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Alpine shrublines are assumed to be highly sensitive to climate change and play a vital role in maintaining
biodiversity and ecosystem functions. However, where and how alpine shrublines are distributed is poorly un-
derstood due to the difficulty in distinguishing between dwarf shrubs and grass. In this study, we proposed a
novel framework to map alpine shrublines in Xizang Rezhen National Forest Park in 2020 using multi-source
spatial data, probabilistic vegetation mapping, and seed-filling algorithm. Validation against high-resolution
Google Earth imagery demonstrated a high accuracy, with a mean absolute error (MAE) of 5.2227 m and R?
of 0.9935. The results indicated that the average elevation of alpine shrublines was about 4,899 m, ranging from
4,421 m to 5,163 m. South-facing alpine shrublines averaged approximately 101.7 m higher than north-facing
counterparts. Meanwhile, shrublines at higher elevations exhibited lower EVI2 and NDVI values, suggesting
reduced vegetation vigor under harsher environmental conditions. Among the environmental drivers, wind speed
and minimum temperature were identified as key factors shaping the spatial patterns of shrubline elevation. Our
findings offer insights into the current sensitivities and geographical influencing factors of the high-altitude
woody ecosystems in this region, which are critical for understanding their potential ecological responses to
climate change.

1. Introduction indicating more severe environmental and climatic conditions (Bader

et al., 2021; Holtmeier & Broll, 2005). Therefore, studying the spatial

Over recent decades, the Tibetan Plateau has experienced significant
warming at a rate twice the global average, substantially impacting
alpine vegetation dynamics (Chanda et al., 2024; Lu et al., 2020;
Seastedt & Oldfather, 2021; Shangguan et al., 2024; Xu et al., 2024).
Alpine shrublines that are transitional zones between woody and
grassland ecosystems, represent the highest elevation and the low-
temperature threshold at which woody vegetation can grow
(Camarero et al., 2024; Lu et al., 2023). As such, they often serve as
crucial conduits for species migration, facilitating the movement and
dispersal of organisms across different kinds of ecosystem. Although
similar to alpine treelines, alpine shrublines occur at higher elevations,

distribution of alpine shrublines not only provides a key window for
understanding the growth mechanism of mountainous woody vegeta-
tion (Bayle et al., 2024), but also plays a vital role in maintaining
biodiversity, regulating hydrological cycles, and carbon storage (Wu
et al., 2024).

Research about spatial distribution patterns of alpine shrublines has
achieved some advancement. Lu et al. (2019) recorded the world’s
highest alpine shrubline at 5,280 m above sea level on the western Ti-
betan Plateau. The southeastern Tibetan Plateau hosted willow shrub-
lines (Salix spp.) at elevations spanning from 4,500 to 5,000 m (Wang
et al., 2021). These studies have offered valuable insights into the
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altitude ranges and spatial patterns of alpine shrublines on the Tibetan
Plateau. However, the majority of existing research relies on traditional
field surveys and is limited in spatial coverage, making it difficult to
capture the spatial patterns of alpine shrubline distribution at larger
scales, especially in remote and inaccessible alpine areas. In recent
years, remote sensing technology has emerged as a powerful tool for
studying alpine ecotones like treelines and grasslines due to its advan-
tages of large coverage, high temporal resolution, and cost-effectiveness
(Bian et al., 2025; Garbarino et al., 2023). Liu et al. (2024) developed a
graph-cut-based method to map alpine grasslines across the Tibetan
Plateau with high accuracy (R? > 0.95, RMSE < 30 m), and He et al.
(2023) developed a Closed-Loop Mountain Treeline (CLMT) algorithm
for the accurate treeline extraction (R®> = 0.92, RMSE = 25 m). These
studies provide a strong foundation for alpine shrubline mapping,
combined multi-source spatial data, machine learning techniques, and
edge extraction algorithms. However, distinguishing shrubs from her-
baceous vegetation remains a significant challenge in alpine environ-
ments due to their similar spectral signatures and structural
characteristics, particularly in medium-resolution satellite imagery. This
spectral confusion often leads to misclassification, thereby limiting the
effectiveness of remote sensing techniques in accurately delineating
shrubline boundaries. To our knowledge, remote sensing-based image
classification approaches have not yet been specifically applied to the
detection and delineation of alpine shrublines.

Many studies related shrubs have focused on shrub encroachment in
arid and semi-arid zones with low elevations (Li et al., 2023; Torres
et al., 2024). Malapane et al. (2024) utilized Landsat TM and OLI sat-
ellite data, combined with a Random Forest (RF) classifier, to monitor
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woody vegetation encroachment in the Letaba River catchment from
1989 to 2019, achieving an overall classification accuracy ranging from
91.7 % to 95.5 %. However, alpine ecosystems lack sufficient knowledge
about the spatial patterns of alpine shrublines. The special climatic and
ecological conditions of alpine ecotones determine that it is uncertain
whether the patterns observed in the arid zone are applicable to the
alpine environment.

The Tibetan Plateau, characterized by its unique climatic conditions
and tectonic uplift, provides good conditions for the formation and
growth of distinct ecological boundaries, such as alpine shrublines (Lu
et al., 2021). They are highly sensitive to climate change, thus offering
valuable insights into the impacts of global warming on mountainous
ecosystems. Xizang Rezhen National Forest Park, located in the south-
eastern Tibetan Plateau, is an ideal place to study alpine shrubs due to its
relatively rich woody vegetation resources (Langzhen et al., 2022).
Therefore, we took it as a representative area to delineate alpine
shrublines. In this study, we used multi-source spatial data (Sentinel-2
reflectance, climate, soil, and topography) with a Random Forest (RF)
classifier and seed-filling algorithm to: (1) develop an automated and
novel framework for delineating alpine shrublines and analyze their
spatial patterns; (2) reveal the influencing factors in shaping alpine
shrublines in Xizang Rezhen National Forest Park. It can help improve
our understanding of the impacts of climate change on alpine ecosys-
tems and for supporting effective conservation and management
strategies.
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Fig. 1. Automated framework for alpine shrubline extraction and analysis.
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2. Material and methods

This study developed a novel framework presented in Fig. 1 for
delineating alpine shrublines comprising four key steps: sample point
generation, multi-source data collection and preprocessing, woody
vegetation binary map, and alpine shrubline extraction.

2.1. Study area

Xizang Rezhen National Forest Park (30°08’-30°27" N,
91°30°-91°42’ E) (Fig. 2) is located in Linzhou County, Lhasa City,
Xizang Autonomous Region, with an elevation ranging from approxi-
mately 4,200 to 5,500 m above sea level (Langzhen et al., 2022). It is
characterized by a plateau temperate continental monsoon climate and
distinguished by significant seasonal variability with long, cold, and dry
winters, compared to short, warm, and humid summers. The mean
annual temperature and precipitation during 1963-2020 at the nearest
meteorological station in Dangxiong (30°28’N, 91°6’E; about 80,000 m
west of the study area) was 2.1 °C and 475.2 mm, respectively. It is
known for its unique ecological conditions and abundant biodiversity,
especially the woody vegetation. There are about 220,000 ancient
Juniperus tibetica trees, ranging in height from 3 to 12 m and age between
200 and 500 years, with some individuals potentially reaching a mil-
lennium in age (Li, 1993). In addition to the valuable Juniperus tibetica
forests, the park maintains extensive and well-developed shrublands,
covering large areas of the alpine zones and forming a distinct alpine
ecotone between woody and herbaceous vegetation. Therefore, it serves
as an ideal site for studying the spatial patterns of woody vegetation,
particularly its upper limits. The main shrub species include J. pingii var.
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t
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wilsonii, Berberis hemsleyana, etc.

2.2. Data

To accurately delineate alpine shrublines, it is essential to identify
woody vegetation first. We selected multiple environmental variables,
including topographic, soil, climatic, and spectral reflectance data
derived from Sentinel-2 (Table S1) to identify pixels as woody vegeta-
tion. The elevation was derived from NASADEM_HGT dataset at a 30-
meter spatial resolution (NASA JPL, 2020). Slope and aspect were
calculated from the elevation data using the Google Earth Engine (GEE)
platform. Soil content variables, including soil organic carbon (SOC),
pH, clay, silt, sand, and bulk density (bdod), were derived from SoilGrids
2.0 at a 250-meter spatial resolution (Poggio et al., 2021), while daily
soil moisture data at 1,000 m resolution were obtained from a China-
specific dataset based on in-situ measurements (Shangguan et al.,
2022). The climatic data were derived from Peng (2019) with a spatial
resolution of 1, 000 m, and the bioclimatic variables were obtained from
WorldClim version 2 (Fick & Hijmans, 2017) and listed in Table S2.
Wind speed data (0.1° resolution) were provided by the National
Cryosphere Desert Data Center (Zhang et al., 2021), and snow cover
duration (500 m resolution) was sourced from a MODIS-based snow
cover phenology dataset for China (Zhao et al., 2022). Here, all variables
with a resolution coarser than 10 m were resampled to 10 m using
bicubic interpolation in the GEE platform (Onacillova et al., 2022),
which produces smoother gradients and edges compared to methods like
nearest-neighbor or bilinear interpolation. Six popular auxiliary spectral
variables (NDVI, EVI, EVI2, EWI, LSWI, NBR2, TWI, Li et al., 2022; Luo
& Wu, 2022) and phenological parameters (EOS, SOS, LOS, Davison
91°3E 91°42E
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Fig. 2. The allocation and vegetation distribution of the Rezhen National Forest Park (a) and a UAV senary illustrating alpine shrublines (b).
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et al., 2011; Didan, 2015) were derived from Sentinel-2 and MODIS
data. The specific definitions of these indices are provided in Table S1.

2.3. Sparse woody vegetation classification method

Random Forest (RF), an ensemble learning method based on multiple
decision trees, was employed to identify woody vegetation (Breiman,
2001). First, we utilized the “probability” mode of the RF in the GEE
platform to generate a detailed probability map by calculating the
probability of each pixel belonging to woody vegetation (Kruppa et al.,
2014). The advantages of the probability map lie in their sensitivity to
the continuous changes in vegetation along environmental gradients,
with a quantifiable measure of confidence for the classification of each
pixel. It is beneficial in ecological boundary extraction studies, where
vegetation boundaries are generally discrete, thereby enhancing the
accuracy and reliability of the classification results. We enhanced the
accuracy and generalization capability of the model by implementing a
5-fold cross-validation strategy during training, where the predicted
probabilities from each fold were averaged to generate the final prob-
ability map (Minowa, 2008). To convert the probability map into the
woody vegetation binary map, we implemented an adaptive thresh-
olding approach where the OTSU method was applied within sliding
windows of varying sizes (initially testing from 10 x 10 pixels with 10-
pixel increments) to determine the optimal window size, then iteratively
traversing the entire image to enable localized optimal threshold
determination at each window (Liu & Yu, 2009; Wang et al., 2023).
Then, because woody vegetation classification results may still involve
noise (e.g., salt-and-pepper effects), we applied morphological pro-
cessing techniques to refine the results (Huang et al., 2009). We used a 3
x 3 pixel neighborhood for both erosion and dilation morphological
filtering process, assisting in smoothing the boundaries and reducing
noises in the predicted results. Finally, we applied a sieve filter method
to remove isolated or fragmented woody vegetation pixels (Pereira et al.,
2022).

2.4. Upper boundary extraction based on a seed-filling algorithm

To delineate the upper limits of alpine woody vegetation accurately,
we implemented the top-down and seed-filling iterative algorithm. The
algorithm initialized by extracting mountain peaks from a 30 m reso-
lution DEM as seed points (He et al., 2023). Here, four mountain peaks
were generated. Each peak started with an 8-neighbor search algorithm
then moved down toward the valley. It expanded the connected region
of the seed pixels based on neighborhood relationships, and redefined
the connected region by removing the expanded pixels from the set until
no further possible expansion. This process was repeated for each seed
point until all points had been traversed. The boundaries of the labeled
connected regions were then extracted using the “find_boundaries”
function of the Python library scikit-image (Birinci & Kiranyaz, 2014). It
was constrained to adjacency with woody vegetation pixels to filter out
incorrect boundaries.

2.5. Validation

To achieve an accurate assessment of woody vegetation classifica-
tion, we further validated the classification results by generating 200
random sampling points. The performance was evaluated using standard
accuracy metrics derived from the confusion matrix (CM), including
Overall Accuracy (OA), and the Kappa coefficient (Table 1). The iden-
tified alpine shrublines derived from the Sentinel-2 were validated
against alpine shrublines visually interpreted using a combination of
high-resolution Google Earth imagery and 3 m resolution PlanetScope
imagery in the same period (2020), from which a sufficient number of
validation points were randomly sampled. These points were then
matched to the nearest pixels of the Sentinel-2-derived alpine shrublines
based on the minimum distance matching method (Paulsen & Korner,
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Table 1
Evaluation indicators of model performance.

Measure Brief description Equation

%Z ?: 1 X

Overall Accuracy
(OA) (Cai et al.,
2021)

Kappa (Cai et al., The consistency between the
2021) forecast results and the true

classification, which is used to
measure the classification
accuracy.

The overall predictive
performance of the model

1
NZ?zlxii = 2ot (X x41)
N2 — ZLMXHXH)

Note. N denotes the total number of samples; in the CM, n denotes the total
number of classes, x;; denotes the total number of rows, x,; denotes the total
number of columns, and x;; denotes the number of correctly classified samples.

2014; Stueve et al., 2009). The accuracy was quantified using R? (Eq.
(1)), Root Mean Square Error (RMSE) (Eq. (2)), and Mean Absolute Error
(MAE) (Eq. (3)) metrics (Wei et al., 2020). Besides, we employed the
VIEG model (Zou et al., 2023) to extract the average upper limit of
woody vegetation in the study area as an independent validation of our
results.

R? 172&()’:’*}2‘)2

- @
Zil (i —J')z
1 _
RMSE =[x (i =50 )
1 _
MAE = 377 i~ 5 ®)

Here, y; is the predicted shrubline elevation, y; is the interpreted
shrubline elevation, ¥ is the average of the elevation of interpreted
shrublines, and N is the total number of samples.

2.6. Statistic

Statistical analysis and data visualization were conducted using R
(version 4.1.2) and Python (version 3.9). GEE was primarily used for
data preprocessing and RF classification, while Python was employed for
the binary classification, morphological operations, and the OTSU
thresholding (Huang et al., 2009). Pearson’s correlation coefficient was
applied to analyze relationships between alpine shrubline elevation and
environmental variables, with significance tested at P < 0.05 (Sedgwick,
2012). Graphical outputs, including frequency histograms and scatter-
plots, were generated using ggplot2 in R and Matplotlib in Python
(Ostrowski & Menyhart, 2020).

3. Results
3.1. Woody vegetation classification

Fig. 3(a) showed that the distribution of woody vegetation had
obvious spatial heterogeneity, and the probability of coverage gradually
decreased with increasing altitude. Specifically, darker green areas
indicated areas with higher probability of woody vegetation cover,
mainly at lower elevations. In the binary forest map, pixels with high
probability of woody vegetation classification were extracted as the final
woody vegetation coverage (Fig. 3b). The extracted woody vegetation in
2020 was about 1,467.74 ha, which was nearly 45 % of the total study
area. Variable importance analysis (Fig. 3c) identified elevation as the
strongest predictor (12.49), followed by Sentinel-2 bands B4 (11.53), B5
(10.86), and B3 (10.72). The enhanced vegetation index (EVI2, 8.88)
and the minimum temperature of the coldest month (bio6, 7.09) were
the most influential vegetation and climate predictors respectively, with
precipitation (5.85) being among the top determinants of woody
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Fig. 3. (a) Probability and (b) binary map for woody vegetation in Xizang Rezhen National Forest Park. (c) Feature importance for classification.

vegetation distribution. As illustrated by Fig. 4(a), a 110 x 110 pixel
window achieved optimal classification performance specifically for
woody vegetation detection. This finding was validated through 5-fold
cross-validation (Fig. 4b), with the mean overall accuracy of 0.9395
(£ 0.0079) and Kappa coefficient of 0.8779 (+ 0.0159).

3.2. Spatial distribution of the upper limits of shrubland

Fig. 5(a) showed substantial alignments between alpine shrubline
distribution and elevation gradients, especially in areas with steep var-
iations. The predicted alpine shrublines aligned well with observable
landscape features in Google Earth imagery (Fig. 5b-e). Fig. 5(c)
captured a landslide-induced downward shift in alpine shrublines. The
predicted alpine shrubline elevations derived from Sentinel-2 closely
matched visual interpretation shrublines derived from Google Earth
image, with validation metrics of MAE = 5.2227 m, RMSE = 7.6360 m,
and R? = 0.9935 (Fig. 5f). Sample comparisons of predicted versus
visually interpreted shrubline elevations from PlanetScope (Fig. 5g) and

Google Earth imagery (Fig. 5h) were provided, respectively.

3.3. Geographical characteristics of alpine shrublines

The elevation of the alpine shrublines ranged from 4,421 m to 5,163
m, with the average elevation of 4,899 + 102 m (Fig. 6a). 80 % of the
alpine shrubline elevation occurred between 4,773 m and 5,027 m. The
alpine shrublines were mainly distributed in relatively steep areas with a
slope of 20-40° and the average value of 31° (Fig. 6b). The spatial dis-
tribution of the alpine shrublines showed obvious direction dependency,
with the frequency of distribution for south- (S) and southeast- (SE)
facing being significantly higher than that of others (Fig. 6¢). North-
facing (N) and northwest-facing (NW) shrublines were less than 10 %
of the study area’s mean frequency, while those at the south-facing (S)
direction accounted for the majority (>50 %) of observed shrubline
distributions. As shown in Fig. 6(d), the distribution of the alpine
shrublines at higher elevations was predominantly in the south direc-
tion, particularly above 4,800 m. Although the majority of alpine
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shrublines were on moderate slopes (20-40°), those at the N- facing
showed a distinctive pattern of steeper slopes (30-40°) than gentle slopes
(20-30°) (Fig. 6e). The mean NDVI value of the alpine shrublines was
0.21. The frequency distribution of NDVI was mainly between 0.1 and
0.4, with higher frequencies observed in the range of 0.2 to 0.3 (Fig. 6f).
Compared to the NDVI values, EVI2 demonstrated a higher mean value
of 0.55. The frequency distribution of EVI2 was primarily clustered
between 0.2 and 0.8, with a notable peak in the range of 0.5 to 0.7
(Fig. 68).

We constructed a relationship between the EVI2 and elevation in
Fig. 7, displaying a notable turning point at an elevation of 4,750 m.
Although this value is slightly lower than our predicted shrublines
(4,899 + 102 m), it remains broadly consistent with the elevation
threshold distinguishing woody and herbaceous vegetation in the study
area.

3.4. Correlation analysis of environmental variables with shrubline
elevation

The two principal components (PC1 and PC2) accounted for 39.3 %
and 23.5 % of the total variance, respectively (Fig. 8). The elevation was
negatively correlated with PET (potential evapotranspiration), mini-
mum temperature (tmn), and NDVI, as indicated by their vectors
pointing in the opposite direction to that of elevation. In contrast,
elevation exhibited a positive correlation with wind speed (WS) and
snow cover duration (SCD), whose vectors aligned more closely with the
direction of the elevation vector.

The shrubline elevation was significantly and positively correlated
with wind speed (r = 0.64, P < 0.001, Fig. 9a). However, the minimum
temperature was negatively correlated with the shrubline elevation (r =
-0.38, P < 0.001, Fig. 9b). The shrubline elevation was also negatively

correlated with PET (r = -0.44, P < 0.001, Fig. 9c). A weaker but still
significant negative correlation was also observed with EVI2 (r = -0.27,
P < 0.001; Fig. 9d).

4. Discussion
4.1. Comparison with other studies

Alpine shrublines exhibit considerable variation in relation to
geographical location, prevailing microclimates, and the composition of
the native species. For instance, shrubline elevations typically range
from 1,600 to 2,500 m in the European Alps (Francon et al., 2021), but
reach up to 4,000 m in the South American Andes (Hertel & Wesche,
2008). In Russia’s Altai Mountains, the elevation of alpine shrublines is
between 2,000 and 2,500 m because of the colder continental climate
and reduced solar radiation (Tchebakova et al., 2009). Wang et al.
(2021) reported that willow shrublines (Salix spp.) reaches 4,500-5,200
mon the southeastern Tibetan Plateau (approximately 29°-30°N),
whereas the current highest alpine shrublines in the western Tibetan
Plateau maintains an elevation of 5280 m (Lu et al., 2019). These
findings, based on field sampling at similar latitudes, align closely with
our results in Xizang Rezhen National Forest Park (30°8’'N-30°27°N).

4.2. Topographic controls on alpine shrubline variation

The strong influence of elevation on the delineation of the alpine
shrublines was obvious as shown in Fig. 5(a), because environmental
factors such as temperature, moisture availability, and snow depth
conditions vary systematically with altitudes. In steep regions, woody
vegetation boundaries are sharper, marking the transition from favor-
able low-elevation locations to harsher conditions at high altitudes.
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Shrubline elevations in our study area correlate strongly with topo-
graphic factors such as slope (Fig. 6b) and aspect (Fig. 6¢). Fig. 6(c)
demonstrated that the majority of shrubline elevations on the N- and
NW-facing directions were below 10 % compared to those observed on
the S-facing, highlighting the pronounced effect of aspect on shrubland
distribution. Our result found that the S-facing shrublines averaging
approximately 101.7 m higher than the N-facing shrublines, where solar
radiation was more intense, creating warmer and more favorable con-
ditions for vegetation growth. This pattern aligns with global observa-
tions, where aspect plays a critical role in determining the distribution of
alpine vegetation (Korner, 2007). Zhang et al. (2014) also found that the
timberline elevation of Juniperus saltuaria-dominated forests on the S-
facing direction (4,425 m) exceeds that of Abies forrestii var. smithii
forests on the N-facing direction (4,320 m) by 105 m in the Sergymla
Mountain of Southeast Xizang, due to increased solar radiation and

relatively higher temperatures on the S-facing. The absence of alpine
shrublines on the N-facing direction in Rezhen National Forest Park may
be attributed not only to reduced solar radiation but also to their char-
acteristically steeper gradients. As illustrated in Fig. 6(e), the N-facing
shrublines were predominantly confined to slopes exceeding 30°, a
topographic that may not be conducive to vegetation establishment
owing to mechanical instability (Van Staden et al., 2021).

4.3. Environmental interactions shape alpine shrubline patterns

The correlation analysis of environmental variables with shrubline
elevation revealed several key patterns of complex interactions between
elevation, soil properties, climate, and vegetation health. Shrubline
elevation showed a negative correlation with vegetation spectral indices
such as EVI2 (Fig. 9d), indicating that vegetation at higher elevations
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growth at high elevations (Brodersen et al., 2019), similar to its effect on

i timberlines. Strong winds also enhance evaporation, exacerbating
drought stress and pushing shrubs toward their physiological limits
(Paulsen & Korner, 2014).

1.0 Although the strength of the correlations varies, the overall weak
associations suggest that these factors only explain a portion of the
mechanisms influencing shrubline spatial patterns, and that shrubline

05

PC2 (23.5%)
o
o

0.5
clay
1.0
1.5
1.5 1.0 0.5 0.5 1.0 1.5 2.0

0.0
PC1 (39.3%)

Fig. 8. PCA Biplot of environmental and vegetation variables for alpine
shrublines in Rezhen National Forest Park.

tends to display reduced vigor and cover. This deterioration in vegeta-
tion condition may reflect the cumulative effects of environmental
stressors, including cold temperatures, reduced moisture availability,
and intensified wind exposure. This is further supported by the obser-
vation that shrubline elevation showed a strong positive correlation
with wind speed (Fig. 9a), and negative correlations with minimum
temperature (Fig. 9b) and PET (Fig. 9¢). These climatic patterns suggest
that shrubline position is primarily limited by colder and drier condi-
tions at higher elevations, resulting in reduced energy and moisture
availability for vegetation growth. Higher wind speeds at elevated areas
may exacerbate water loss and cause physical damage to shrubs, limiting
their growth. Wind-driven snow abrasion can suppress vertical shrub

formation is likely influenced by multiple unmeasured environmental
drivers (Korner, 2003; Camarero et al., 2024). Among these, geomorphic
disturbance plays a critical role, potentially limiting vegetation upslope
expansion even under favorable climatic conditions. For example,
Macias-Fauria & Johnson (2013) demonstrated that the upslope
advance of subalpine forests induced by warming is significantly con-
strained by geomorphic processes. Smith et al. (2009) reported declines
in chlorophyll content and photosynthetic efficiency at high elevations,
while recent studies have emphasized the importance of drought stress
and soil moisture limitations in restricting alpine plant growth (Zhang
et al., 2024; Liang et al., 2024). These findings collectively indicate that
the upper elevational limits of woody vegetation result from a complex
interplay of climatic and physiological constraints. Furthermore, the
coarse spatial resolution of climate data (approximately 1,000 m) may
obscure fine-scale environmental heterogeneity in alpine terrain. Many
datasets were originally generated at even coarser resolutions (1-10,
000 m) and resampled via smoothing or interpolation, which may
further dampen local variability and reduce the strength of correlations.
Future research should integrate higher-resolution and more spatially
extensive datasets to better elucidate the complex ecological mecha-
nisms underlying shrubline dynamics.

4.4. Uncertainties and perspectives

While predicted shrubline elevations aligned well with visual in-
terpretations from high-resolution imagery (Fig. 5f), uncertainties
remain due to limitations in multi-source data, algorithms, and the
validation process itself. Obtaining accurate ground-truth data was
challenging because alpine shrublines lie above 4,500 m and many sites
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are inaccessible by vehicle, making field validation unfeasible. Instead,
we relied on visual interpretation using high-resolution Google Earth
imagery and PlanetScope data as substitutes for ground-truth observa-
tions. While this approach provides a practical alternative due to access
limitations, it may still introduce a degree of subjectivity. Future work
could focus on field validations in more accessible shrubline regions,
such as those at lower elevations or higher latitudes.

Another important source of uncertainty arises from the mismatch in
spatial resolution between predictor and response variables (Garbarino
et al., 2023). Environmental datasets, such as climatic variables from
Peng (2019) at 1,000 m resolution and soil data from SoilGrids 2.0 at
250 m, were resampled to 10 m to align with the vegetation probability
map. All data processing was performed on the GEE platform to ensure
consistency and computational efficiency. Owing to the current limita-
tions in GEE’s resampling options (bilinear and bicubic interpolation),
we adopted bicubic resampling, as it is generally more appropriate for
continuous variables (Minh et al., 2024). However, this method in-
troduces spatial averaging, potentially obscuring fine-scale environ-
mental heterogeneity, particularly in complex alpine terrain where
microclimatic variation is strongly shaped by topography and surface
features. This smoothing effect may attenuate the observed correlations
between environmental variables and shrubline elevation (Chen et al.,
2023). For instance, the modest correlation (r = -0.38) between shrub-
line elevation and minimum temperature (Fig. 9b) may reflect the loss of
local climatic variability during resampling. Such limitations likely
contribute to underestimating the impact of environmental controls on
the spatial distribution patterns of shrublines. Future studies should
consider advanced downscaling techniques, such as dynamic down-
scaling, statistical disaggregation, or machine learning-based methods,
which better preserve spatial heterogeneity and capture micro-scale
ecological processes critical to alpine vegetation boundaries.

To overcome the uncertainty introduced by applying a global
optimal threshold in the OTSU algorithm (Jian et al., 2025), we adopted
a sliding window approach to determine locally optimal thresholds for
binarizing the probability map. This method allows the threshold to
adapt to spatial heterogeneity and reduces the risk of over- or under-
classification in regions with varying environmental characteristics.
However, there is still potential for further methodological

improvements. For example, more advanced thresholding techniques,
such as the three-dimensional OTSU algorithm, have proven effective in
other remote sensing applications (Deng & Zhang, 2021), and may be
explored in future work to further enhance classification accuracy in
heterogeneous alpine environments. Although our alpine shrubline
extraction framework effectively captured the overall spatial pattern of
alpine woody vegetation, further improvements are needed to enhance
accuracy and scalability. Future work should explore the integration of
higher-resolution and structural remote sensing data to improve
shrubline delineation, particularly in complex alpine environments. For
example, incorporating canopy structural parameters from spaceborne
LiDAR missions such as GEDI could provide valuable three-dimensional
information for distinguishing shrub-dominated zones (Burns et al.,
2024). Although Sentinel-2’s 10 m spatial resolution is relatively high
for large-scale vegetation mapping, it may still fail to capture fine-scale
variations in shrubland distribution—particularly in sparsely vegetated
or topographically complex areas—which can affect the accuracy of
subsequent shrubline extraction. In contrast, PlanetScope imagery offers
much finer spatial resolution, making it more suitable for detecting
shrubline boundaries at local scales. However, its limited number of
spectral bands constrains the amount of spectral information it can
capture. Rosch et al. (2022) found that the overall classification accu-
racy of both datasets was comparable at broad scales, with Sentinel-2
being more efficient for large-area mapping. Nevertheless, the fine
spatial detail of PlanetScope can complement the rich spectral infor-
mation provided by Sentinel-2. Future studies may benefit from
combining the strengths of both sensors to improve shrubline delinea-
tion in heterogeneous alpine landscapes.

In addition to these data considerations, the development of
advanced algorithms, such as spectral mixture analysis, could further
improve the detection of sparse and fragmented shrub vegetation (Yang
et al., 2012). This approach would enhance shrubline delineation in
areas where vegetation is less continuous, offering potential for future
integration with our method. Our study area represents a typical alpine
shrubland ecosystem on the Tibetan Plateau, providing meaningful in-
sights into the spatial patterns of shrublines under high-altitude condi-
tions. Nonetheless, to extend the applicability of these findings, future
research should encompass broader regions such as the Himalayas and
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other global alpine zones. Achieving this will likely depend on inter-
national collaboration to effectively validate and refine shrubline
monitoring approaches across diverse mountain environments.

5. Conclusions

The results showed that the average elevation of alpine shrublines in
Xizang Rezhen National Forest Park was 4,899 m, higher than that in
other alpine systems (e.g., European Alps: 1,600-2,500 m; Andes:
<4,000 m), reflecting the Tibetan Plateau’s unique climatic-ecological
conditions. The shrubline elevation is closely related to key climatic
variables such as minimum temperature and wind speed. Previous
alpine ecotone extraction methods have been limited in distinguishing
woody from herbaceous vegetation due to their similar spectral features
and structural properties. Our innovative framework overcomes these
limitations by extracting precise alpine shrubline. Although this
framework is innovative to some extent, there are still some un-
certainties, particularly due to the spatial mismatch between high-
resolution remote sensing data (10 m) and coarse environmental vari-
ables (e.g., 250 m soil and 1,000 m climate data), which may result in
information loss during resampling. Additionally, unmeasured factors
such as geomorphic disturbance may also influence shrubline patterns
but are not captured by the current framework. Future research should
consider incorporating higher-resolution environmental datasets and a
broader range of ecological variables, along with advanced method to
further improve the accuracy of shrubline extraction, contributing to
more reliable monitoring and management of alpine ecosystems under
global climate change.
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