetan Plateau 
derived from seven different products. White areas indicate masked areas. Black dots denote pixels exhibiting statistically 
significant trends (p < 0.05). (h) Spatial distribution of pixel‑level trend standard deviation across the seven products. 
(i) Probability density distributions of trend intensity. Product baselines are equally spaced. For each product, the mode is 
indicated by a grey dashed line (with its value labelled in parentheses to the left of the curve), and the median by a solid 
white line (with its value labelled to the right of the curve); skewness and kurtosis values are also provided.
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To quantify the spatial agreement of these dynamics, we evaluated the pairwise spatial correlations of 
LAI trends across all products (Figure 6). The results showed that spatial correlations for trends were 
considerably weaker than those observed for the multi-year mean state (Figure 3), indicating that while the 
datasets effectively converge on the long‑term climatological mean, they diverge substantially in capturing 
long‑term vegetation dynamics. Among all pairs, only GLASS-MODIS and GLOBMAP achieved a 
correlation coefficient exceeding 0.5, reflecting their high spatial congruence in the eastern Tibetan 
Plateau (Figure 5c and 5e). Moderate agreement (0.4 < r < 0.5) was found between MODIS and HIQ, 
GEOV2 and GLOBMAP, and GEOV2 and GLASS-MODIS. Notably, GLASS-AVHRR displayed correla
tion coefficients below 0.1 with all the other six products, highlighting a fundamental discrepancy between 
this dataset and the rest of the ensemble in capturing long-term LAI trajectories.

3.2.3 Trend magnitude and spatial extent
To further characterize the divergence among the seven LAI products, we quantified the variations in trend rates 
and associated proportions of pixels (Figure 7 and Supplementary Figure 1). Overall, the magnitudes of increasing 
and decreasing trend rates were generally comparable across products; however, the spatial extents (pixel 
proportions) of these trends exhibited pronounced disparities. The mean increasing trend rates ranged from 
0.0043 to 0.0121 m2 m−2 yr−1, while decreasing rates varied between –0.0096 and –0.0022 m2 m−2 yr−1 (Figure 7a). 
Notably, the proportion of pixels with increasing trends (50.92%−87.64%) significantly outweighed the proportion 
with decreasing trends (13.95%−53.31%) (Figure 7b). This marked asymmetry confirmed that while localized 
browning occurred, greening remained the predominant and more widespread trajectory across the Tibetan 
Plateau.

Among the products, GEOV2 recorded the highest increasing trend rate (0.0121 m2 m−2 yr⁻1), followed by 
GLASS-AVHRR (0.0096 m2 m−2 yr−1), whereas HIQ yielded the most conservative estimate (0.0043 m2 m−2 yr−1) 
(Figure 7a). For decreasing trends, GLASS-AVHRR exhibited the most intense browning rate (−0.0096 m2 m−2 

yr−1), followed by GEOV2 (−0.0072 m2 m−2 yr−1), while GLOBMAP displayed the weakest rate (−0.0022 m2 m−2 

yr−1). The range between increasing and decreasing rates was largest for GLASS-AVHRR (0.0209 m2 m−2 yr−1) 
and smallest for HIQ (0.0089 m2 m−2 yr−1). Analysis of statistically significant pixels further strengthened these 
signals, with GLASS-AVHRR reaching the highest greening and browning rates (0.0255 and −0.0205 m2 m−2 yr−1, 
respectively), as shown in Supplementary Figure 1.

Figure 6. Pairwise spatial correlation matrix of growing-season LAI trends among the seven satellite products. Values 
represent the Pearson correlation coefficients (r) calculated between each pair of products based on their trend patterns. 
Asterisks indicate the level of statistical significance: *p < 0.05, **p < 0.01, ***p < 0.001.
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Regarding spatial coverage, GEOV2 not only showed the highest trend magnitude but also the largest 
pixel proportion of increasing trends (87.64%) (Figure 7b). In sharp contrast, GLASS-AVHRR was the 
only product where the proportion of decrease (53.31%) exceeded the proportion of increase (50.92%), 
resulting in a negative net areal difference of −2.38%. GLASS-MODIS recorded the smallest spatial 
footprint of decreasing trends. This inter-product disparity was most evident in the net proportion 
(increase minus decrease), which peaked at 71.11% for GEOV2. These patterns remained robust when 
restricted to statistically significant trends, with the exception of GLOBMAP, which exhibited the smallest 
significant browning proportion (0.92%).

3.2.4 Category flow and centroid patterns
The transfer pathways among trend categories between adjacent products revealed substantial discrepan
cies in LAI trends at the pixel level (Figure 8a). For each transition, pixel counts and their relative 

Figure 7. Statistical analysis of mean trend magnitude and proportion of pixels. (a) Inter-product comparison of the 
mean magnitudes of increasing and decreasing LAI trends across all valid pixels for each product. Error bars represent 0.5 
times the standard deviation of the pixel-level trend values. (b) Proportions of pixels exhibiting increasing and decreasing 
trends across the seven satellite products, with hatched bars denoting the proportions of all valid pixels that show 
significant greening or browning trends.

Figure 8. Inter-product transitions of trend categories and spatial shifts in trend centroids. (a) Sankey diagram illustrating 
the pixel-level transitions of vegetation trends across the seven LAI products. Flow widths are proportional to the number 
of pixels, representing category shifts at the same spatial locations between adjacent products. SI: significant increase; NSI: 
non-significant increase; NSD: non-significant decrease; SD: significant decrease. (b) Spatial distribution of vegetation 
trend centroids derived from the seven LAI products. Blue and yellow symbols denote the geographical centroids of 
greening and browning trends, respectively.
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proportions were quantified to assess inter-product stability. For significantly increasing (SI) pixels, the 
consistency rate (remaining in the SI category) ranged from 41.33% to 52.51% across most adjacent 
product pairs. While this represented the most common single outcome, it indicated that over half of the 
significant greening signals were inconsistent between datasets. Specifically, from GEOV2 to GLASS- 
MODIS, the proportion of SI pixels that downgraded to non-significant increase (47.75%) slightly 
exceeded that of pixels maintaining their SI status (45.33%). A more striking divergence occurred from 
MODIS to GLASS-AVHRR, where the SI population shrank markedly as pixels shifted into non- 
significant categories. For significantly decreasing (SD) pixels, inter-product consistency was the lowest, 
with the vast majority of SD pixels redistributing into non-significant increasing (NSI) or non-significant 
decreasing (NSD) categories rather than exhibiting a sustained browning signal.

To further elucidate spatial discrepancies, we examined the spatial distribution of product-specific trend 
centroids. While all products generally agreed that increasing centroids were situated within the central 
alpine meadows and decreasing centroids were concentrated in the southern forested regions, notable 
inter-product shifts were evident (Supplementary Figure 2). Specifically, the centroids of both increasing 
and decreasing trends for GEOV2, GLASS-MODIS, and GLOBMAP were shifted southward compared to 
the other products.

These spatial differences were markedly amplified when the analysis was restricted to pixels exhibiting 
statistically significant trends (Figure 8b). Regarding greening centroids, HIQ, MODIS, and GLASS- 
AVHRR migrated further north, in closer proximity to typical steppe areas, whereas GIMMS and 
GEOV2 were positioned slightly more centrally, towards higher-altitude regions. In contrast, GLASS- 
MODIS and GLOBMAP showed a marked eastward shift towards lower-elevation areas. For the browning 
centroids, this southward migration was intensified, positioning these centroids in close proximity to the 
low-altitude broadleaf forest zones. Furthermore, the browning centroids of HIQ and GIMMS exhibited 
remarkable spatial proximity, indicating a robust consistency between these two datasets in capturing the 
core areas of vegetation decline. This alignment further corroborated the coherent browning patterns 
observed in their respective spatial distributions (Figure 5b and 5f).

3.2.5 LAI trend magnitude across environmental and ecological gradients
To further investigate inter-product differences, we examined the distribution of LAI trend magnitudes across 
elevational and vegetation-type gradients (Figure 9). Along the elevational gradient, trend magnitudes across all 
products exhibited a unimodal pattern, characterized by an initial increase followed by a subsequent decline, with 
a distinct turning point identified at approximately 2200 m (Figure 9a). Below this threshold, MODIS showed the 
steepest elevational increase in trend magnitude (OLS slope = 21 × 10−6 m2 m−2 yr−1 m−1), whereas GIMMS and 

Figure 9. Variations in LAI trend magnitude across elevational and ecological gradients. (a) Elevational gradient: Colored 
lines represent individual LAI products, the thick black line is the multi‑product ensemble mean, and the gray shading 
shows the inter-product uncertainty (±1 standard deviation). (b) Vegetation types: Box plots summarize the distribution of 
mean trend rates (m2 m−2 yr⁻1) across products for each type. The boxes indicate the interquartile range (IQR) with the 
median (black line) and the mean (black circle). Whiskers extend to the minimum and maximum values within the 
datasets.
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GLASS-AVHRR displayed the most gradual rates of increase (OLS slopes = 6.0 × 10−6 m2 m−2 yr−1 m−1 each). 
Above 2200 m, GLOBMAP displayed the most rapid decline (OLS slope = –9.0 × 10−6 m2 m−2 yr−1 m−1), while 
HIQ showed the most stable trend with the slowest decrease (OLS slope = –2.0 × 10−6 m2 m−2 yr−1 m−1). A 
comparable pattern was observed for inter-product uncertainties, with the most pronounced discrepancies 
concentrated below 2200 m. Notably, in these low-elevation regions, GLOBMAP exhibited a substantially stronger 
greening signal than other products, whereas MODIS and HIQ were characterized by a predominance of 
decreasing trends.

Regarding vegetation types, the greatest inter-product discrepancies occurred in broadleaf forest (BF), 
followed by mixed forest (MF) and needleleaf forest (NF), with interquartile ranges (IQRs) of 0.020, 0.018, 
and 0.012 m2 m−2 yr−1, respectively (Figure 9b). Furthermore, the mean trend magnitudes for these 
categories exceeded their respective medians, indicating that a subset of products estimated notably strong 
greening trends for these complex canopy structures. In contrast, grassland (GRA) and alpine vegetation 
(ALP) showed much narrower box plots with IQRs of only 0.001 and 0.002 m2 m−2 yr−1, respectively, 
reflecting a high degree of inter-product convergence.

3.2.6 Spatial consensus of trend directions
To further assess the robustness of vegetation trends among the seven LAI products, we analyzed their spatial 
consistency (Figure 10). Overall, most products indicated coherent greening signals across the Tibetan Plateau, 
with the most pronounced spatial consensus identified in the northeastern and central Tibetan Plateau. 
Specifically, the northeastern Tibetan Plateau exhibited High consistency (85% agreement) in greening trends, 
while the central Tibetan Plateau was characterized by Low consistency (55% agreement) (Figure 10a).

Among the areas with increasing trends (accounting for approximately three‑quarters of the vegetated 
plateau), the proportion of significant greening pixels that were directionally consistent reached 15.19% 
(Figure 10b). Within this consistently identified greening area, the highest fraction of significant pixels 
(6.93%) corresponded to the Low consistency level (55% agreement), followed by the Moderate (70% 
agreement) and High (85% agreement) consistency levels, which accounted for 4.60% and 3.00% of the 
significant pixels, respectively. Notably, pixels unanimously identified (100% agreement) as greening by all 
seven products accounted for only 0.66% of the significant pixels, highlighting substantial inter-product 
divergence even in greening regions.

In contrast, areas with decreasing trends were sporadically distributed across the central and southern 
Tibetan Plateau (Figure 10a), covering approximately 16.49% of vegetated pixels. Among these, pixels 
consistently identified as browning by a majority of products accounted for only 0.18%. Furthermore, no 
pixels were unanimously identified (100% agreement) as exhibiting a significant browning trend by all 
seven products (Figure 10b), underscoring the limited cross‑product consistency in detecting vegetation 
decline. Additionally, trend directions remained inconsistent across 7.21% of the plateau's vegetated pixels.

A pronounced gradient in inter-product consistency emerged within the temperature–precipitation 
(T-P) space (Figure 10c). Unanimous agreement on significant greening was primarily concentrated within 
a warm-dry core (approximately 10–15 °C and 50–150 mm), around which zones of progressively lower 
consistency were organized. As climatic conditions shifted toward colder or wetter regimes, the cross- 
product consensus on greening signals weakened systematically. These results suggested that inter-product 
uncertainties were closely coupled with regional hydro-thermal conditions; specifically, the divergent 
methods used to correct environmental constraints (e.g. snow cover in cold regions or cloud contamina
tion in wet regions) likely acted as primary drivers of the observed discrepancies.

4 Discussion

4.1 Inter-product consensus and discrepancies in LAI trends

We systematically evaluated the consensus in long‑term vegetation trends over the Tibetan Plateau from 
2001 to 2018 using seven satellite‑derived LAI products. We demonstrated that, in the multi-year mean 
state, all LAI products exhibited highly consistent spatial patterns, which were also reported by Li, Wang, 
and Chen (2024). This finding indicates that the multi-product mean LAI over the plateau is robust and 
reliably characterizes the long-term average vegetation conditions.
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In contrast, substantial discrepancies emerged among products in capturing long‑term changes. Our 
results suggest that only three products—GLOBMAP, GLASS-MODIS, and GEOV2—exhibited statisti
cally significant greening trends (Figure 4). However, previous studies (An et al. 2024; Lv et al. 2023) 
identified significant increasing trends in LAI from 2000 to 2020 using MODIS alone or in combination 
with GLASS (V60) and GEOV2. Our findings highlight the controversy surrounding the previously 
reported pervasive significant long-term greening over the Tibetan Plateau. In detail, our results showed 
that only 15.19% of vegetated pixels were consistently identified as showing significant greening across 
multiple LAI products—a proportion notably smaller than those reported in studies based on individual 
NDVI or LAI products (Ehlers et al. 2022; Wang et al. 2022). This discrepancy suggests that, under the 
complex terrain and high-albedo conditions of the Tibetan Plateau, trend analyses based on a single 
product risk amplifying or diminishing the actual magnitude of vegetation changes. Therefore, cross- 
validation using multiple products is both necessary and irreplaceable for a robust understanding of 
vegetation dynamics in this region.

Figure 10. Spatial distribution and statistical characteristics of inter-product consistency among the seven satellite- 
derived LAI products. (a) Spatial patterns of consistency in LAI trends across the Tibetan Plateau, with colors indicating the 
proportion of products agreeing on increasing or decreasing trends. Black dots denote pixels where significant greening or 
browning trends are consistently identified by multiple products. (b) Pixel proportions of different inter-product 
agreement levels. Hatched segments in the pie charts indicate the percentage of pixels where products exhibit a 
synchronized direction in vegetation dynamics (greening or browning). (c) Distribution of dominant consistency levels in 
the temperature-precipitation (T-P) space. Each grid cell (10 mm × 0.5 °C) is represented by a point, colored by the 
dominant consistency level and scaled by pixel density. Cells with a significant dominant level are outlined with black 
borders. The red confidence ellipses delineate the climatic envelopes of varying greening consistency levels, with the 
innermost ellipse highlighting the region of unanimous agreement.
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4.2 Spatial consensus and systematic biases

Furthermore, we found that most (85%) LAI products consistently identified significant greening in the 
northeastern Tibetan Plateau, and approximately half of the products indicated greening in the central 
Tibetan Plateau. This spatial pattern is consistent with previous studies using different vegetation indices. 
Specifically, Shen et al. (2015) compared three NDVI products (AVHRR, MODIS, SPOT-VEGETATION) 
and observed stable greening trends in the northeastern Tibetan Plateau. Li, Wang, and Chen (2024) and 
Zhang et al. (2025) further confirmed this spatial pattern of significant greening using MCD15A2H 
Collection 6 and MOD13Q1, reporting that significant greening areas accounting for 31% and 41.16% 
of the plateau, respectively—substantially higher than the 15.19% identified in this study. These differences 
highlight that systematic biases arising from specific indices, observational bases, retrieval algorithms, and 
quality control procedures can substantially influence regional trend assessments. In contrast, the multi- 
product consensus analysis in this study provides a more robust estimate of the extent of significant 
greening.

Unlike the coherent greening signals in the northeastern and central Tibetan Plateau, approximately 
77% of the plateau exhibited non-significant trends, and an additional 7.21% of pixels were characterized 
by uncertain trend directions. Consequently, a substantial portion of the plateau lacked consensus on 
whether vegetation was increasing or decreasing, reflecting pervasive uncertainties in satellite observations. 
Taking in the southwestern Tibetan Plateau as an example, Zhong et al. (2019) reported greening trends, 
whereas Shen et al. (2015) and Li, Wang, and Chen (2024) suggested browning signals, and Lv et al. (2023) 
identified degradation in approximately 1.5% of southwestern and central-eastern pixels. Our results 
further indicated that pixels consistently identified as browning by the majority of products accounted for 
only 0.18% of the pixels, underscoring the lack of consensus on vegetation decline in this region. These 
findings suggest that trend assessments in such areas are highly sensitive to data source selection, 
highlighting these regions as priorities for future high-quality observations.

4.3 Potential causes of inconsistency

The discrepancies among satellite-derived LAI products originate from a synergy of factors, including 
disparities in sensor characteristics (Qiu et al. 2022), retrieval algorithm physics (Fang et al. 2012), and the 
extreme environmental conditions unique to the Tibetan Plateau. Among the seven LAI products, MODIS 
(physical LUT-based), GIMMS (trained on MODIS) (Cao et al. 2023), and HIQ (incorporating spatio
temporal post‑processing) (Yan et al. 2024) yielded similar long-term trends (Figure 4). This coherence 
was primarily driven by their shared reliance on MODIS spectral signatures or statistical alignment with 
MODIS-based benchmarks. In contrast, GLOBMAP (employing the GLOBCARBON semi-physical 
model) and GLASS-MODIS (utilizing a Bi-LSTM deep learning architecture) adopt distinct retrieval 
frameworks (Liu, Liu, and Chen 2012; Ma and Liang 2022), leading to the observed systematic deviations 
from the MODIS-centric group. Furthermore, GLASS-AVHRR inherits calibration biases inherent in 
cross-sensor bridging (AVHRR to MODIS) (Xiao et al. 2016). GEOV2 differs because it relies on SPOT/ 
PROBA-V data, whose sensors have spectral and angular sensitivities fundamentally different from those 
of MODIS (Verger et al. 2023). These structural differences largely explain why these two products 
exhibited the most pronounced discrepancies in trend magnitude and direction.

Beyond algorithmic differences, the complex topography of the Tibetan Plateau, characterized by steep 
slopes and heterogeneous aspects, intensifies the susceptibility of satellite imagery to illumination shadow
ing, geometric distortions (Bian et al. 2013) and anisotropic spectral artifacts (Li et al. 2015; Li et al. 2016). 
In addition, the strong elevational gradients across the Tibetan Plateau pose additional challenges to 
retrieval consistency. Our analysis reveals that inter-product divergence in LAI trends is strongly 
elevation-dependent: the largest discrepancies occur below 2200 m, whereas above 4000 m, inter- 
product spread is minimal and all seven products show near-zero greening trends (Figure 9a). This 
convergence at high elevations does not imply that the products are more reliable in this region; rather, it 
suggests that the underlying vegetation signal itself is extremely weak. Such weak vegetation signals at high 
altitudes are consistent the findings of Xu et al. (2020), who reported that warming-driven greening signals 
are absent above approximately 4300 m based on MODIS NDVI data.
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In addition to this elevational pattern, we identified a distinct climatic control on product consistency: 
inter-product consistency in greening trends was highest in a warm-dry core region (10−15 °C, 50−150 
mm) and declined toward colder or wetter regimes (Figure 10c). This pattern suggests that in environ
ments where cloud contamination, frequent snowfall, and high-albedo backgrounds (e.g. snow/ice and 
bare ground) prevail, the retrieval uncertainties are amplified by divergent strategies for snow masking, 
cloud-clearing, and soil-background correction (Yan et al. 2016). Consequently, achieving a standardized 
treatment of these environmental constraints is paramount for enhancing the robustness of vegetation 
dynamics monitoring across the ‘Third Pole.’

4.4 Implications for modeling and policy

Unreliable LAI estimates directly affect the accuracy of dynamic global vegetation models (Liu et al. 2018). 
Our finding that over 80% of the Tibetan Plateau lacks consistent and significant greening or browning 
signals indicates that current satellite LAI products still cannot provide sufficiently coherent information 
over this region. This persistent inconsistency partly explains the large simulation biases observed in LSMs 
when applied to high-altitude ecosystems. Conversely, the stable, consistently greening areas identified 
here (e.g. the northeastern and central Tibetan Plateau) can serve as essential benchmark regions for future 
model validation, calibration zones for LAI product fusion algorithms, and priority areas for long-term 
ecosystem monitoring.

Moreover, our findings carry direct policy and management implications for ecological conservation 
and sustainable development on the Tibetan Plateau. On the one hand, ensuring the credibility of 
vegetation change indicators requires a solid understanding of multi-product consistency, thereby avoid
ing policy misjudgments arising from the arbitrary selection of a single data source. On the other hand, the 
non-significant and uncertain regions identified here provide a scientific basis for strategically deploying 
future ground-based observation networks. These areas warrant intensified in situ measurements of LAI, 
vegetation structure, surface albedo, and energy balance to support the validation and refinement of 
satellite products (Wu et al. 2023; Xu et al. 2021). Integrating multi-source observations—such as airborne 
LiDAR and high-resolution UAV imagery—holds great promise for substantially reducing the uncertain
ties in satellite-derived LAI and further improving the precision of vegetation monitoring over the 
‘Third Pole’.

5 Conclusions

This study conducted a systematic assessment of growing-season LAI over the Tibetan Plateau from 2001 
to 2018 using seven satellite-derived LAI products. Our results demonstrate that these datasets effectively 
converge on the climatological mean state of vegetation (r > 0.75), whereas they diverge substantially in the 
direction of their long-term trajectories (r < 0.6). The robust spatial consensus on the multi-year mean 
LAI, characterized by a sharp southeast-to-northwest gradient, suggests that existing retrieval frameworks 
are relatively mature in capturing the ‘static’ background of regional vegetation cover.

However, this agreement dissolves when examining multi-decadal trends. Only GLOBMAP, GLASS- 
MODIS, and GEOV2 identified statistically plateau-wide greening, while the remaining products exhibited 
negligible or non-significant changes. These discrepancies are further amplified at the pixel level, particu
larly in the eastern and southern forested regions (e.g. deciduous and needleleaf forests) where inter- 
product standard deviations and interquartile ranges reached their peaks. In contrast, more structurally 
simple vegetation types such as alpine meadows and steppes showed a higher degree of inter-product 
convergence, highlighting by contrast the inherent challenges of LAI retrieval over complex canopy 
structures.

The inherent uncertainty in trend detection is further underscored by the fact that over half of the 
identified greening signals were inconsistent across datasets, with unanimous agreement on significant 
greening restricted to a mere 0.66% of the vegetated area. We found that inter-product consistency is 
closely coupled with regional hydrothermal conditions: high consensus was maintained within a warm-dry 
climatic core (10–15 °C, 50–150 mm). This agreement weakened systematically as conditions shifted 
toward colder or wetter regimes. The pattern implies that divergent strategies for correcting environmental 
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constraints—specifically snow cover in high-altitude regions and cloud contamination in humid 
zones—likely serve as the primary physical drivers of the observed discrepancies.

In summary, despite the reliability of multi-source LAI products in characterizing spatial patterns, their 
utility in monitoring long-term dynamics on the Tibetan Plateau remains limited by significant uncer
tainties. Our findings emphasize that a multi-product consistency analysis is an essential prerequisite for 
identifying robust vegetation dynamics. Such insights are paramount for refining ecosystem models and 
informing evidence-based ecological management in this climatically sensitive ‘Third Pole’.
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