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Highlights

What are the main findings?

e High-resolution UAV LiDAR captured a sharp treeline transition (~60-80 m verti-
cal range) in the Manang Valley, with concurrent canopy simplification and species
turnover from Pinus wallichiana to Abies spectabilis and Betula utilis.

e A random forest classifier using LiDAR-derived structural and intensity metrics
achieved high accuracy (>85%) for species identification, with intensity variability
emerging as a key predictor.

What are the implications of the main findings?

e UAV LiDAR enables crown-level monitoring of forest structure and species compo-
sition across steep elevational gradients, offering a scalable tool for detecting early
signals of biome shifts due to climate change.

e This approach helps overcome the limitations of satellite or field-only studies by
providing detailed, three-dimensional insight into ecological thresholds and structural
transitions at the treeline.

Abstract

Mountain treelines are among the most climate-sensitive ecosystems on Earth, yet their
fine-scale structural and species level dynamics remain poorly resolved in the Himalayas.
In particular, the absence of three-dimensional, crown level measurements have hindered
the detection of structural thresholds and species turnover that often precede treeline shifts.
To bridge this gap, we introduce UAV LiDAR—applied for the first time in the Hindu
Kush Himalayas—to quantify canopy structure and tree species distributions across a steep
treeline ecotone in the Manang Valley of central Nepal. High-density UAV-LiDAR data
acquired over elevations of 3504-4119 m was used to quantify elevation-dependent changes
in canopy stature and cover from a canopy height model derived from the 3D point cloud,
while individual tree segmentation and species classification were performed directly on
the 3D, height-normalized point cloud at the crown level. Individual trees were delineated
using a watershed-based segmentation algorithm while tree species were classified using a
random forest model trained on LiDAR-derived structural and intensity metrics, supported
by field-validated reference data. Results reveal a sharply defined treeline characterized by
an abrupt collapse in canopy height and cover within a narrow ~60-80 m vertical interval.
Treeline “threshold” was quantified as a breakpoint elevation from a piecewise model
of tree cover versus elevation, and the elevation span over which modeled cover and
height distributions rapidly declined from forest values to near-zero. Segmented regression
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identified a distinct structural breakpoint near 3995 m elevation. Crown-level species
predictions aggregated by elevation quantified an ordered turnover in dominance, with
Pinus wallichiana most frequent at lower elevations, Abies spectabilis peaking mid-slope,
and Betula utilis concentrated near the upper treeline. Species classification achieved high
overall accuracy (>85%), although performance varied among taxa, with broadleaf Betula
more difficult to discriminate than conifers. These findings underscore UAV LiDAR's value
for resolving sharp ecological thresholds, identifying elevation-driven simplification in
forest structure, and bridging observation gaps in remote, rugged mountain ecosystems.

Keywords: UAV LiDAR; treeline ecotone; canopy height; structural complexity; individual-
tree segmentation; species classification; Himalaya; Nepal

1. Introduction

High-elevation ecosystems, especially the alpine and subalpine zones of the Himalayas,
are increasingly recognized as climate-sensitive biodiversity hotspots and early-warning
systems for global environmental change [1]. These regions harbor species uniquely
adapted to narrow climatic envelopes, and even modest warming can trigger outsized
shifts in community composition, phenology, and vegetation structure [2,3]. Recent satel-
lite evidence also points to climate-driven greening [4] and vegetation expansion in the
upper subnival zones of the Himalayas, above and beyond established treeline limits [5],
indicating that high-elevation ecosystems are already undergoing rapid reorganization [6].
Among these, treeline ecotones—the transition between closed-canopy forest and alpine
shrub or grassland—are particularly crucial for understanding the biotic responses to
temperature-driven thresholds [1,7]. Treelines respond not only in position (i.e., elevational
shift), but also in form and structure—exhibiting canopy simplification, reduced complexity,
and altered individual tree morphology that often precede broader biome transitions [8].
Quantifying these coupled structural and compositional changes requires measurements
that resolve vegetation in three dimensions. UAV LiDAR provides vertically explicit (3D)
point cloud structures from which both landscape-scale canopy surfaces (e.g., canopy
height models) and individual crowns can be derived, enabling treeline thresholds to be
evaluated alongside crown-level patterns in species turnover.

Despite this potential, treeline research in the Himalayas remains limited relative to
the Andes or Alps [9], even though the region harbors the highest treelines in the Northern
Hemisphere, often reaching >4000 m [10]. Himalayan treelines exhibit diverse physiog-
nomic forms—abrupt, krummholz, diffuse, or patchy islands—shaped by both climate and
anthropogenic legacies such as grazing, fire, and wood harvesting [2,3]. As emphasized
in recent studies [1], detecting early, structure-based indicators of ecosystem reorgani-
zation in these zones is essential for anticipating tipping points in alpine environments
under warming scenarios. Recent conceptual reviews have also underscored the need to
shift from tracking the mere position of treelines to analyzing changes in physiognomy,
structure, and species turnover at fine scales using trait-oriented remote sensing tools [11].
Field studies show that Himalayan treeline advance is highly variable, with some sites
responding to warming while others remain stagnant due to microenvironmental or biotic
constraints [12,13]. This variability underscores the need for spatially resolved, structural
and species-level measurements across the treeline ecotone.

While ecological field studies in the Himalayas have offered invaluable insights into
species composition and elevational limits [14], they are often restricted in spatial cover-
age and poorly suited for capturing fine-scale heterogeneity across steep gradients [15].
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Satellite-based approaches, though broader in scope, lack the vertical resolution required
to detect structural transitions at the scale of individual trees [16-18]. For instance, space-
borne LiDAR (Light Detection and Ranging) from GEDI (Global Ecosystem Dynamics
Investigation) provides valuable canopy height metrics, but its large footprint size (~25 m)
and sparse sampling limit its utility in steep, fragmented treeline zones [19,20]. While
recent efforts [21] have used gridded canopy height maps derived from GEDI and Landsat
data [22] to explore topographic controls of forest structure in the Himalayas, such modeled
products—though spatially continuous—lack the vertical precision and crown-level detail
needed to resolve fine-scale treeline dynamics [23].

In response to this limitation, recent Himalayan studies have employed handheld
LiDAR scanners to map tree structure and complexity [24], demonstrating the promise of
3D data in inaccessible terrain. However, handheld systems are constrained by coverage,
operator dependence, and inconsistent point densities [25]. Other studies using manned
airborne LiDAR [26,27] offer improved spatial reach, but often lack the resolution and
flexibility required to capture individual crowns in high-relief treeline zones. Concurrently,
there is a growing call for remote sensing approaches that explicitly target physiognomic
traits—tree form, height, canopy shape—as ecological indicators [28]. Structural trait map-
ping (e.g., canopy height, crown shape, and indicators of canopy structural variability)
is increasingly recognized as central to diagnosing treeline sensitivity and responses to
climate change [11]. Physiognomic trait mapping has lagged behind in the Himalayas, due
to the limited adoption of LiDAR and trait-oriented workflows. Early efforts demonstrated
the feasibility of species-level mapping in Himalayan treeline ecotones using UAV-based
RGB imagery [29], yet they were constrained by the lack of 3D structural information.
More recently, a study in the Italian Alps used UAV (Unoccupied Aerial Vehicle) pho-
togrammetry to extract crown traits, underscoring the value of a single-tree approach
for exploring spatial turnover and facilitation—competition dynamics [30]. While UAV
photogrammetry is efficient in mapping areas lacking vegetation cover [31], it is limited
in complex forests, as it cannot penetrate canopy layers and often produces lower-fidelity
point clouds—particularly in tall, dense, or high-relief environments [32,33].

UAV LiDAR overcomes these limitations by capturing dense, vertically resolved point
clouds that preserve canopy structure, crown geometry, and terrain detail even in steep,
discontinuous forests [34,35]. It balances resolution and spatial coverage, retains vertical
detail, and enables single-tree detection in steep, discontinuous terrain—traits that are
critical for studying Himalayan treelines. Although LiDAR generally improves canopy-
layer characterization relative to photogrammetry, limitations are most pronounced in
continuous, closed-canopy forests and for understory/ground retrieval; these constraints
are less influential in the discontinuous treeline stands. Therefore, this study leverages
UAV LiDAR to address three interrelated questions using two complementary information
products, CHM-based canopy height/cover metrics for treeline threshold detection and
point cloud/crown-based 3D structural + intensity features for individual tree delineation
and species mapping: (i) How do canopy height and vegetation stature vary across an
elevational gradient spanning the treeline? (ii) Is the treeline characterized by an abrupt
or gradual structural transition and can this be quantified using CHM-derived metrics?
(iif) Do species distributions and crown morphologies reflect ordered elevational turnover
(species zonation) along the gradient and how accurately can they be classified using
LiDAR-derived features? The goal is not regional treeline mapping, but a transferable,
crown-resolved workflow demonstrated at a benchmark Himalayan treeline site spanning
the full ecotone.
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2. Methods
2.1. Study Site

The study was conducted in the Manang Valley, located within the Annapurna Conser-
vation Area (ACA) of central Nepal. The site lies on the northern slopes of the Annapurna
range in the Manang District, at approximately 28.62°N latitude and 84.09°E longitude
(Figure 1a). Geographically, the region falls within the Trans-Himalayas, a rain-shadow
zone that receives around 840 mm annual rainfall [36], which is considerably less than the
southern slopes of the Himalayas due to the orographic barrier of the Annapurna massif.
This creates a semi-arid alpine environment with rugged terrain and sharp elevational
gradients that strongly shape vegetation distribution and treeline dynamics. The site was
selected for its pronounced treeline expression, logistical accessibility for UAV and ground
surveys, and the absence of obvious recent disturbance indicators during reconnaissance
(e.g., fresh stumps/lopping, burn scars, heavily trampled grazing trails). Disturbance
context was further evaluated through consultations with local residents and conservation

personnel; these qualitative observations are reported here because site-specific disturbance
inventories are not available for this location [37].

Figure 1. (a) Location of the Humde (Manang) study site in Nepal, central Himalayas, (b) oblique field
photograph of the mapped area, indicating dominant taxa, (c) high-resolution digital terrain model
showing elevational gradient, and (d) quadcopter platform and sensor used for data acquisition.

The total mapped area covered by the UAV-LIDAR survey was approximately
0.46 km?, with elevation ranging from 3504 m to 4119 m above sea level (Figure 1c). Along
this elevational gradient, the three dominant canopy-forming taxa were Pinus wallichiana,
Abies spectabilis, and Betula utilis (Figure 1b), which are widely reported components of
Nepal’s treeline forests [38]. With increasing elevation, Pinus became progressively inter-
spersed and eventually replaced by Abies (Himalayan Silver Fir). At higher elevations,
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Abies spectabilis was gradually mixed with, and then completely supplanted by, Betula
(Himalayan Birch), marking the upper limits of forest growth near the treeline ecotone.
These shifts in species composition across elevation reflect both ecological zonation and
physiological constraints imposed by altitude and climate [39]. The only subcanopy or un-
derstory woody species recorded during field validation was Rhododendron anthopogon,
which was restricted to a narrow elevational band between 3800 and 4000 m.

2.2. Data Sources
2.2.1. Field-Based Measurements

Field vegetation data were collected on 22 June 2025, concurrently with the UAV-
LiDAR flights over the same area to provide ecological context and ground-truthing for the
remote sensing data. Data were collected at 78 locations distributed along the elevational
gradient using an elevationally stratified design to ensure representation from the upper
treeline zone to the lower forest (Figure 2). At each location, a focal tree was selected
randomly from the trees within a small neighborhood of the point (e.g., nearest tree
meeting the inclusion criteria) and species identity, height, and DBH were recorded. The
target number of locations was established prior to fieldwork based on the time available
and the goal of sampling across elevation bands; locations were adjusted in the field only
where access or safety in steep terrain prevented reaching the planned point. In addition
to these individual tree measurements, observations were made regarding the dominant
surrounding vegetation life form, vegetation species, local slope condition, species diversity,
and the presence or absence of understory vegetation. At each site, oblique photographs
were also taken using a handheld camera to visually document vegetation structure and
site conditions (e.g., Figure 3).

" ® Field measurement
Canopy Height (m)
20.3

4 Canopy
Lo height (m)

21.92

Meters . 0

0.02

Figure 2. (a) Site-wide canopy height model; red circles mark in situ data collection locations
distributed along the elevational transect, (b,c) show zoomed example in the upper slope and
mid-slope areas.
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Figure 3. Side-by-side views of field oblique photographs and co-located UAV-LiDAR point
clouds at two representative sites: (a) oblique field photo at Site 15 (high-elevation treeline; see
Figure 2b); (b) corresponding LiDAR point cloud colored by height/elevation; (c) oblique field photo
at Site 25 (mid-elevation forest; see Figure 2c); (d) corresponding LiDAR point cloud colored by
height/elevation. The paired panels highlight how in situ conditions relate to 3D canopy structure;
the ranging pole provides scale.

2.2.2. UAV-LiDAR Data Collection and Processing

The LiDAR data were collected using a DJI Matrice 350 quadcopter equipped with a
Zenmuse L2 and a discrete return LiDAR sensor (Figure 1d). A Trimble R12 GNSS base
station was set up near the launch site, logging data at 1 s intervals throughout the survey.
Five flights were conducted between 12:13 PM and 2:31 PM. Each flight was performed at
a speed of 3 m/s using terrain-follow mode to maintain a consistent height of 40 m above
ground level. The Zenmuse L2 operated in repetitive scan mode with a pulse repetition
rate of 240 kHz and recorded up to five discrete returns (penta-return) per pulse. The
sensor also featured a 20-megapixel RGB camera that acquired overlapping imagery used
to colorize the point cloud.

The raw LiDAR and GNSS base data were processed using a post-processed kinematic
(PPK) workflow to generate a high-density point cloud covering the full study area. Point
clouds were generated at full resolution (100%), with the ground-type parameter set to
“steep slope” to better account for the mountainous terrain [40]. The final processed LAS
dataset had an average point density of 2516 points per square meter.

Initial visualization revealed high data quality, with only minor noise from a few mis-
classified points above the canopy, which were manually removed. Ground classification
was then performed using the Cloth Simulation Filter (CSF) algorithm, which is effective
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in complex terrain [41]. The classified ground returns were interpolated using adaptive
triangulation to produce a 0.3 m resolution digital terrain model (DTM). Simultaneously,
first-return points were interpolated to create a Digital Surface Model (DSM). Subtracting
the DTM from the DSM yielded a high-resolution canopy height model (CHM), enabling
fine-scale analysis of vegetation structure. The CHM is a gridded (2.5D) derivative of the
3D point cloud and is used here specifically for canopy-height summaries and tree-cover
estimation, whereas crown delineation and species classification use the full 3D point cloud.

2.3. Segmented Regression to Detect the Treeline Breakpoint

To identify the elevation at which forest structure transitions sharply—corresponding
to the ecological treeline—a segmented (piecewise) linear regression was fit to tree-cover
estimates derived from the CHM. Tree cover was defined as the proportion of pixels
exceeding 2 m in height within 10 m elevation bins created using the CHM. To capture
nonlinear shifts, this study fitted a piecewise linear model with a single breakpoint using a
custom function in R:

kix + by Jfx < x
flx) =
kzX+(k1—k2)Xo+b1 jfoX()

where x represents the estimated breakpoint elevation. The coefficients k1 and k; denote
the slopes of the linear segments before and after the breakpoint, respectively, and by is
the intercept of the first segment. This formulation ensures continuity at the breakpoint
by adjusting the intercept of the second segment accordingly. A difference between k;
and k; indicates a shift in the rate of canopy-cover change across the treeline ecotone.
Parameter fitting was performed using nonlinear least squares with initial guesses based on
visual inspection of tree-cover trends. This approach captures potential threshold dynamics
indicative of treeline boundaries.

2.4. Individual Tree Segmentation

Individual trees were delineated in LIDAR360 using the individual tree segmentation
workflow applied to a height-normalized LiDAR point cloud. The method detects candidate
treetops as local maxima and delineates crowns by expanding from each seed through
a region-growing procedure constrained by local neighborhood geometry and vertical
continuity of the 3D point distribution [42,43]. To ensure stable segmentation across the
steep elevational gradient, multiple parameter sets were tested and compared across low-,
mid-, and near-treeline zones. The final parameterization used a 0.4 m grid size, a 10-pixel
buffer, and a 2 m height-above-ground threshold to exclude low vegetation. A Gaussian
smoothing filter (o = 0.3; radius = 5 pixels) was applied to reduce spurious local maxima
and suppress over-segmentation in dense conifer stands. This configuration minimized
crown splitting in closed-canopy areas while preserving narrow and isolated crowns near
the treeline.

Following segmentation, crowns were optionally summarized at the stand scale by
aggregating adjacent crown polygons whose boundaries touched or whose centroids were
separated by <2 m. Small groups below a minimum mapping threshold were removed,
and remaining groups were merged to form contiguous stand units. Species classification
was performed at the individual-tree level; stand-scale summaries (e.g., height statistics,
crown area, and species composition) were calculated for contextual visualization and
interpretation [44].
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2.5. Species Classification

Reference trees were identified and labeled in the Quick Terrain Modeler [45] using
field photographs, field observations, and high-resolution RGB imagery (Figure 4). In
total, 766 reference crowns representing the three dominant taxa (Pinus, Abies, and Betula)
were digitized as marker points and exported as an ESRI shapefile [46]. Training labels
were assigned by spatially linking markers to segmented crown centroids using a nearest-
neighbor match within a fixed distance tolerance (0.5 m). Where multiple markers linked
to the same crown or where the nearest match was ambiguous, records were excluded from
training to prioritize label fidelity.

Figure 4. RGB photograph from the onboard camera of the DJI Zenmuse L2 (used to colorize the
co-registered LiDAR point cloud) showing mapped tree species within a mixed stand. Circles indicate
crowns: blue = Pinus wallichiana (Pine), red = Abies spectabilis (Abies), and white = Betula utilis (Betula).
Symbols mark crown centers for visual reference (not to scale).

Species identity was predicted for each segmented crown using a supervised random-
forest classifier [47] trained on LiDAR-derived structural and radiometric features in R
statistical software (version 4.5.1) [48]. Predictors included crown geometry (e.g., height
and crown diameter), height-distribution summaries derived from within-crown returns
(e.g., mean height, median height, standard deviation, and upper-percentile heights), and
return-intensity statistics summarizing within-crown backscatter [44]. A canopy-occupancy
index, defined as the proportion of returns above the crown’s 90th percentile height
(i.e., within the upper 10% of the crown), was calculated to represent vertical foliage
concentration [49]. Tree identifiers and coordinates were retained for spatial joins and
mapping but were excluded from model fitting.

Model training and evaluation used stratified five-fold cross-validation to preserve
class proportions in each fold. Class imbalance was addressed using inverse-frequency
class weights. The random-forest model was fit with 800 trees; the number of candidate
variables at each split was set to mtry ~ /p (where p is the number of predictors used
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after screening). Performance was evaluated using a confusion matrix and class-wise
precision, recall, and F1, along with macro-averaged scores to summarize performance
across classes. Precision was defined as TP /(TP + FP), recall as TP /(TP + FN), and F1 as
2-(precision-recall) / (precision + recall), where TP, FP, and FN denote true positives, false
positives, and false negatives, respectively [50].

Predictor importance was quantified using permutation importance under cross-
validation [47]. For each fold, a baseline macro-F1 was computed on the held-out data; then
each predictor was permuted in the held-out fold (all other predictors unchanged) and
the resulting decrease in macro-F1 was recorded. Importance was reported as the mean
percentage-point drop in macro-F1 across folds [51].

2.6. Modeling Elevation Effects on Forest Structure and Species Turnover

Analyses were designed to quantify how forest structure and species composition
vary with elevation and to identify thresholds associated with treeline transitions. Here,
structural simplification is defined as an elevation-linked decline in canopy stature ac-
companied by a contraction in canopy-height variability (i.e., narrowing of CHM height
distributions) and decreasing tree cover. We quantify this using CHM summaries across
elevation bins (median and distributional spread visualized with box/violin plots) and
a segmented regression of tree cover (proportion of CHM pixels > 2 m) versus elevation
to identify a threshold associated with treeline transition. Canopy height trends were
summarized from the CHM using elevation bins (50 m across the full range, and 20 m
near the upper ecotone) to capture both gradual and abrupt changes in vegetation stature.
Boxplots and violin plots were used to visualize central tendencies and spread in canopy
height distributions. To locate the treeline, a segmented linear regression was fit to tree
cover (proportion of CHM pixels > 2 m) as a function of elevation. This model allowed esti-
mation of a breakpoint where canopy cover declined sharply, signaling the transition from
continuous forest to sparse subalpine vegetation. Tree species distributions were examined
by aggregating classified crowns across elevation. Elevation boxplots, empirical cumulative
distribution functions, and filled elevation series of species counts were used to describe
spatial turnover and niche separation among the three tree species. Because the dataset
represents a single-season survey, the observed pattern is interpreted as spatial elevational
turnover rather than temporal replacement or successional change. Species-specific crown
height patterns were summarized with binned means (+95% Cls) and smoothed medians
to assess how stature responds to elevation within each taxon.

3. Results
3.1. CHM-Based Elevation Patterns in Canopy Height

Across the full gradient, canopy height declined systematically with elevation. CHM
boxplots aggregated in 50 m bands (3500-4120 m) show a gradual decrease in medians
from ~7-9 m at lower elevations to <2 m in the highest bands (Figure 5a). Violin plots
emphasize both the shift in central tendency and the contraction of distributional spread
toward the upper ecotone. Finer-scale binning in the 40004120 m zone (20 m bands)
reveals an abrupt reduction in canopy stature: medians drop from ~7-8 m at 4000-4040 m
to ~0.5-1 m by 4060—4120 m, with narrow interquartile ranges indicative of low and uniform
vegetation (Figure 5b). These CHM summaries are consistent with a rapid transition from
forest to subalpine shrub or low-stature vegetation within ~60-80 m of vertical distance
above ~4000 m.
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Figure 5. (a) Canopy height by elevation in 50 m bins (3500-4120 m) showing gradual decline with
increasing elevation and (b) a sharper decline above ~4040 m is visible using 20 m bins and segmented
fit, indicating a distinct treeline transition.

3.2. CHM-Based Treeline Threshold and Sharpness

Segmented regression of tree cover (>2 m) vs. elevation identified a single interior
breakpoint at ~3995 m (Figure 6). Below the breakpoint, cover remained high and weakly
varying (0.85-0.92). Above the breakpoint, the fitted slope steepened dramatically, and
cover declined to near zero by ~4110 m. The location and slope change of this piecewise
fit align with the CHM distributional collapse in the 4000-4120 m window, indicating a
narrow and sharp treeline zone centered at ~3995 m. The estimated breakpoint aligns with
the visual and ecological definition of a treeline, where closed-canopy forest gives way to
isolated krummbholz and shrub-dominated zones. The model fit accurately captured the
two-phase pattern in canopy structure, with distinct slopes on either side of the breakpoint
and minimal residual variance.
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Figure 6. Segmented regression showing tree cover decline with elevation. A breakpoint at ~3995 m
(red dashed line) marks a sharp drop in cover, indicating the ecological treeline.
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3.3. Crown-Based Species Distribution Along Elevation

Results for watershed-based point cloud segmentation to detect individual trees
for the entire area is shown in Figure 7. Spatial analysis of these results considering
elevation revealed nuanced ecological patterns. Species summaries show a structured
shift in dominance with elevation, with distinct elevation ranges of peak occurrence for
each species. Boxplots of elevation by species display separated medians and limited
interquartile overlap, with Pine confined to lower elevations, Abies spanning intermediate
elevations, and Betula concentrated highest (Figure 8a). Empirical CDFs corroborate this
sequence: Pine reaches its upper quantiles by ~3650-3700 m, Abies accumulates through
mid-elevations, and Betula dominates above ~3850-3900 m (Figure 8b). Filled series of
tree counts by elevation further illustrate the turnover: Pine declines to near zero by the
mid-slope, Abies peaks mid-gradient and contracts rapidly near ~3900-4000 m, and Betula
increases sharply in the upper slope before declining in stature near the treeline (Figure 9b).

Figure 7. Individual tree detection and segmentation from LiDAR point cloud data, (a) tree-level
segmentation results for the entire study area, visualized by unique tree IDs, (b) RGB-colored point
cloud for a subset region (white rectangle in panel (a)) at lower elevation, (c) elevation-colored point
cloud for the same subset, highlighting topographic variation and (d) segmentation map of individual
trees within the subset area, showing distinct tree stands.
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Figure 8. (a) Elevation distribution of predicted tree species from segmented crowns, showing median
and interquartile ranges for Pine, Abies, and Betula and (b) cumulative elevation distribution functions
illustrate distinct elevational preferences.
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Figure 9. Tree height and abundance patterns by elevation and species, (a) mean tree height (+95% CI)
across elevation for each species, showing contrasting elevational trends. (b) Number of trees per 20 m
elevation bin, indicating species turnover with increasing elevation.

3.4. Species-Specific Height Responses to Elevation

Species-stratified binned means with 95% Cls and rolling medians indicate distinct
responses (Figure 9a). Pine shows a monotonic decline in height across its realized range.
Abies exhibits a mid-elevation maximum followed by tapering toward the upper limit.
Betula displays a hump-shaped pattern with a pronounced fall-off above ~3900-4000 m.
Together with the CHM summaries, these trends indicate strong elevation-driven simplifi-
cation of canopy stature in the upper ecotone.

3.5. Segmentation and Classification Performance

Individual tree segmentation produced tree stands (Figure 7a) across the full gra-
dient and enabled species mapping with associated class probabilities. The three-class
random-forest classifier achieved consistently high cross-validated performance: per-class
F1 typically ~0.82-0.90; Betula exhibited the highest precision (~0.9) with comparatively
lower recall (~0.7-0.8), whereas Pine and Abies showed balanced precision and recall in the
high 0.8 range (Figure 10). Macro-averaged scores and overall accuracy were similarly high.
These accuracies support the reliability of the mapped species patterns and the inferred
elevation responses.

https://doi.org/10.3390/1s18020309


https://doi.org/10.3390/rs18020309

Remote Sens. 2026, 18, 309 14 of 20

Metric
1.01 B Precision [ Recall [ Flscore

Score

Pine Abies Betula
Class

Figure 10. Precision, recall, and F1 scores for tree species classification across Pine, Abies, and Betula
classes.

The top 10 predictors show that return-intensity features dominate species discrim-
ination (Figure 11). Mean return intensity is most influential (12-13 pp drop), followed
by intensity SD (7 pp), indicating that absolute backscatter and within-crown hetero-
geneity provide the strongest separability among Pinus, Abies, and Betula. First-return
ratio contributes additional signal (2-3 pp), consistent with differences in canopy poros-
ity /branching that affect multi-return behavior. Elevation of crown center (TreePosZ) and
tree height add smaller but meaningful information (1 pp each), reflecting elevational
niches and stature. Crown diameter and height summaries (mean, median, SD, P95) have
modest effects (S1 pp), suggesting redundancy or weaker discrimination at this scale.

Mean return intensity (DN)

Return intensity SD (DN)

First-return ratio

TreePosZ(m)

Tree Height(m)

Crown Diameter(S-N)(m)

Mean height (m)

Median height (m)

Height standard deviation (m)

95th percentile height (m)

o

5 10
Drop in macro-F1 on permutation (percentage points)

Figure 11. Top 10 most influential features for tree species classification, based on mean decrease in
macro-F1 score from permutation importance analysis.

4. Discussion
4.1. Treeline Sharpness and Structural Thresholds

The results clearly reveal a narrow and sharp ecological treeline in the Manang Valley,
characterized by an abrupt decline in canopy height and tree-cover over a ~60-80 m vertical
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interval centered around 3995 m. Together, the CHM-based threshold detection and the
crown-level 3D species mapping provide complementary evidence for a sharp structural
transition coincident with elevational turnover in dominant taxa. In this study, treeline
sharpness is quantified as the rate of change in tree cover with elevation derived from
the piecewise (breakpoint) regression of vegetation cover (>2 m) vs. elevation (Figure 6).
Treeline narrowness is defined as the vertical span over which modeled tree cover declines
from high forest cover to near-zero cover; at this site, this transition occurs within ~60-80 m
of elevation (Figure 6), consistent with the concurrent collapse of CHM height distributions
in the same elevation window (Figure 5b). This aligns with previous reports of sharp
treeline transitions in parts of the Himalayas [12,13], yet contrasts with diffuse or patchy
forms observed elsewhere due to grazing, fire, or other anthropogenic disturbances [2].
The breakpoint model estimated the elevation of rapid cover decline, reinforcing the utility
of CHM-based methods for delineating treeline thresholds. Compared to previous satellite-
derived canopy cover models [21], the fine-scale LIDAR-derived CHM here allows a much
sharper localization of the structural transition. This sharpness in forest structure suggests
that microclimatic or physiological thresholds, rather than land-use legacies, dominate
treeline formation at this site. The narrow vertical interval over which both canopy height
and cover collapse points to strong ecological filtering mechanisms near the treeline, likely
driven by frost sensitivity, mechanical limitations, or short growing seasons that limit
tree recruitment and stature [52]. While direct climatic measurements (e.g., temperature,
frost frequency, or snow cover duration) were not available for this site, the inference of
microclimatic or physiological thresholds is supported by the abrupt structural collapse
observed in a relatively undisturbed landscape—patterns that are consistent with ecological
theory and previous treeline studies [53,54]. This limitation highlights the value of future
work integrating UAV LiDAR with in situ or modeled climate data to test mechanistic
drivers of treeline position and shift.

4.2. Elevation-Driven Simplification of Forest Structure

A consistent decline in canopy height with increasing elevation was observed across all
structural metrics. The uppermost elevation bands showed minimal vertical heterogeneity,
reduced canopy complexity, and low-stature vegetation—features that mirror trends seen
in both temperate and tropical treeline ecotones globally [55]. This pattern of simplification
is particularly pronounced in the final 100 m of vertical ascent, where interquartile spread
in CHM height narrows considerably. Such simplification is ecologically meaningful, as
it signals both loss of structural buffering capacity and increased exposure of vegetation
to abiotic stressors such as wind, frost, or radiation. While some degree of simplification
is expected with altitude, the fine-scale quantification presented here demonstrates that
changes in canopy height precede complete vegetation turnover, and may serve as an
early-warning indicator of biome transition.

4.3. Species Turnover and Niche Segregation

Species mapping based on LiDAR-derived crown traits shows a clear elevational
zonation sequence: Pinus wallichiana dominates at lower elevations, gives way to Abies
spectabilis mid-slope, and is replaced by Betula utilis near the upper treeline. The elevation-
specific distributions and height patterns of these species are consistent with their known
ecological tolerances—Betula, for instance, is more tolerant of cold and wind [36] and can
persist at higher elevations despite its shorter stature [10]. Such species turnover patterns
support niche segregation across elevation, with relatively sharp ecological boundaries.
Importantly, these results describe spatial turnover across elevation and are not interpreted
as temporal succession. Compared to previous field-only studies [12,36], this analysis offers
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a more spatially continuous and crown-resolved perspective, revealing individual-tree-level
responses to elevation rather than relying solely on plot-averaged data. Importantly, the
high classification accuracy achieved (~85-90% F1) suggests that LIDAR-derived structural
and intensity features carry strong taxonomic signal in these ecosystems—particularly the
backscatter intensity and its variability, which emerged as dominant predictors.

Beyond documenting treeline position, these results contribute a crown-resolved
benchmark for how abruptly structure and composition change across a Himalayan treeline
ecotone. Treeline theory predicts strong climatic constraint modulated by local exposure
and geomorphology, producing both abrupt and diffuse transition forms across mountain
systems [1,54,55]; the sharp breakpoint detected here aligns with the ‘threshold” end of
that spectrum. Recent remote-sensing studies have mapped treeline patterns using very-
high-resolution imagery in Alpine landscapes [30], but canopy-cover patterns alone do not
resolve vertical structure or crown-level attributes needed to interpret mechanistic changes
through the ecotone. In this study, UAV LiDAR enables simultaneous quantification of
height-distribution collapse and crown-level species zonation [11], and the permutation-
importance results indicate that return-intensity statistics provide substantial discrim-
inatory power alongside structural predictors—supporting the use of LiDAR-derived
radiometric and 3D features for species mapping in high-relief treeline terrain [43,44].

4.4. Methodological Insights and Constraints

UAV-borne LiDAR-enabled high-resolution characterization of treeline structure and
species distribution in steep Himalayan terrain bridges the gap between field plots and
satellite data. Despite these advantages, several methodological constraints remain. First,
the classification relied on crowns taller than 2 m, omitting seedlings and juvenile individu-
als that often mark the leading edge of treeline advance. This detection threshold limits
insight into incipient colonization processes, especially in upper subalpine zones where
vegetation expansion is reportedly dominated by saplings <1.5 m in height [5]. Future work
should explicitly focus on detecting and analyzing sub-canopy or seedling-scale vegetation
using either denser point clouds or supplementary data (e.g., multispectral imagery or
close-range photogrammetry). Second, the study area in Manang, located on the drier lee-
ward slopes of the Himalayas, has relatively low tree-species diversity compared to wetter,
south-facing flanks [56]. The effectiveness of this LIDAR-based approach—particularly
in terms of intensity-based species classification—needs to be tested in more floristically
complex settings where spectral or structural traits may overlap [11,29]. For instance, Betula
utilis showed lower classification accuracy compared to conifers, suggesting that current
trait-based models may underperform on broadleaf species with variable canopy archi-
tecture and backscatter response. Exploring alternative algorithms, such as deep learning
or transformer-based classifiers, may improve performance in such cases [30]. Finally,
UAV-LiDAR datasets are data-intensive—this study’s full-density point cloud exceeded
50 GB for a small region. While powerful, these systems are not yet suited for exhaustive
regional coverage. A more feasible future approach might involve targeted UAV-LiDAR
sampling in representative elevational bands or microclimatic zones, which can then inform
or calibrate broader-scale remote sensing models [1,30]. Integration with lower-density
airborne or satellite LIDAR (e.g., GEDI) could facilitate scalable monitoring, especially
when anchored by UAV-based structural baselines.

4.5. Implications for Monitoring Climate Sensitivity and Forecasting Treeline Shifts

Findings from this study have important implications for climate change detection
and forecasting in alpine environments. The observed simplification of structure, combined
with species turnover and height tapering, aligns with early indicators of climatic filtering.
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The narrow treeline transition zone (~60 m vertically) suggests that even small temperature
increases could enable significant upslope migration—provided microclimatic or substrate
constraints are not limiting. To monitor such changes, UAV LiDAR offers a scalable and
replicable method. However, future work should focus on detecting and characterizing
vegetation below the 2 m height threshold, where most colonization likely begins. Integra-
tion with repeat surveys, thermal or hyperspectral data, and microclimate models could
further enhance the ability to detect early-warning signs of treeline shift. Given the global
emphasis on biodiversity refugia and tipping points, especially in the Himalayas [1], such
trait-based, crown-level approaches may be central to early detection systems for alpine
biome reorganization. It is also worth noting that while this study focuses on structural
and compositional shifts, the role of biotic interactions such as facilitation or competitive
exclusion [57] remains an underexplored but critical factor influencing treeline dynamics.

5. Summary

This study highlights the value of UAV LiDAR for detecting fine-scale structural
transitions and species turnover at treeline ecotone in the central Himalayas. In the Manang
Valley, results reveal a sharp ecological treeline—marked by abrupt declines in canopy
height and cover within a narrow ~60 m vertical band—indicating strong filtering mech-
anisms near the forest-alpine boundary. The high-resolution CHM enabled precise de-
lineation of this transition, offering sharper localization than previous satellite-derived
canopy models. Species-level mapping showed a clear elevational turnover from Pinus to
Abies to Betula, aligning with known ecological tolerances and reflecting niche segregation
along the gradient. Structural simplification with increasing elevation, including reduced
height and vertical heterogeneity, was especially pronounced in upper bands—serving as
an early signal of climatic filtering and biome transition. Compared to plot-based or coarse
satellite studies, this crown-level approach captures spatially continuous and ecologically
relevant patterns.

High classification accuracy using LiDAR intensity and structural traits underscores
the method’s potential for species-level monitoring in rugged terrain. Yet, key limitations
remain: the >2 m crown threshold excludes seedlings and juveniles, single-date data
preclude temporal trends, and model performance in more diverse or wetter Himalayan
zones is untested. High data volume also limits scalability across large areas. Future
efforts should target lower-stature vegetation, incorporate repeat acquisitions, and test
generalizability across regions with higher species richness. Combining UAV LiDAR with
microclimate, hyperspectral, or broader-scale LIDAR products may enhance early-warning
systems for treeline advance. As Himalayan treelines face increasing climate pressure,
trait-based, high-resolution monitoring offers a crucial tool for anticipating ecosystem
tipping points and informing conservation strategies.
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