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Abstract 33 

Climate change has induced substantial shifts in vegetation boundaries such as alpine treelines 34 

and shrublines, with widespread ecological and climatic influences. However, spatial and 35 

temporal changes in the upper elevational limit of alpine grasslands (“alpine grasslines”) are 36 

still poorly understood due to lack of field observations and remote sensing estimates. In this 37 

study, taking the Tibetan Plateau as an example, we propose a novel method for automatically 38 

identifying alpine grasslines from multi-source remote sensing data and determining their 39 

positions at 30-m spatial resolution. We first identified 2895 mountains potentially having 40 

alpine grasslines. On each mountain, we identified a narrow area around the upper elevational 41 

limit of alpine grasslands where the alpine grassline was potentially located. Then, we used 42 

linear discriminant analysis to adaptively generate from Landsat reflectance features a synthetic 43 

feature that maximized the difference between vegetated and unvegetated pixels in each of 44 

these areas. After that, we designed a graph-cut algorithm to integrate the advantages of the 45 

Otsu and Canny approaches, which was used to determine the precise position of the alpine 46 

grassline from the synthetic feature image. Validation against alpine grasslines visually 47 

interpreted from a large number of high-spatial-resolution images showed a high level of 48 

accuracy (R2, 0.99 and 0.98; mean absolute error, 22.6 and 36.2 m, versus drone and 49 

PlanetScope images, respectively). Across the Tibetan Plateau, the alpine grassline elevation 50 

ranged from 4038 to 5380 m (5th–95th percentile), lower in the northeast and southeast and 51 

higher in the southwest. This study provides a method for remotely sensing alpine grasslines 52 

for the first-time at large scale and lays a foundation for investigating their responses to climate 53 
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change.  54 

 55 

Key words: alpine grassline, climate change, edge detection, graph-cut, Landsat, Tibetan 56 

Plateau 57 

 58 

1. Introduction 59 

Rising temperatures associated with climate change have caused substantial shifts in 60 

species' ranges and vegetation distributions (I. C. Chen, Hill, Ohlemuller, Roy, & Thomas, 2011; 61 

Kelly & Goulden, 2008; Lenoir, Gégout, Marquet, de Ruffray, & Brisse, 2008; Zong et al., 62 

2022). These changes alter community and ecosystem structure and function and land surface 63 

processes, which exert feedback to the climate system (Chapin et al., 2000; Myers-Smith et al., 64 

2011; Zhang et al., 2013). In past decades, remarkable shifts of species' ranges toward higher 65 

latitudes and altitudes, induced by warming, have been observed (Bobrowski, Gerlitz, & 66 

Schickhoff, 2017; I. C. Chen et al., 2011; Dolezal et al., 2016), although downhill shifts due to 67 

moisture conditions have been observed in a few cases (Crimmins, Dobrowski, Greenberg, 68 

Abatzoglou, & Mynsberge, 2011). Similarly, local-scale movements of vegetation boundaries 69 

have also been recorded, including forest expansion in the Arctic (Zhang et al., 2013) and 70 

upward shifts of alpine treelines and shrublines on the Tibetan Plateau (Liang et al., 2016; Y. 71 

Wang et al., 2021). Even though grasslands are widely distributed in alpine regions of the world, 72 

and their distribution is highly sensitive to climate change (Compagnoni et al., 2021; Shen et 73 

al., 2022; Y. Wang et al., 2021), spatial and temporal changes in the upper elevational range of 74 
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alpine grasslands (hereafter “alpine grasslines”) remain poorly understood.  75 

The lack of understanding of alpine grassline changes originates from a lack of field 76 

observations and remote sensing retrievals of grassline elevations. For example, Anderson et 77 

al. (2020) used a Landsat Normalized Difference Vegetation Index (NDVI, a proxy of 78 

vegetation coverage or green biomass) threshold of ≥ 0.1 to show a general expansion of 79 

vegetation, possibly including an uphill shift of the alpine grassline, in the subnival Hindu Kush 80 

Himalaya between 1993 and 2018. In contrast, no increase in the NDVI from 2000 to 2014 was 81 

reported at six sites across the Tibetan Plateau that included the upper elevational limit of 82 

grassland (Huang, He, Chen, & Wang, 2018). These different results suggest that an NDVI 83 

threshold of 0.1 cannot be effectively used to discriminate between the presence and absence 84 

of vegetation, because the NDVI for bare soil can vary between 0 and 0.4 (Montandon & Small, 85 

2008). Therefore, given the lack of ground observations, it is necessary to develop a method to 86 

identify alpine grasslines from satellite data. By using the more than 40 years of archived 87 

satellite data (e.g., Landsat images), such a method would allow us to characterize spatial and 88 

temporal changes in alpine grasslines and their drivers. 89 

Previously, boundaries between two land cover types (such as alpine treelines—between 90 

forest and grassland and vegetation lines—between vegetation and bare land) have been 91 

determined by using a universal NDVI threshold, estimating a single feature such as tree cover, 92 

or directly identifying the edges of a land cover type (Anderson et al., 2020; X Wang et al., 93 

2022; Zou et al., 2023). Similar to the method based on a universal NDVI threshold (Anderson 94 

et al., 2020), a tree coverage threshold of 10% was used to determine the treelines in the 95 
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Himalayas from a tree coverage product based on Landsat images (Hansen et al., 2013; X Wang 96 

et al., 2022). Different from these methods using pre-determined single threshold, land cover 97 

product from satellite images was used to mapping the upper elevational limits of vegetations 98 

globally (Zou et al., 2023). However, these methods can suffer from different NDVI thresholds 99 

(Montandon & Small, 2008) for distinguishing between bare land and vegetation, bias in the 100 

estimation of tree cover (Hansen et al., 2013), or errors in the land cover product (Zanaga et 101 

al., 2022). Unlike these methods, there are studies in which the Otsu algorism was used to 102 

estimate the position of alpine treelines in mountain regions from Landsat NDVI (He et al., 103 

2020). However, the Otsu algorism could be affected by the use of single threshold and 104 

determination of such threshold relies on the NDVI histograms that discards the gradient of 105 

NDVI, making it difficult to accurately identify the treelines. 106 

Therefore, taking the Tibetan Plateau as an example, we aimed to use satellite data to map 107 

alpine grasslines. The Tibetan Plateau is an ideal experimental area for the development and 108 

evaluation of a method for identifying alpine grasslines. First, alpine grasslands on the Tibetan 109 

Plateau cover an area of 1.5 × 106 km2, with latitudinal, longitudinal, and elevation spans of 110 

about 15°, 30°, and 3000 m (An et al., 2018; Shen et al., 2022; C. Wang et al., 2015), 111 

respectively. Further, climate conditions on the plateau are highly heterogeneous spatially; the 112 

mean annual growing season temperature and precipitation range from < 0 °C to > 20 °C and 113 

from <200 mm to >1000 mm, respectively (Cong et al., 2017). Thus, alpine grasslines can be 114 

expected to show high spatial variability. Finally, as the highest mountainous region in the 115 

world with varied grassland ecosystems, information on alpine grasslines on the Tibetan 116 
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Plateau is fundamental to understanding the responses of alpine ecosystems to climate change.  117 

In this paper, we develop a method based on graph-cut algorithm to identify alpine 118 

grasslines by using multiple sources of remote sensing data, including land cover classification 119 

products, Moderate Resolution Imaging Spectroradiometer (MODIS) and Landsat reflectance 120 

data, and elevation data. This method would be an important tool for advancing our 121 

understanding of the impacts of climate change on alpine ecosystems and for informing 122 

conservation and management efforts in alpine regions. 123 

 124 

2. Materials and methods 125 

2.1. Overview of the method 126 

Unlike the approaches discussed in the Introduction section, we here use multiple features 127 

from multiple satellites to distinguish between alpine grassland and bare land at upper 128 

elevations on different mountains across the plateau (Fig. 1).  129 

Because alpine grasslines are located near the border between vegetated and unvegetated 130 

land, to reduce data size and computing load, we first used a random forest classifier to identify 131 

vegetated and unvegetated areas on the Tibetan plateau on MODIS and Landsat images at the 132 

spatial resolution of 250 m. The random forest classifier was trained by using Landsat- and 133 

MODIS-based features and land cover types that are consistent across multiple sets of land 134 

cover classification products as labels. The use of multiple remotely sensed features and 135 

consistent areas in multiple classification products as labels can improve classification accuracy. 136 

Second, we identified 2895 mountains on the plateau on which alpine grasslines were 137 
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potentially located based on elevation and a 250-m classification map produced in the above 138 

step. Each mountain is covered by vegetation at lower elevations and has unvegetated land at 139 

higher elevations. The subsequent steps were carried out separately on individual mountains to 140 

avoid the influence of soil and vegetation heterogeneity among mountains.  141 

Third, for each mountain, we defined potential grassline locations as areas at higher 142 

elevations where vegetation and unvegetated land were adjacent. In these areas, the vegetation 143 

is dominated by alpine grasslands (Shen et al., 2022) (see section 2.5.3). In the potential 144 

grassline area on each mountain, we used a linear discriminant analysis (LDA) algorithm to 145 

generate from the Landsat-derived features a synthetic feature with a resolution of 30 m that 146 

maximized the difference between vegetation and non-vegetation pixels. Next, we used a 147 

graph-cut algorithm to detect the alpine vegetation line based on the synthetic feature produced 148 

by the LDA. The graph-cut algorithm combines the Otsu and Canny algorithms (see section 149 

2.5.2) and identifies vegetation lines by using the feature value gradient, rather than an artificial 150 

threshold, to indicate the presence or absence of vegetation. In more than 99.8% of the areas 151 

including vegetation-line pixels, grasslands were the dominant vegetation type; these 152 

vegetation lines were therefore interpreted as alpine grasslines. 153 

The resultant alpine grasslines, which had a resolution of 30 m, were validated against 154 

visual interpretations of grasslines from drone and PlanetScope images. In the following 155 

subsections, we describe the data and methods in detail. 156 

 157 
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2.2. Datasets 158 

The data used in this study include elevation, land cover products, MODIS reflectance, 159 

Landsat reflectance, PlanetScope and drone images, and gridded climate data.  160 

The PlanetScope and drone images (Fig. 2) were used to visually interpret alpine grasslines 161 

to validate the alpine grasslines extracted from the Landsat data. The PlanetScope images 162 

(PlanetTeam, 2020) used in this study consist of 40 blocks, 20 km × 20 km each, acquired in 163 

July and August of 2020–2022 with a spatial resolution of 3 m. We further used drones to take 164 

orthophotos of 13 blocks of Landsat alpine grasslines in July and August of 2019 and 2022. 165 

We set up real-time kinematic base stations to ensure the positional accuracy (latitude and 166 

longitude) of the drone images. The spatial resolution of the drone images is between 5 and 10 167 

cm. The horizontal and elevational positioning accuracies of the images are 1 m and 5 m, 168 

respectively. The alpine grasslines interpreted by using the PlanetScope and drone images have 169 

lengths of 8555 km and 114 km, respectively. 170 

The other datasets are briefly introduced in the Supplementary Methods. Metainformation 171 

about these datasets is listed in Table S1. 172 

 173 

2.3. Identification of vegetated and unvegetated pixels at 250-m resolution 174 

Land covers in each of three classification products (FROM-GLC (Gong et al., 2019; Yu 175 

et al., 2022), GlobeLand30 (J. Chen, Ban, & Li, 2014; J. Chen & Chen, 2018), and WorldCover 176 

(Zanaga et al., 2022)) were first merged into three types: vegetation, unvegetated land, and 177 

water bodies (Table S2). Because there were inconsistencies among the three products (Fig. 178 
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S1a-c), we selected consistent regions across the three products as labels to train the random 179 

forest classifier. The classifier used multiple features (Table S3) calculated from the MODIS 180 

and Landsat reflectance data to identify pixels of the three land cover types (vegetation, 181 

unvegetated land, and water bodies; Fig. S1d). In this step, all features with a resolution finer 182 

than 250 m were resampled to 250 m by using an average aggregating approach. The MODIS 183 

data have high temporal resolution and continuous temporal coverage; thus, they could capture 184 

temporal land surface dynamics better than the Landsat data. The Landsat data were included 185 

because, even resampled to 250 m (the resolution of MODIS), they captured spatial variations 186 

better than the MODIS data (Fig. S2) because of differences in the sensors (e.g., different 187 

spectral response function and point spread function) and imaging conditions (such as imaging 188 

angle) (J. Li et al., 2021). The MODIS- and Landsat-based features and associated quality 189 

control methods are introduced in Supplementary Method with details. 190 

 191 

2.4. Identification of mountains with alpine grasslines 192 

Alpine grasslines are located between alpine grasslands and unvegetated land at certain 193 

positions on a mountain. Therefore, we identified mountains consisting of vegetated and 194 

unvegetated land at higher elevations, based on the SRTM elevation dataset and the 250-m 195 

classification map from the above step. To do this, we first idented 8867 mountain peaks with 196 

no vegetation coverage. The mountain peak consists of unvegetated pixels with elevation at 197 

least 50 m higher than mean of their surrounding areas. In addition to the 250-m classification 198 

map, the summer mean NDVI for a mountain peak should be ≤ 0.20, to ensure there was no 199 
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vegetation. Details are given in Supplementary Method.  200 

For an alpine grassline to exist, there must be vegetation on the lower part of the mountain 201 

surrounding the unvegetated mountain peak. To select the mountain peaks surrounded by 202 

vegetation, we first defined a 1-km-wide buffer zone surrounding each of the mountain peak 203 

identified in the above step. To ensure that there was vegetation in the buffer zone, we excluded 204 

the mountain peak if its buffer zone met either of the following two criteria, based on our 250-205 

m classification map and NDVI data: (1) vegetated pixels covered less than 50% of all pixels 206 

in the buffer zone; (2) the mean of quality-controlled summer (July–August) MODIS NDVI of 207 

the vegetated pixels in the buffer zone during 2015–2021 was less than 0.25. As a result, we 208 

identified a total of 2895 mountains that were distributed mostly in alpine grasslands (Shen et 209 

al., 2022).  210 

2.5. Identification of alpine grasslines based on Landsat data using a graph-cut algorithm 211 

First, for each mountain, we determined the area where grasslines were potentially located 212 

as the boundary area between the vegetated and unvegetated regions using the random 213 

classification result (Fig. 3). The boundary area consisted of a 500-m-wide buffer zone from 214 

the identified border between vegetated and unvegetated areas in the direction of the 215 

unvegetated higher altitudes and a 1500-m-wide buffer zone from the border in the direction 216 

of the vegetated lower altitudes (Fig. 3b). Alpine grasslines are defined by the grassland pixels 217 

with the highest elevation. Therefore, we used a narrower buffer zone in the unvegetated area 218 

than in the vegetated area because the possibility that a grassline exists in the unvegetated area 219 

in the upper part of a mountain is extremely low, whereas grasslines might be identified within 220 
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a large area below the identified border where the vegetation cover might be low. On the 221 

Tibetan Plateau, the dominant vegetation type in these boundary areas is alpine grassland (Shen 222 

et al., 2022), as we show in section 2.5.3. We thus use the term grassline rather than vegetation 223 

line. 224 

 225 

Because of the high heterogeneity of vegetation and soil background across the Tibetan 226 

Plateau, we identified alpine grasslines in areas potentially including the grassline separately 227 

for each of the mountains identified in section 2.4 based on the features (vegetation indexes) 228 

derived from the Landsat reflectance data (Table S3). To do this, we first used the LDA 229 

algorithm to maximize the difference in the Landsat-derived features between the vegetated 230 

and unvegetated pixels in the area where the grassline was potentially located for each 231 

mountain, thereby generating a synthetic feature. Then a graph-cut algorithm was designed to 232 

accurately determine the grassline position in each of the areas using the synthetic feature. 233 

2.5.1. Preparation of the synthetic feature from the Landsat vegetation indexes 234 

The LDA algorithm is a supervised linear feature dimensionality reduction algorithm that 235 

can be represented as follows:  236 𝐹 = 𝐰்𝑓 (1)  237 

where 𝑓 represents the different Landsat-derived features, and 𝐹 is the linear combination of 238 

Landsat-derived features with vector 𝐰. Based on the random forest classification, the LDA 239 

finds the optimal 𝐰 by maximizing the interclass (here, vegetated and unvegetated pixels) 240 

difference while simultaneously minimizing the sum of the intraclass variance. Using the 241 
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optimal 𝐰, the original Landsat-derived features (those in Table S3) are transformed into a 242 

synthetic feature. Finally, as required by the graph-cut algorithm, we linearly stretched the 243 

synthetic feature to 0–255, using the 2nd percentile and the 98th percentile values as minimal 244 

and maximal values, respectively. We used the Python scikit-learn 1.1.2 package to implement 245 

the LDA algorithm (Pedregosa et al., 2011).  246 

2.5.2. Development of the graph-cut algorithm 247 

Finally, using the synthetic feature with a 30-m spatial resolution obtained by LDA, we 248 

segmented the area where grassline was potentially located on each mountain into vegetated 249 

pixels and unvegetated pixels. Then, the grasslines were defined as the vegetated pixels on the 250 

border between the vegetated and unvegetated areas. To do this, we designed a graph-cut 251 

algorithm that combines the Otsu and Canny approaches. In this subsection, we first briefly 252 

introduce the Otsu and Canny approaches, and then we describe how these two approaches 253 

were integrated in the graph-cut algorithm.  254 

The Otsu algorithm (Otsu, 1979) uses the histogram of the synthetic feature (the colored 255 

area in Fig. 4a) as input, and finds a threshold value that classifies the pixels of the synthetic 256 

feature as vegetated or unvegetated (Fig. 4b) while maximizing the interclass variance between 257 

vegetated and unvegetated pixels. Although this method has been successfully applied to the 258 

extraction of treelines and coastlines (He et al., 2020; Tang et al., 2022; Xia Wang, Liu, Ling, 259 

Liu, & Fang, 2017), the Otsu algorithm does not consider the spatial texture that dictates a 260 

grassline, i.e., a sharp transition from vegetation to non-vegetation. Therefore, the boundary 261 

pixels detected by the Otsu algorithm between vegetated and unvegetated pixels indicate the 262 
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approximate position of the grassline rather than its precise position. 263 

The Canny algorithm (Canny, 1986) is an edge detection algorithm that uses spatial 264 

gradient information. It can be used to identify boundary pixels with a sharp transition of 265 

synthetic feature values on the image; thus, it can potentially be used to determine the position 266 

of the grassline. However, the algorithm is so sensitive to spatial texture that it detects all edges, 267 

including those between pixels with high and low vegetation coverage (i.e., high and low values 268 

of the synthetic feature). Therefore, the Canny algorithm cannot be used alone for grassline 269 

detection. 270 

In this context, we designed a graph-cut algorithm that combines the advantages of these 271 

two algorithms and addresses their limitations. The designed graph-cut algorithm employs the 272 

Otsu algorithm to determine the approximate position of the grassline and uses the modified 273 

Canny gradient value (Fig. 4c; Supplementary Method) to precisely locate the grassline. The 274 

new method detects edges that are similar to the results obtained by the Otsu algorithm in terms 275 

of their approximate location, but the edge positions are aligned with the pixels with large 276 

values of modified Canny gradient (Fig. 4d and e). 277 

The graph-cut algorithm considers each synthetic feature image for area where grassline 278 

was potentially located on each mountain as a graph, denoted as 𝐺 = < 𝜈, 𝜀 > , where 𝜈 279 

represents the nodes on the graph, which are pixels of the synthetic feature pixels of the image 280 

(Boykov, 2004; Y. Li, Sun, Tang, & Shum, 2004) and 𝜀 represents the edges between adjacent 281 

nodes (i.e., pixels), indicating the relationship between two adjacent pixels of the synthetic 282 

feature image. The binarization task can be understood as assigning a label of 1 (vegetated) or 283 
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0 (unvegetated) to each pixel 𝑖 ∈ 𝜈; the result of the assignment is denoted as 𝑥௜, where 𝑥௜ 284 

∈ [vegetated (= 1), unvegetated (= 0)]. The binary result of the synthetic feature image is 285 

denoted as 𝑋 =  {𝑥ଵ, … , 𝑥௜ , … , 𝑥௡ }, where n is the number of pixels in the area where the 286 

grassline was determined to be potentially located in our study. The binarization by the graph-287 

cut algorithm considers both the synthetic feature value of each pixel and the relationship 288 

between two adjacent pixels. The goal of the graph-cut algorithm can be understood as finding 289 

the optimal 𝑋 by minimizing the energy function 𝐸(𝑋) (Boykov, 2004; Y. Li et al., 2004): 290 

𝐸(𝑋) = ෍𝐸ଵ(𝑥௜)௜∈஝ + λ ෍ 𝐸ଶ൫𝑥௜ ,   𝑥௝൯(௜,௝)∈க         (2) 291 

where 𝐸ଵ(𝑥௜) represents the cost of pixel 𝑖 having type 𝑥௜, and 𝐸ଶ൫𝑥௜ ,   𝑥௝൯ represents the 292 

cost of two adjacent pixels 𝑖 and 𝑗 having types 𝑥௜ and 𝑥௝, respectively. When using the 293 

graph-cut algorithm, users define different 𝐸ଵ(𝑥௜)  and 𝐸ଶ൫𝑥௜ ,   𝑥௝൯  to achieve different 294 

segmentation effects. Readers can refer to Boykov (2004) for details about the method for 295 

solving the 𝐸(𝑋) function. In our study, we used the threshold value of the Otsu algorithm to 296 

define 𝐸ଵ(𝑥௜), such that minimizing 𝐸ଵ(𝑥௜) causes 𝑋 to be close to the result of the Otsu 297 

algorithm. Meanwhile, we used the modified Canny gradient to define 𝐸ଶ൫𝑥௜ ,   𝑥௝൯, such that 298 

minimizing 𝐸ଶ൫𝑥௜ ,   𝑥௝൯ makes the edges of the obtained 𝑋 aligned with the pixels with large 299 

values of modified-Canny gradient. Thus, minimizing both 𝐸ଵ(𝑥௜)  and 𝐸ଶ൫𝑥௜ ,   𝑥௝൯ 300 

simultaneously finds 𝑋 close to the Otsu algorithm result, while the edges of 𝑋 still coincide 301 

the pixels with large values of modified-Canny gradient. The 𝜆 parameter is used to control 302 

the weight of the edge part in the algorithm. To implement the graph-cut algorithm here, 𝜆 303 

was set to 10, and we conducted a sensitivity analysis of the effect of the value of 𝜆 on the 304 
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accuracy of the grassline identification (see the discussion in section 4.1). Detailed definition 305 

of 𝐸ଵ(𝑥௜)  and 𝐸ଶ൫𝑥௜ ,   𝑥௝൯  were separately given in the Supplementary Method. Using the 306 

defined 𝐸ଵ(𝑥௜)  and 𝐸ଶ൫𝑥௜ ,   𝑥௝൯ , we implemented the graph-cut algorithm with the 307 

Pymaxflow package in Python (Boykov, 2004).  308 

After binarization is completed, we defined grasslines as the grassland pixels at the 309 

boundary between vegetated and unvegetated ground, and we determined their elevation by 310 

using the SRTM data. 311 

2.5.3. Postprocessing 312 

A few unvegetated (vegetated) pixels may scatter inside a vegetated (unvegetated) area. 313 

These pixels were not considered to be grassline pixels. 314 

2.5.4. Removing uninterested grasslines and shrubline and treeline 315 

First, we removed grasslines due to ravines or water bodies on the mountain as follows: 316 

(1) Grasslines due to a ravine or a water body are characterized by having unvegetated pixels 317 

at lower elevations and vegetated pixels at higher elevations. Therefore, for each grassline pixel, 318 

we opened a 7 pixel × 7 pixel window and checked the correlation between the elevation and 319 

the maximum 30-m Landsat NDVI (Table S3) within the window. We then deleted all grassline 320 

pixels that showed a significantly positive correlation (P < 0.05). (2) We deleted all grassline 321 

pixels (at 30-m resolution) within 250 m of a water pixel in the 250-m random forest 322 

classification result.  323 

Second, on the Tibetan Plateau, the boundary between vegetation and high-altitude 324 

unvegetated land may represent a shrubline or a treeline. To remove such boundaries, we 325 
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referred to the FROM-GLC classification product (Table S1) and calculated the dominant 326 

vegetation type (the type with the highest proportion) within 3 pixel × 3 pixel and 5 pixel × 5 327 

pixel windows with a grassline pixel in the center, respectively. The dominant vegetation type 328 

was grassland in more than 99.8% of both the 3 × 3 and 5 × 5 windows (Fig. S4). The grassline 329 

pixels with other dominant vegetation types were removed.  330 

 331 

2.6. Validation 332 

The alpine grasslines identified using the synthetic feature derived from the Landsat 333 

images were validated against alpine grasslines visually interpreted on PlanetScope and drone 334 

images. To match the Landsat-based grassline, the alpine grasslines from PlanetScope and 335 

drone images were first resampled to 30-m resolution by the maximum resampling method. 336 

Each pixel of the Landsat-based grasslines was matched with the closest visually interpreted 337 

grassline pixel within 2 km (i.e., least distance matching) (Ameztegui, Coll, Brotons, & Ninot, 338 

2016). The positional accuracy was quantified by using the mean absolute error, mean error, 339 

and R2 metrics, based on the elevations of alpine grasslines between matched pixels. We also 340 

calculated the slope of the linear regression line between the elevation of the grasslines based 341 

on Landsat and those based on drone or PlanetScope data across the matched pixels.  342 

To test the robustness of our validation, we implemented another two methods for 343 

matching the graph-cut grasslines with the visually interpreted grasslines. In one method, these 344 

two kinds of grasslines were matched along the normal line of the visually interpreted 345 

grasslines (Y. Chen & Kirwan, 2022), and in the other method, along the normal line of the 346 
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contour lines (Mathisen et al., 2014). Taking the first method for example, we first set sampling 347 

points on the visually interpreted alpine grasslines (resampled to 30-m resolution) every 300 348 

meters. For each sampling point, we determined the normal line of the grasslines with length 349 

of 270 m with the sampling point in the center. Then, for each sampling point, we selected the 350 

closest graph-cut pixel along the normal line of the grasslines within 2 km. Here, both 351 

directions of the normal line were considered. By moving the sampling point along the 352 

grasslines, we could finish the matching.  353 

 354 

3. Results 355 

The elevations of the alpine grasslines identified from the Landsat data using the graph-356 

cut method were close to those visually interpreted on the drone or PlanetScope images, as 357 

shown in the validation results based on least distance matching (Fig. 5). For the Landsat- and 358 

drone-based grassline elevations, mean error was 0.4 m, mean absolute error was 22.6 m, R2 359 

was 0.99, and the slope between the grassline elevations was 0.99 (Fig. 5a). Similarly, 360 

validation against PlanetScope-based grasslines showed high grassline identification accuracy 361 

(Fig. 5b). Similar results (Fig. S5 and S6) were observed in the validation using the other two 362 

methods for matching the graph-cut grasslines and visually interpreted ones. Visual comparison 363 

of the Landsat-based and the visually interpreted grasslines also demonstrated the accuracy of 364 

the method (Figs. 6 and 7). 365 

The total length of the alpine grasslines identified on the Landsat images was about 366 

419,069 km. In general, the elevation of the alpine grasslines was lower (<4650 m) in the east—367 
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for example, in the Qilian mountains in the northeast and the Hengduan Mountains in the 368 

southeast—and higher (>4650 m) in the southwest, for example, in the Kailas Range (Fig. 8a). 369 

Across the Tibetan Plateau, the grassline elevation ranged from 4038 m (5th percentile) to 5380 370 

m (95th percentile), with an average elevation of 4841 m and a median elevation of 4841 m 371 

(Fig. 8b). Few grasslines occurred below 4000 m (Fig. 8 and Fig. S7). Latitudinally, the 372 

elevation increased from about 3715 m at 40°N, to about 5061 m at 30°N, and then decreased 373 

to about 4601 m at 27°N (Fig. 8c). Longitudinally, the elevation increased from about 3778 m 374 

at 104°E, to about 5367 m at 81°E, and then decreased to about 3911 m at 76°E (Fig. 8d).  375 

 376 

4. Discussion 377 

Grasslands are widely distributed in mountain regions of the world, and information about 378 

the upper elevation limit of grasslands (alpine grasslines) is of great significance for 379 

understanding how the alpine vegetation distribution responds to climate change. However, 380 

limited field observations and remote sensing retrievals of alpine grasslines are available. To 381 

fill this gap, we developed a method to identify alpine grasslines from multiple types of remote 382 

sensing data, including land cover products and MODIS and Landsat reflectance data, able to 383 

provide positional information on alpine grasslines at a spatial resolution of 30 m for mountains. 384 

Our method uses a graph-cut algorithm to combine the advantages of the Canny and Otsu 385 

approaches. Validation against visual interpretations of PlanetScope and drone images 386 

indicated that the results had high accuracy.  387 
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4.1. Interpretation of the method 388 

First, in this study, we did not determine the grasslines directly from the boundary between 389 

grasslands and unvegetated areas at high altitudes in the land cover product; instead, we used 390 

the classification product to help identify areas where grasslines were potentially located. 391 

Subsequently, precise grassline positions were determined based on the characteristics of a 392 

synthetic feature based on multiple vegetation indices derived from Landsat reflectance data. 393 

This strategy is expected to avoid the impacts of errors in the classification product and to 394 

identify the position of grasslines with higher accuracy. Compared with our method (Figs. 5, 6 395 

and 7), the accuracy of grasslines determined directly by using Otsu method and each of the 396 

three land cover products was lower when validated against grasslines identified by visual 397 

interpretation of the PlanetScope images (Figs. 9, S8 and S9). 398 

Second, we identified the alpine grassline separately on each mountain, considering the 399 

differences in vegetation characteristics and background land surface among the 2895 400 

mountains across the Tibetan Plateau. The 30-m Landsat-based maximum NDVI (Table S3) 401 

averaged over the grasslines pixels on each mountain ranged from 0.3 to 0.6 (Fig. S10). 402 

Moreover, NDVI values of bare land also show substantial variation across the Tibetan Plateau 403 

(Fig. S11). Such spatial variations suggest that it is necessary to identify grasslines separately 404 

for each mountain and that using a single threshold NDVI value of 0.10 across the plateau to 405 

indicate presence of vegetation could lead to considerable bias (Anderson et al., 2020). 406 

Third, when generating the synthetic feature, we used a LDA algorithm to adaptively 407 

specify the combinations of features from Landsat-based vegetation indices (Table S3) to 408 
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maximize the difference between vegetated and unvegetated pixels for each mountain. The 409 

elevations of the alpine grasslines identified by using the synthetic feature were closer to those 410 

interpreted from the PlanetScope images than to those identified directly by using a single 411 

Landsat-based feature (vegetation index, Table S4).  412 

Finally, the new algorithm combines the Otsu and Canny algorithms in the graph-cut 413 

framework for grassline identification. The Otsu algorithm detects grasslines based on the Otsu 414 

threshold determined from gray-level histogram information on the synthetic feature, but 415 

because it does not consider spatial texture features, it cannot precisely identify the grassline 416 

position (Fig. S12a). On the other hand, the Canny algorithm relies entirely on spatial texture 417 

features to find edges; consequently, the identified edges include not only those formed by 418 

grasslines but also those formed by other sudden changes in the synthetic feature that is not 419 

caused by grasslines (Fig. S12b). We designed an energy function E(X) based on the graph-cut 420 

algorithm that combines the advantages of both algorithms, using the Otsu threshold to 421 

determine the approximate spatial position and thereby excluding the non-grassline edges 422 

found by the Canny algorithm (Fig. S12c). At the same time, the graph-cut-based grassline 423 

position is aligned with the pixels having greater modified Canny gradient values, allowing 424 

spatial texture features of the grasslines to be applied. Another advantage of the graph-cut 425 

method is that when we do not perform postprocessing on the results of the Otsu method and 426 

the graph-cut method, the accuracy of the graph-cut method is higher than the Otsu method 427 

(Figs. S13, S14 and S15). This is because our graph-cut method removed most of the non-428 

grassline edges detected by the Otsu algorism (Fig. S15). The graph-cut algorithm adjusts the 429 
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weights of the Otsu and Canny positional information through the λ parameter. We tested the 430 

sensitivity of the identification of the position of the alpine grassline to the λ parameter (Fig. 431 

S16). We found that, given that the approximate grassline position had been determined by the 432 

Otsu threshold, changes in the λ value caused only marginal variations in MAE and R2 between 433 

graph-cut-based and PlanetScope-based grasslines. 434 

 435 

4.2. Perspectives 436 

Clearly, the identification of grassline positions depends on the spatial resolution of the 437 

remote sensing data. Taking into account data availability, our method relies mainly on 30-m 438 

resolution Landsat data. Although the grasslines identified by using the Landsat data and those 439 

visually interpreted from drone and PlanetScope images are close to each other, data with 440 

higher spatial resolution than Landsat are needed when higher accuracy is required for grassline 441 

identification. Additionally, when the transition from vegetated to unvegetated areas is 442 

relatively gradual, it is difficult to visually interpret the position of the grasslines on high- and 443 

medium-resolution images or even in a field survey. Resolution of this problem requires further 444 

efforts on the part of botanists and ecologists to define grasslines in areas where the transition 445 

is gradual. 446 

We proposed the method for identifying alpine grasslines on the Tibetan Plateau. However, 447 

the Tibetan Plateau is characterized by high geographic and vegetation diversity, and we did 448 

not set critical specific regional thresholds. Therefore, our method should also be applicable 449 

for identifying alpine grasslines in other regions, such as the Andes Mountains of South 450 
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America. Similarly, for grasslines not related to elevation, such as those at the boundary 451 

between grasslands and sandy lands, our method can also be a valuable reference. Moreover, 452 

our method is potentially applicable to the detection of treelines and shrublines in alpine areas. 453 

Finally, Landsat data archives cover more than 40 years; thus, our method can be used to 454 

identify historical positions of alpine grasslines, thereby laying a foundation for studying their 455 

response to climate change. 456 

 457 

5. Conclusion  458 

Taking the Tibetan Plateau as an example, we proposed a novel method for remotely 459 

sensing the position of alpine grasslines at a spatial resolution of 30 m at large scale. We first 460 

identified 2895 mountains potentially having alpine grasslines. We then produced a synthetic 461 

feature from multiple vegetation indices calculated from Landsat reflectance data. Next, we 462 

combined the Otsu and Canny approaches in the framework of a graph-cut algorithm to identify 463 

the position of alpine grasslines with respect to the synthetic feature at a spatial resolution of 464 

30 m. Validation against visually interpreted alpine grasslines in PlanetScope and drone images 465 

suggests that the accuracy of the resultant Landsat-based grasslines is high. Across the Tibetan 466 

Plateau, the elevation of alpine grasslines showed high spatial variability, ranging from 4038 467 

m (5th percentile) to 5380 m (95th percentile). Our study provides a method for retrieving 468 

alpine grasslines by using remote sensing data and lays an important foundation for studying 469 

their response to climate change. This method is also referenceable for detecting other borders 470 

such as treelines and horizontal grasslines. 471 
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Figure legends 502 

Figure 1. Overview of the method for mapping alpine grasslines.  503 

Figure 2. The spatial distribution of sites validated against drone and PlanetScope images.  504 

Figure 3. Schematic diagram illustrating how the area potentially including the grassline was 505 

determined: (a) 250-m classification map; (b) identified area within which the grassline is 506 

potentially located. 507 

Figure 4. The process of identifying alpine grasslines from the synthetic feature using a graph-508 

cut algorithm. (a) The synthetic feature transformed from Landsat-based features (Table S3) by 509 

LDA at 30-m spatial resolution. Greener areas represent pixels with higher vegetation coverage. 510 

(b) Binarization of the synthetic feature by the Otsu algorithm. The white and green areas 511 

represent unvegetated and vegetated pixels, respectively. (c) The modified Canny gradient from 512 

the synthetic feature. (d and e) The edge detection result (alpine grassline) of the graph-cut 513 
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algorithm combining the Otsu and modified Canny gradient, shown on the synthetic feature 514 

and PlanetScope RGB images, respectively. The red square in (a) indicate the area for which 515 

an enlarged view was presented in Fig. S3. 516 

Figure 5. Validation of the alpine grasslines identified on the Landsat images using graph-cut 517 

method. Comparison between elevations of alpine grasslines identified by using the graph-cut 518 

method from Landsat data and those visually interpreted from (a) drone or (b) PlanetScope 519 

data. Metrics are ME, mean error; MAE, mean absolute error; and R2. The black lines are the 520 

linear regression lines between elevations of Landsat-based grasslines and those based on drone 521 

or PlanetScope data. The dashed line is the 1:1 line. The graph-cut grasslines were matched 522 

with the visually interpreted grasslines using the least distance matching method.  523 

Figure 6. Landsat-based grasslines shown on drone images of four cases: (a) High vegetation 524 

coverage, (b) low vegetation coverage, (c) steep vegetation coverage gradient (i.e., a sudden 525 

transition from vegetation to bare land), and (d) gentle vegetation coverage gradient (i.e., a 526 

gradual transition from vegetation to bare land). The latitude and longitude of the top-left pixel 527 

of each image are shown at the top of each panel.  528 

Figure 7. Landsat-based grasslines on PlanetScope RGB images, Landsat maximum NDVI 529 

images, and PlanetScope NDVI images for four cases: (a) High vegetation coverage, (b) low 530 

vegetation coverage, (c) sharp vegetation coverage gradient (i.e., a sudden transition from 531 

vegetation to bare land), and (d) gentle vegetation coverage gradient (i.e., a gradual transition 532 

from vegetation to bare land). The latitude and longitude of the top-left pixel of each image are 533 

shown at the top of each panel.  534 
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Figure 8. (a) The spatial pattern of the grassline elevations based on Landsat data. (b) 535 

Histogram of grassline elevations. Changes in the grassline elevation along (c) latitude and (d) 536 

longitude. The black lines represent the mean grassline elevation within 0.1° intervals of 537 

latitude or longitude. 538 

Figure 9. Comparisons between visually interpreted alpine grasslines and alpine grasslines 539 

identified directly by using the Otsu method and three land cover products: (a, b) Otsu, (c, d) 540 

WorldCover, (e, f) GlobeLand30, and (g, h) FROM-GLC. In each land cover product, the 541 

grassline was determined as the grassland pixels at the boundary between vegetated and 542 

unvegetated pixels. Metrics are ME, MAE, and R2, and the black lines show the slope of the 543 

linear regression between the elevation of Landsat-based grasslines and that of grasslines based 544 

on drone and PlanetScope data. The dashed line indicates a 1:1 correspondence.  545 
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