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Abstract

Large trees disproportionately contribute to biomass storage, habitat structure,
and ecosystem functioning. However, their distribution and health dynamics
remain poorly quantified at a regional scale. Here, a deep learning model (U-
Net-ID) and canopy height models derived from sub-meter aerial imagery from
2020 were used to delineate all individual trees with crown area > 100 m? across
the Sierra Nevada Floristic Province. The model was trained using more than
3.3 million synthetic tree crowns and achieved a median IoU of 0.602 when vali-
dated against an independent dataset of 20,273 crowns. A total of 6,515,705 large
trees were mapped, occurring across approximately 78.7% of the Sierra Nevada
Floristic Province. The spatial distribution of large trees showed associations



with elevation, temperature, and precipitation. Using Sentinel-2 time series from
2020 to 2025, tree health dynamics were characterized by extracting spectral
trajectories for each crown and applying BFAST breakpoint detection algorithm
combined with a disturbance classification framework to identify mortality, dis-
turbance, and recovery trajectories of individual trees. Wildfires, estimated from
CAL FIRE fire perimeters, were identified as the dominant driver of large-tree
mortality, killing 10% of all large trees in the Sierra Nevada, with mortality
strongly concentrated during the extreme 2020-2021 fire seasons.

Keywords: Giant sequoia; Individual tree delineation; Deep learning; Sentinel-2 MSI;
Wildfire; Tree mortality

1 Introduction

California State has exceptional ecological importance, with over 6,500 native vascular
plant species, >25% of which are endemic, and contains a major biotic region, the Cal-
ifornia Floristic Province, one of the 35 world’s biodiversity hotspots [1-4]. The Sierra
Nevada Mountains Floristic Province covers ~16% of California and spans approx-
imately 620 km from the southern Cascades to the Tehachapi Mountains, covering
~65,582 km?. Most of it lies within the California Floristic Province, particularly on
the western slopes and foothills, which host a high diversity of native plant species,
while eastern high-elevation zones transition into the Great Basin Floristic Province
[5]. Elevations range from 150 m in the western foothills to 4,421 m at Mount Whitney
(the highest peak in the contiguous United States), with steep eastern escarpments
and rugged western slopes. Vegetation is mainly composed of mixed-conifer forests [6],
and it is home to some of the largest and most iconic tree species on Earth: the giant
sequoias (Sequoiadendron giganteum), which are endemic to the western slope of the
Sierra Nevada [7, 8]. The giant sequoias have remarkable longevity, with individuals
reaching 3,200 years or more, and remarkable size, e.g., the General Sherman Tree is
known to be the current largest known tree on Earth, with 1,486.6 m? and a weight
of nearly 1,400 Mg [8, 9].

In addition to Sequoiadendron giganteum, Sierra Nevada are also home to many
other very large tree species that can commonly reach more than 30-40 m, such as
ponderosa pine (Pinus ponderosa), Jeffrey pine (Pinus jeffreyi), sugar pine (Pinus
lambertiana), Western White pine (Pinus monticola), incense cedar(Calocedrus decur-
rens), California red fir (Abies magnifica), Sierra white fir (Abies lowiana) or Common
Douglas-fir (Pseudotsuga menziesii), which together contribute to the high above-
ground biomass and carbon storage observed across Sierra Nevada forests [7, 8§].
Regional biomass mean density can range from 92.4 to 199.2 Mg.ha™*, reach close to
500 Mg.ha=! in the highest range of canopy cover and height [10], and the highest
values are observed in giant sequoia stands, with reported AGB reaching up to 2,683
Mg.ha=" [11]. Large trees are a key element of natural forest ecosystems, dispropor-
tionately producing and storing biomass, shaping habitat structure, and supporting



biodiversity [12-14]. The endemism and abundance of large trees are among the key
reasons why the Sierra Nevada is such an important region for conservation.

However, Sierra Nevada forests are under threat. It includes decline of the number
of large trees in last decades [15] and decrease in carbon sequestration [16]. These
forests experience increasing climatic stress such as drought and glacier disappearance
[17]. They show increasing vulnerability to disturbances caused by drought stress,
insect infestation such as bark beetle outbreaks, and wildfires [9, 18, 19]. For example
in 2020 and 2021, high-severity fire events have occurred in the Sierra Nevada with
disastrous consequences for the forests, even if fire is usually considered as a normal
component of those ecosystems [20-25]. For example, while recent evidence has shown
that prescribed burns can reduce giant sequoia mortality [26], it has been reported that
around 17.6% of all large giant Sequoia trees died due to fire since 1984, and most of
this mortality, ~80%, occurred during the 2020 and 2021 fire events [9]. Furthermore,
higher tree density surrounding giant sequoias has been associated with increased
mortality following wildfire in field-plot studies [27]. Consequently, urgent efforts are
needed to allow efficient forest conservation and management and adapt to those new
threads at scale.

Field inventories remain the standard approach for monitoring individual trees
and assessing their health status. However, field data acquisition is labor intensive,
spatially limited, and difficult to maintain over large areas (such as the Sierra Nevada)
and long periods of time. As a result, increasing efforts have recently been made to
monitor individual trees using airborne and satellite remote sensing.

Recent studies have highlighted the capacity of remote sensing to monitor forest
mortality and disturbances. Using NAIP imagery for 2020, Cheng et al. [28] estimated
91.4 million dead trees across 27.8 million hectares of vegetation in California (includ-
ing the Sierra Nevada), with 60% of mortality occurring in small groups of three trees
or fewer within 30 x 30 m grids, a pattern often missed by conventional monitoring.
Similarly, multi-year canopy height differences (2019-2020 and 2020-2021) showed
that wildfire accounted for more than 60% of large forest disturbances in California
[29]. Using monthly ~5 m forest cover maps between 2020 and 2022, Carter et al. [30]
found that the Sierra Nevada experienced the highest loss rates, with 21.4% of forest
area disturbed between 2020 and 2021. Using PlanetScope, Dixon et al. [24] demon-
strated that time series and deep learning can detect heterogeneous patterns of tree
survival and mortality at 3 m resolution following large California wildfires. More
recently, Dixon et al. [26] mapped giant sequoia mortality using PlanetScope imagery
across 19 groves in Sequoia and Kings Canyon National Parks following the 2020 Cas-
tle and 2021 KNP Complex wildfires. Current monitoring approaches typically fall
into two categories: (i) very high-resolution, static or temporally sparse individual-
tree mapping from VHR imagery such as NAIP [28, 31], and (ii) medium-resolution,
high-frequency satellite products (e.g., Sentinel-2, PlanetScope, Landsat) that capture
temporal dynamics but mainly at stand scale [24, 26, 29, 30]. This creates a scale
mismatch between spatially explicit individual tree detection and temporally dense
monitoring of forest change. Here, we aim to bridge this gap by combining large-scale
individual tree mapping (crown > 100 m?) from NAIP-derived canopy height models
[32] with their associated temporally dense Sentinel-2 observations at 10 m resolution.



To perform tree delineation in VHR canopy height models with high object den-
sities, such as our Sierra Nevada CHM, the U-Net-ID model is particularly well
suited [33]. It directly predicts binary inner-segment masks corresponding to tree
crowns eroded by one pixel, enabling each crown to be represented as a unique inner
region without any explicit instance-separation step. Unlike Mask R-CNN and related
approaches [34-38], it does not rely on bounding boxes or anchor definitions, which
can become limiting in dense forest scenes. In contrast to Deep Watershed Transform
methods [28, 39], individual trees are directly encoded in the binary mask and can
be extracted using simple polygonization post-processing, avoiding watershed recon-
struction and manually tuned thresholds. This formulation makes the approach highly
scalable for large remote-sensing mosaics with variable and high canopy densities,
while also simplifying the learning problem into a standard semantic segmentation
task that is already well resolved in deep learning with models like U-nets [40].

Once all large individual tree crowns are delineated, the temporal signal from
Sentinel-2 can be extracted and used for classical time-series analyses to detect trends
and abrupt changes, such as with BFAST [41, 42]. BFAST and its extensions have been
used for large-scale forest disturbance monitoring with Sentinel-2, enabling the detec-
tion of changes in forest condition resulting from disturbances such as deforestation or
bark beetle outbreaks [43, 44]. Sentinel-2, alone or in combination with other sensors,
has also been successfully used to map tree species across large regions and ecological
domains. For example, Sentinel-2 time series, in association or not with other sen-
sors, have been used combined with deep learning to detect conspicuous tree species
across their entire distribution range [45, 46]. These studies suggest that Sentinel-2
time series contain information to monitor the condition and disturbance history of
individual large trees once their crowns have been delineated.

In this work, we present (i) a wall-to-wall map of large-tree density across the Sierra
Nevada Floristic Province, derived using a U-Net-ID deep learning model adapted for
individual tree segmentation from canopy height models. The model was trained using
synthetic data and applied to an existing 2020 Sierra Nevada canopy height model.
Segmentation performance was evaluated using independent polygon datasets com-
prising 20,273 giant sequoia trees. We also analyze the relationships between large-tree
distribution and key environmental variables. We then (ii) analyze the health sta-
tus of all large trees (i.e., crown area > 100 m?) across the Sierra Nevada over the
period 2020-2025 using BFAST time-series analysis and a disturbance-based classi-
fication derived from Sentinel-2 time series. This remote-sensing-based classification
is validated against field observations of live/dead status. Finally, (iii) we provide a
regional map of tree health status and quantify the role of fire in driving disturbance
and mortality patterns across the Sierra Nevada.

2 Results

2.1 Validation of the individual tree delineation model

Among the 20,273 field-delineated Sequoias polygons, only one did not intersect with a
polygon from our CHM-based crown delineation (detection rate > 99.99%). Compar-
ison between the field-delineated crown areas and the intersecting predicted polygons
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Fig. 1 Comparison of predicted versus observed crown area (m?) for the 20,273 Sequoia trees with
observed polygons delineated manually from CHM derived from LiDAR 2015/2016 data based on
field GPS coordinates (1 polygon had no intersection). The 1:1 line is depicted in dashed gray. A
tendency curve based on LOESS smoothing is shown to illustrate the relationship between observed
and predicted crown area.

with the most similar size showed that our method tends to underestimate crown area
overall, Fig. 1. The comparison resulted in an RMSE of 85.53 m?, a Pearson correlation
coefficient of 0.660, and a mean bias (predicted minus observed area) of -60.26 m?.

Cases where the observed polygon area exceeded 300 m? while the predicted poly-
gon area remained below 100 m? were generally associated with oversegmentation of
crowns or smaller detected polygons. Conversely, for predicted polygons larger than
400 m?, slight undersegmentation was observed, typically corresponding to the merging
of two neighboring crowns, but rarely more than two.

Examples of Sequoias segmentation are presented in Fig. 2 and show, despite the
systematic bias in size and some slight displacement, a good agreement between man-
ual and U-Net-ID delineation. Note that the drawn polygon by hand can be larger



than the real crown, Fig. 2a. As the trees are on slopes, there can be a slight misalign-
ment between the observed field data and the predicted crown delineated from CHM

image, Fig. 2b.
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Fig. 2 Example of validation images for giant sequoia trees with manual delineation in blue and the
U-Net-ID-based delineation in red.
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Fig. 3 Distance between the predicted and observed tree polygon centroids for the 20,272 Sequoia
trees with a predicted polygon (a), and distribution of the Intersection over Union (IoU) between
predicted and observed Sequoia polygons after centroid alignment (n=20,272) (b). Centroids were
aligned to account for small geolocation errors between intersected predicted and observed polygons.

The median distance between observed and predicted Sequoias polygons centroids
is 3.2 m (percentile 2.5-97.5: 0.54-10.64 m), Fig. 3a. This misalignment substantially



affects the Intersection over Union (IoU). Without centroid alignment, the mean and
median IoU were 0.405 and 0.399, respectively, compared with 0.572 and 0.602 after
alignment. Following centroid alignment, 50% of the predicted crowns had an IoU
above 0.602 (Fig. 3b). After accounting for centroid alignment offset, the results indi-
cate an improved agreement between predicted and observed crowns, supporting the
robustness of the U-net-id delineation approach.

2.2 Distribution of large tree crowns across the Sierra Nevada

We identified a total of 6,515,705 large tree crowns (> 100 m?) distributed across
approximately 78.7% of the Sierra Nevada Floristic Province (Fig. 4). Their spatial
distribution is heterogeneous, with most areas (~98%) exhibiting low densities (0-5
trees ha=!) and localized clusters reaching up to ~20 trees ha~!. Higher densities are
primarily concentrated in mid-elevation forested bands along the western slope, while
large portions of the southern and eastern regions show sparse distributions, with an
almost complete absence of large crowns at the highest elevations (mainly along the
eastern border) and lowest elevations (mainly in the west). Most of the Sequoias groves
are located in the southern Sierra Nevada and show mean densities ranging from 0.08
to 10.60 trees ha~1.

Some patterns appear in the association between large tree density and environ-
mental and climate variables, Figure 5. Higher densities are observed for elevation
ranging from 600 to 1700 m, and the ratio between large tree pixels and available
pixels reaches a maximum around 1250 m, Figure 5a. Above 1700 m, large tree den-
sity gradually diminishes until reaching zero. Regarding slope, the distribution across
classes is relatively similar to the general distribution of slope in the Sierra Nevada,
Figure 5b. For orientation, there is a slight difference, with slightly more large tree
pixels on north-facing slopes and slightly fewer on east-facing slopes, Figure 5c. For
precipitation, there is a ratio above 1 for all classes above 800 mm, indicating that
more large trees are observed where precipitation is higher, Figure 5d. For minimum
temperature, there is a ratio above 1 for all classes between 2.2 and 9 °C, Figure 5e. For
maximum temperature, Figure 5f, the pattern is very similar to elevation, indicating
that they may carry similar information, with higher densities observed for maximum
temperature ranging from 16 to 22 °C and a peak of densities between 19 and 20 °C.

2.3 Validation of the remotely sensed disturbance indices

Our dataset of large crown intersect with 1015 sequoias (amongst 3036) which have
been monitored for health status after the 2020 Castle Fire and the 2021 Windy
and KNP Complex fires [47]. These 1015 Ground-based observations of alive and
dead status show a good overall agreement with our satellite-derived classifications of
health status, Table 1. The alive and alive_with_breakpoint (bkpt) classes exhibit a
high consistency with field observations, with 96.7% and 95.3% of cases, respectively
corresponding to ground truth. For these two classes the ndvi remains the same during
the complete time series.

The bkpt_ndvi_sup80 (3) class presents a more mixed signal, with 62.0% alive and
38.0% dead, reflecting intermediate canopy disturbance conditions, and that that a
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Fig. 4 Distribution of the 6,515,705 tree crowns > 100 m? delineated with the U-Net-ID model in
the Sierra Nevada.

quick recovery of the ndvi (more than 80% of the pre-fire ndvi) is positively associated
with survival.

The bkpt_ndvi_inf80 (4) class shows a strong association with mortality, with 72.0%
of cases classified as dead in ground-based observations, indicating that low NDVI
breakpoint conditions are a strong indicator of mortality. The dead (6) class aligns with
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Fig. 5 Proportion of all Sierra Nevada pixels or pixels containing large trees across classes of envi-
ronmental and climatic variables: (a) elevation (m), (b) slope (°), (c) slope orientation (North, East,
South, West), (d) mean annual precipitation (mm yr—1), (e) annual mean minimum temperature
(°C), and (f) annual mean maximum temperature (°C). For elevation and precipitation, class values
on the x-axis represent class means to ease visualization. Values of the ratio of observed (large trees)
over expected (available area) equal to 1 indicate a uniform representation, values above 1 indicate
over-representation of large trees, and values below 1 indicate under-representation.

field observations in 68.9% of cases, while 31.1% of pixels remain classified as alive,
suggesting residual spectral or structural signal in standing dead trees or classification
uncertainty.

The permanent_alteration (5) class is predominantly associated with alive obser-
vations (88.9%), indicating that structural change does not necessarily correspond to
mortality. Finally, the already_dead_or_not_sequoia (0) class is mostly consistent with
dead observations (75.0%), as expected given its definition.

Overall, results highlight strong separability between intact canopy conditions
and high-confidence mortality signals, while intermediate breakpoints classes capture
transitional or mixed structural states.



Ground based observations

Alive Dead

Satellite based observation

alive (1) 202 (96.7%) 7 (3.3%)
alive_with_bkpt (2) 142 (95.3%) 7 (4.7%)
bkpt_ndvi_sup80 (3) 57 (62.0%) 35 (38.0%)
bkpt_ndvi_inf80 (4) 142 (28.0%) 365 (72.0%)
dead (6) 14 (31.1%) 31 (68.9%)
permanent_alteration (5) 8 (88.9%) 1 (11.1%)
already-dead_or_not_sequoia (0) 1 (25.0%) 3 (75.0%)
Total 566 (55.8%) 449 (44.2%)

Table 1 Ground-based observations of giant sequoia mortality
compared to our remotely sensed classification of tree crown (> 100
m?2) status classes for the 1,015 intersecting trees between both
datasets.

2.4 Geographical distribution of large-tree disturbances in the
Sierra Nevada and their relation to recent fires

The distribution of health status classes for tree crowns larger than 100 m? in the Sierra
Nevada has seen by remote sensing show clear spatial patterns, Fig 6a. Large trees
classified as alive, form a nearly continuous distribution along the mountain range.
Areas with large trees affected by disturbances were concentrated in localized clusters
where breakpoint detections and mortality classes were more frequent. Trees classified
as dead represented the third visible class proportion of the total population and were
primarily associated with regions that have experienced strong spectral changes.

Comparison with the fire occurrence map for the 2020-2025 period reveals a strong
spatial correspondence between disturbance classes and areas affected by recent wild-
fires, Fig 6b. Regions with high densities of breakpoint detections, reduced NDVI
recovery, and tree mortality overlapped with fire perimeters, in the northern Sierra
Nevada and in several large fire complexes in the central and southern portions of the
range. Substantial numbers of large trees remained classified as alive within burned
areas, indicating heterogeneous fire impacts and varying levels of post-fire canopy
persistence or overestimation of the fire perimeters.

Over the period 2020-2025, total fire perimeter covered 9977.758 km?, with most of
the fire concentrated in 2020 and 2021, accounting for 39.91% and 46.86%, respectively,
for a total of 86.75%. The eight largest fires occurred in 2020 and 2021, Fig 6b, and
1,355,019 tree crown observations in burned areas were observed during the 2020-2021
period (87.93%).

Outside fire perimeters, large trees were mostly classified as alive, suggesting that
wildfire is the dominant driver of recent large-tree mortality and canopy alteration
detected by our analysis. The overall pattern highlights the concentration of recent dis-
turbances within major fire while confirming the persistence of extensive populations
of large trees across much of the Sierra Nevada.

Of the 6.52 million large tree crowns identified across the Sierra Nevada, 1.54
million (23.6%) were located within CAL FIRE fire polygons from 2020-2025 (Table
2 and Fig 6).

10



(b)
40 40
39 39
a
38 38 P g i
- 4 *
* CREEK
e “
E
37 37
KNP Complex x \

36 36

Alive No Fire during 2020-2025

= Alive, breakpoint, no NDVI change = Fire in 2020
Breakpoint and >80% NDVI recovery = Fire in 2021
Breakpoint and <80% NDVI recovery = Fire in 2022 e
= Dead = Fire in 2023 4
35 = Permanent alteration 35 F!re !n 2024
Fire in 2025 @
-121 -120 -119 -118 -121 -120 -119 -118

Fig. 6 Alive, disturbed and dead status classes of tree crowns > 100 m?2 in the Sierra Nevada with
similar spectral characteristics as the sequoias (a). To ease visualization, pixel values represent the
most represented class at 500 m spatial resolution. (b) Fire occurrence during the 2020-2025 period
in the Sierra Nevada at 500 m spatial resolution for the pixel that contains at least one tree crowns
> 100 m?2. The names of the eight largest fires, that all occurred in 2020 and 2021, are displayed.

Most crowns were classified as alive or alive with a breakpoint but no detectable
NDVI change, representing 3.76 million (57.7%) and 0.81 million (12.5%) crowns,
respectively. The vast majority of these crowns occurred outside burned areas (92.8%
and 81.3%, respectively). Nevertheless, trees belonging to these two remotely sensed
alive classes remained common within fire perimeters, accounting for 271,755 and
152,017 crowns, respectively, representing 27.5% of all large tree crowns located within
burned areas.

Classes of disturbance were more concentrated within burned areas. Crowns clas-
sified as breakpoint with less than 80% NDVI recovery (750,148 crowns) showed the
strongest association with wildfire, with 92.4% occurring inside fire polygons. Similarly,
79.6% of crowns classified as dead were located within burned areas. The break-
point with greater than 80% NDVI recovery class exhibited an intermediate pattern,

11



Table 2 Large tree crown health status estimated from remote sensing and their distribution
within CAL FIRE fire perimeters.

Class Class ID Burned (N, %row, %col) Unburned (N, %row, %col) | Total (N)
alive 1 271755 (7.23%, 17.63%) 3486934 (92.77%, 70.09%) 3758689
alive_with_bkp 2 152017 (18.71%, 9.86%) 660432 (81.29%, 13.28%) 812449
bkp_sup80 3 152543 (59.61%, 9.9%) 103346 (40.39%, 2.08%) 255889
bkp_-inf80 4 692992 (92.38%, 44.97%) 57156 (7.62%, 1.15%) 750148
dead 6 146775 (79.61%, 9.52%) 37591 (20.39%, 0.76%) 184366
permanent_alteration 5 20576 (37%, 1.34%) 35029 (63%, 0.7%) 55605
previous_dead_or_diff 0 103376 (14.96%, 6.71%) 587426 (85.04%, 11.81%) 690802
not_enough_data 255 990 (12.76%, 0.06%) 6767 (87.24%, 0.14%) 7757
TOTAL 1541024 4974681 6515705

with 59.6% of crowns occurring within fire perimeters, suggesting substantial post-fire
recovery in some locations.

The composition of burned areas further highlights the dominant effect of wild-
fire on large-tree health conditions seen by remote sensing. Within fire polygons, the
breakpoint with less than 80% NDVTI recovery class represented the largest category
(45.0% of all crowns in burn perimeter), followed by live trees (17.6%), breakpoint with
greater than 80% NDVI recovery (9.9%), and dead trees (9.5%). In contrast, unburned
areas were dominated by live tree classes (alive and alive with breakpoints), which
accounted for 70.1% and 13.3% respectively of all crowns outside fire perimeters.

These results indicate that recent wildfire is the primary driver of large-tree canopy
alteration and mortality across the Sierra Nevada. The classes most strongly associated
with severe decline, namely dead and breakpoint with less than 80% NDVI recovery,
were mainly concentrated within burned areas, where they represented 146,775 and
692,992 crowns, respectively.

Assuming that respectively 31.1% and 28% of crowns assigned to the dead and
breakpoint with less than 80% NDVI recovery classes are in fact alive on the ground as
observed in the field validation dataset, and that 38% of crowns assigned to breakpoint
with more than 80% NDVI recovery class are actually dead (Table 1), this would
translate to approximately 660,000 large tree crowns within burned areas that are very
likely dead. This is ~ 10.1% of the Sierra Nevada large trees. This number greatly
exceeds the corresponding estimates outside burned areas (~ 1.6%).

The presence of a small number of dead and severely declining trees outside mapped
fire perimeters suggests that additional factors such as drought, insects, disease, log-
ging, localized disturbances or background mortality may also contribute to large-tree
mortality at a much lower magnitude than wildfire.

A substantial fraction of large trees persisted within burned landscapes—however,
it is important to note that CAL FIRE fire perimeters may also include unburned
patches, so this signal may partly reflect spatial heterogeneity within fire perimeters
rather than survival.

12



Table 3 Large tree crown health status estimated from remote sensing within the sequoia

groves and their distribution in CAL FIRE fire polygons.

Class Class ID Burned (N, %row, %col) Unburned (N, %row, %col) | Total (N)
alive 1.00 18346 (50.92%, 41.57%) 17680 (49.08%, 76.47%) 36026
alive_with_bkp 2.00 7096 (65.67%, 16.08%) 3710 (34.33%, 16.05%) 10806
bkp_sup80 3.00 2682 (87.05%, 6.08%) 399 (12.95%, 1.73%) 3081
bkp_-inf80 4.00 12223 (98.38%, 27.69%) 201 (1.62%, 0.87%) 12424
dead 6.00 2330 (96.24%, 5.28%) 91 (3.76%, 0.39%) 2421
permanent_alteration  5.00 831 (86.47%, 1.88%) 130 (13.53%, 0.56%) 961
previous_dead_or_diff 0.00 626 (40.83%, 1.42%) 907 (59.17%, 3.92%) 1533
not_enough_data 255.00 3 (75%, 0.01%) 1 (25%, 0%) 4
TOTAL 44137 23119 67256

2.5 Large-tree disturbances in the sequoia groves

Within the 97 Sequoia groves, a total of 67,256 large tree crowns were identified, of
which 44,137 (65.6%) were located within CAL FIRE fire perimeters from 2020-2025
(Table 3). The distribution of health status classes shows a strong influence of wildfire
even within these typically fire-adapted ecosystems. The most common class was alive
(36,026 crowns), with nearly equal representation inside and outside burned areas
(50.9% vs. 49.1%), although the majority of unburned groves were classified as alive
(76.5% of all unburned crowns).

Disturbance-related classes were strongly concentrated within burned areas. The
breakpoint with less than 80% NDVI recovery class was almost entirely associated
with fire perimeters (98.4%), representing the dominant disturbed condition (27.7%
of all burned crowns). Similarly, dead crowns were also overwhelmingly located within
burned areas (96.2%), while remaining rare outside fire perimeters (3.8%). The break-
point with greater than 80% NDVI recovery class also showed a strong fire association,
with 87.1% of crowns occurring within burned areas.

Assuming that respectively 31.1% and 28% of crowns assigned to the dead and
breakpoint with less than 80% NDVI recovery classes are in fact alive on the ground as
observed in the field validation dataset, and that 38% of crowns assigned to breakpoint
with more than 80% NDVI recovery class are actually dead (Table 1), this would still
translate to approximately 11400 large trees within burned areas of the groves that
are very likely dead, which would represent ~ 17.0% of the large trees in the groves.
In unburned patches, the estimate of dead trees is lower corresponding to around ~
0.54% of the large trees in the groves.

Overall, burned areas accounted for the majority of all non-alive conditions, includ-
ing breakpoint, permanent alteration, and dead classes, indicating substantial post-fire
canopy modification within Sequoia groves. The persistence of a substantial fraction
of live crowns within fire perimeters suggests heterogeneous fire effects and partial
survival of these large trees. These patterns confirm that wildfire is also the dominant
recent driver of canopy disturbance within Sequoia groves.
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Fig. 7 Spatial pattern of large tree disturbance in the North Complex Fire. Only the main
live/disturbed health classes are shown to ease visualisation.

2.6 North Complex Fire: fire intensity and disturbances

The distributions of large-tree health classes derived from remote sensing inside the
North Complex Fire show clear and consistent spatial patterns of fire effects (Figure 7
and Table 4). Large occurrences of disturbed large-tree crowns are found inside the fire
perimeter, dominated by breakpoints with less than 80% NDVI recovery (48%), break-
points with more than 80% NDVT recovery (17.6%), and dead crowns (5.5%). Tree
mortality (class dead) forms localized hotspots of severe impact, with the largest one
in the southeastern portion of the fire. These areas were frequently embedded within
broader zones dominated by the class breakpoint with less than 80% NDVI recovery.
Inside impacted areas, some pockets of alive trees are found surrounded by the class
breakpoint with more than 80% NDVI recovery (Fig. 7). The disturbance pattern
observed from remote sensing appears to reflect a gradient of post-fire responses to
fire intensity, rather than abrupt transitions between healthy and dead crowns. Liv-
ing crowns (classes alive and alive with breakpoint and no change in NDVT) remained
common throughout the fire perimeter (~27%), likely indicating very low-intensity
fire or unburned areas within the perimeter defined by CAL FIRE.
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Table 4 Large tree crown health status estimated from
remote sensing within the largest extent of the North
Complex Fire in December 2020.

Class Class ID  Burned (N, %col)
alive 1 51429 (13.09%)
alive_with_bkp 2 54832 (13.95%)
bkp_sup80 3 69085 (17.58%)
bkp._inf80 4 188490 (47.97%)
dead 6 21758 (5.54%)
permanent_alteration 5 4211 (1.07%)
previous_dead_or_diff 0 3118 (0.79%)
not_enough_data 255 18 (0%)

TOTAL 392941

3 Discussion

3.1 Mapping all large trees of a floristic province

Here, we demonstrate that large individual trees can be delineated directly from very
high spatial resolution canopy height models at a regional scale. We identified 6,515,705
trees with crown areas > 100 m? across the Sierra Nevada Floristic Province in 2020,
highlighting the importance of these forests as a reservoir of large trees, including
giant sequoias and other large conifers. The U-Net-Id network delineated individual
crowns directly from CHM imagery with a median IoU of 0.602 on an independent
validation dataset comprising 20,723 large sequoia trees. For comparison, a recent
dead-tree crown delineation study conducted across California using the same 2020
imagery dataset reported an IoU of 0.53 [28]. Furthermore, the relatively high IoU
obtained by our model indicates that training with synthetic data can successfully
transfer to real-world conditions, demonstrating that the transfer of knowledge from
synthetic to real data is feasible for large-tree crown delineation.

Our tree delineation approach differs from previous methods in three key aspects.
First, while most studies perform delineation directly from very high-resolution optical
imagery, our method uses canopy height models (CHMs) [32]. Training and prediction
are performed on CHMs representing trees in 3D space from a nadir view, similar to
LiDAR, which is particularly advantageous in mountainous regions. In NAIP imagery,
varying acquisition geometries and off-nadir viewing angles can distort and spatially
displace tree crowns relative to their true trunk positions [32], complicating multi-
sensor or multi-date comparisons. Working directly with CHMs reduces these artefacts
by relying on a consistent 3D-derived representation. In addition, in CHMSs generated
by deep learning models [32], individual tree segmentation is simplified, as crowns
appear as smooth, blob-like structures due to CNN-based reconstruction. It remains
unknown whether this behaviour generalizes to true LiDAR~derived CHMs.

The second advantage of the approach is the exclusive use of synthetic train-
ing data. By generating training labels directly from simulated crown geometries,
the method removes dependence on manually annotated datasets, which are time-
consuming, costly, and often subject to interpretation differences among annotators.
Previous studies relied on manually delineated trees (e.g., 27,000 in [28], 14,137 in
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[48]) or hybrid datasets combining manual and synthetic labels, including 434,551 self-
generated trees and 2,848 hand-annotated samples in [38], and 1,506 manual crowns
with 19,656 synthetic images in [36]. In contrast, we generated 3,356,877 simulated
tree crowns with diverse overlap and structural configurations in a few hours, a scale
not achievable through manual annotation. This framework enables the generation of
diverse crown shapes, sizes, forest compositions, and interaction patterns, while pro-
ducing fully reproducible labels with consistent crown boundary definitions. Unlike
human annotation, identical inputs always yield identical labels, improving consistency
for model training. A limitation is that simulated crowns remain idealized “blob-like”
structures, well suited to conical crowns, but it is unclear how well the approach
generalizes to highly irregular or fragmented crown architectures. Nevertheless, the
approach performs well for large-tree mapping in the Sierra Nevada.

Finally, the third advantage of our approach is that the deep learning component is
used only for segmentation, with individual tree delineation achieved through simple
post-processing, while most existing methods perform instance segmentation, which is
more complex, memory intensive, and relies more heavily on human-defined decisions
[28, 36, 38, 48]. In our approach, the model is trained and applied solely as a seg-
mentation algorithm, and polygon creation is performed only during post-processing.
This removes decisions related to merging overlapping polygons that can arise in
instance segmentation approaches such as Mask R-CNN [36]. In addition, GPU mem-
ory requirements are independent of the number of trees present in an image, unlike
Mask R-CNN for example where the number of expected objects (anchors) must be
specified in advance [36, 38, 49]. This is particularly important in forests, where a sin-
gle image may contain a very large number of trees. As a result, prediction can be
efficiently applied to entire NAIP-based CHM images containing millions of trees. The
final polygonization of the binary masks is a simple GIS operation that can handle
millions of objects without requiring GPU resources.

3.2 Large tree distribution in the Sierra Nevada

To our knowledge, this is the first map of all large individual trees produced for the
entire Sierra Nevada Floristic Province. In contrast to [50], who estimated more than
2.7 million very large trees (DBH > 101.6 ¢cm) from airborne LiDAR-derived individual
tree measurements and allometric equations across three Sierra Nevada landscapes
covering approximately 396,000 ha, our analysis provides wall-to-wall coverage of the
Sierra Nevada Floristic Province and identifies 6,515,705 large tree crowns (>100 m?)
distributed across 78.7% of the region.

The estimated number of large trees indicates that they remain a major structural
component of these forests despite pre- and post-2020 disturbances, including drought,
bark beetle outbreaks, and high-severity wildfires [25, 28, 50]. Large trees are ecolog-
ically important because they store a disproportionate fraction of forest biomass and
carbon, provide critical wildlife habitat, and strongly influence ecosystem functioning
[12-14, 51, 52]. This regional quantification provides a baseline for monitoring future
changes in Sierra Nevada large trees structure and health.

While the distribution of giant sequoias and other large tree species is already
known qualitatively or from localized field studies [7], for example, with giant sequoias
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primarily occurring on the western slope within an elevation range of approximately
900-2700 m [8, 9], and large trees generally associated with stands of high canopy
cover and density [50], our map enables a quantitative and statistical analysis of all
large tree distribution across the Sierra Nevada Floristic Province. Although it remains
difficult to fully attribute these patterns to natural distributions due to anthropogenic
influences in parts of the region or unmeasured characteristics at this scale, such
as soils and underground hydrological processes, we nevertheless observe consistent
associations with environmental and climatic variables.

Large tree distribution is strongly associated with elevation, with most occurrences
concentrated between 600 and 1,700 m. Above approximately 1,700 m, large trees
distribution decreases gradually to reach zero near 3,000 m, suggesting a potential
physiological or climatic limitation to their persistence at high elevation. Maximum
annual temperature shows a very similar pattern to elevation, with large tree occur-
rence concentrated between 16 and 22 °C, suggesting a strong co-variation between
these variables. Precipitation also shows a clear relationship, with large tree density
peaking around 1,200-1,600 mm yr—!, indicating a preference of the largest trees for
relatively moist environments.

Our results show only a marginal over-representation of large trees on the western
side compared to the eastern side, and relatively small differences between north- and
south-facing slopes. This suggests that, at the scale of all large trees, topographic
orientation have less importance than elevation- and climate-related gradients which
appear to be the dominant controls.

3.3 Large tree health status characterization using Sentinel-2
time series

Most large trees fall within the range of giant sequoia-derived RGB values, Fig. 11.
Although giant sequoia-derived spectral characteristics are not sufficient to identify
the species, as previously observed for conspicuous species with distinctive yellow
flowering phenology [46], they fortunately allow time series filtering and analysis for
the vast majority of large crowns. Only 10.6% of large trees exhibit spectral values
outside this range, indicating either already dead trees or trees with distinct spectral
characteristics, most commonly associated with lower NDVI values (Table 2).
Previous studies have demonstrated that spectral indices, such as the delta Nor-
malized Burn Ratio (ANBR), the relativized delta Normalized Burn Ratio (RANBR),
and the relativized burn ratio (RBR), are related to fire intensity and post-fire vege-
tation responses in California forests, the Sierra Nevada, and across the United States
[9, 53-55]. However, these approaches typically rely on simple regressions between
index values and fire severity, comparisons of pre- and post-fire conditions that require
fire perimeter polygons, or relationships between spectral indices and live/dead tree
status. Furthermore, for Sentinel-2, the computation of these indices requires the use
of short-wave infrared (SWIR) bands (e.g., B12) available at 20 m spatial resolution,
which is substantially larger than the crowns of most individual trees. In contrast, our
approach relies exclusively on the temporal behavior of NDVI and RGB bands at 10 m
resolution and does not require fire perimeter information. By identifying breakpoints
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and analyzing post-breakpoint trajectories, we are able to characterize disturbance
intensity and recovery dynamics at the scale of individual large trees.

Our framework provides additional insight into disturbance dynamics by captur-
ing not only pre- and post-fire conditions, but also the temporal evolution of crown
condition following fire. Overall, the approach appears reliable when compared with
field estimates of disturbance severity (Table 1). However, some disturbance processes
require several years before their effects can be fully observed from remote sensing
data.

For example, a proportion of trees classified as dead, characterized by a substantial
decline in NDVI and no apparent recovery following the breakpoint, were still alive
according to field observations. In these cases, the crown was often heavily scorched,
displaying brown or orange foliage, and several years may be required before recovery
becomes visible in satellite imagery. This situation represents approximately 30% of
the trees classified as dead or severely disturbed from remote sensing observations.

Conversely, around 38% of trees exhibiting a breakpoint followed by strong NDVI
recovery were classified as dead in the field. Although these trees were dead, their
NDVT values increased over time, indicating a greening signal. This recovery may result
from lateral crown expansion of neighboring trees, the exposure of previously obscured
vegetation following canopy loss, or the establishment of new vegetation within canopy
gaps. In such cases, remote sensing alone cannot fully explain the underlying processes
responsible for the observed spectral response.

Our results are consistent with delayed mortality and delayed crown recovery
observed in large conifers following severe fire injury. Trees subjected to high crown
scorch or partial cambial damage may remain spectrally green for several seasons
before experiencing mortality [56, 57], or alternatively show delayed flushing and
partial recovery after an initial decline in canopy condition [58]. These time lags
between physiological damage and observable spectral response help explain dis-
crepancies between field observations and satellite-derived classifications in post-fire
environments.

In contrast, the classification of living trees without disturbance appears highly
reliable, with fewer than 5% of trees classified as alive being identified as dead during
field assessments. These results suggest that our framework is particularly effective at
distinguishing stable living crowns from disturbed crowns.

Our approach to define disturbance classes is closely linked to visually interpretable
spectral responses, relying on variations in RGB and NDVI values (Fig. 11 and 12;
and see Section 4.4.2). We believe that this framework can be more effectively inter-
preted by humans than approaches based solely on a single spectral index. Rather
than reducing crown condition to one metric, our classification incorporates multiple
spectral responses, including changes that are readily visible to the human eye. This
facilitates the interpretation of the resulting classes and allows expert knowledge of
crown condition and tree health to be directly incorporated into the class definition
process.
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3.4 Fire and large tree deaths

Fire was identified as the main driver of the large tree death and our conservative
estimate is that around 660,000 large trees or ~ 10% of the large trees of Sierra Nevada
Floristic Province dies as a consequence of fire between 2020 and 2025 (Fig. 6 and Table
2 and section 2.4). This is drastically above the rate observed outside fire perimeter
which is around 1.6%. While fire was the dominant driver during the 2020-2025 period,
other disturbance agents such as drought and bark beetle outbreaks also contributed
to mortality and, in some cases, acted as competing or co-dominant drivers of large-
tree loss in 2020, prior to the major 2020 fire season (Supplementary Fig. 6 in [28]).
Together with the strong spatial correspondence between disturbance classes and fire
occurrence shown in Fig. 6, our findings support the conclusion that wildfire has been
the dominant recent disturbance affecting large trees across the Sierra Nevada.

Intense fire seasons took place in 2020 and 2021 in the Sierra Nevada and were
associated with severe drought, elevated temperatures, and exceptionally dry fuels,
which promoted the occurrence and spread of large (>10,000 ha), high-severity wild-
fires [20-23, 25]. Fire in 2020 and 2021 accounted for 86.75% of the total fire perimeter
over 2020-2025, which covered 9977.758 km?. The largest fires were also in 2020 and
2021, Fig 6b. Mortality was concentrated during the extreme 2020-2021 fire seasons,
as around 88% of all observations in burned areas occurred during those years.

Patterns of disturbance reveal strong spatial heterogeneity in fire severity (Fig. 7).
For example, within the North Complex Fire, some patches contain nearly all trees
classified as dead, whereas other pockets of surviving trees embedded within a gradient
of increasing severity (Fig. 7). Similar patterns have been described as fire refugia,
where unburned or lightly burned patches persist within fire perimeters and provide
important refuges for surviving trees and post-fire ecosystem recovery [59]. We also
observe extensive areas where all trees remain alive, which may correspond either to
unburned areas within the CAL FIRE perimeter or to locations affected by very low-
intensity fire with little to no detectable impact on trees (i.e., trees classified alive and
breakpoints with change in NDVT), Fig. 7. The observed mosaic of dead and surviving
trees is consistent with recent studies showing that wildfire effects in Sierra Nevada
forests are inherently heterogeneous [24, 59, 60]. However, the consequences of this
spatial heterogeneity for the survival, recovery, and long-term dynamics of large trees
remain poorly understood and the regional-scale dataset produced here could provide
a baseline for future investigations.

Inside the sequoia groves affected by the 2020 and 2021 fires, our remote sensing
estimates indicate that around 17.0% of large trees died due to fire. This compares to
the estimate of 17.6% obtained from field assessments of large giant sequoias killed by
wildfire since 1984, of which ~13.9% occurred during the 2020 and 2021 fire seasons
(Fig. 5 in [9]). The slightly higher mortality estimated here suggests that large giant
sequoias may have been less affected than the other common large tree species found
within the groves. These lower mortality rates could be related to species-specific traits,
particularly the thick, fire-resistant bark and elevated crowns of giant sequoias [61]. In
the unburned areas of the groves, mortality was also lower than in the Sierra Nevada
as a whole, which may reflect the dominance of long-lived and fire-resistant giant
sequoias.This pattern is also consistent with recent evidence showing that prescribed
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burns substantially reduced giant sequoia mortality during the 2020 Castle and 2021
KNP Complex fires, with burns conducted within the previous 10 years reducing
mortality odds by 77% and preventing an estimated 1,888 giant sequoia deaths [26].

In this work, we developed a framework to map the health status of individual large
trees across the Sierra Nevada using Sentinel-2 time series. The framework consists
of two components: individual tree delineation from canopy height models using a U-
Net-ID model, and disturbance analysis based on BFAST applied to Sentinel-2 time
series extracted for each large tree crown over the period 2020-2025. The combination
of breakpoint detection and post-breakpoint spectral trajectories allows disturbance
intensity to be characterized with a good accuracy at the scale of individual crowns
while remaining applicable over large regions. The resulting maps provide a detailed
view of tree mortality, disturbance, and recovery following recent wildfire events, and
identify fire as the dominant driver of mortality, responsible for the death of approxi-
mately 10% of the Sierra Nevada’s large trees during the period 2020-2025. The next
steps are to (i) extend individual tree mapping to all trees across the United States,
(ii) expand the framework to monitor changes in endangered redwood forests and
other large coniferous forests of California, (iii) investigate the integration of additional
structural and spectral information to improve disturbance characterization, and (iv)
assess whether similar time-series approaches can be used to monitor tree condition,
mortality, and recovery globally using Sentinel-2 observations.

4 Materials and Methods
4.1 Study site

The study covered the Sierra Nevada Floristic Province (Fig. 8), located in eastern
California between 34.7° and 40.5° N latitude [62]. The region covers a total area of
65,582 km?, with elevations ranging from 30 to 4,421 m [63, 64]. Its highest point
is Mount Whitney, the tallest mountain peak in the contiguous United States. Pre-
cipitation varies substantially across the region, ranging from ~ 170 mm to 2,390
mm annually [65, 66]. Temperature also exhibits considerable spatial variability, with
annual mean minimum and maximum temperatures ranging from -8.8 to 12.4°C and
from 2.6 to 25.8°C, respectively [65, 66].

4.2 Individual tree delineation

To map all large trees in the Sierra Nevada with crown areas exceeding 100 m?, we
developed an individual tree delineation algorithm. In previous work, we produced a
canopy height model (CHM) for the entire state of California, including the Sierra
Nevada [32]. Individual tree crowns are visible and identifiable within this CHM (see
Fig. 7 and Supplementary Figures in [32]). To delineate trees from the CHM, we devel-
oped a novel approach in which crown delineation is treated as a blob segmentation
problem. First, we generated realistic synthetic CHMs from simulated tree crown poly-
gons. Using this large synthetic dataset, we trained a U-Net-ID deep learning model
to identify individual polygon instances directly from the CHM. The model, trained
entirely on synthetic data, was then applied to real CHM data in a transfer learning

20



-- CALIFORNIA boundaries

--- Sierra Nevada floristic province

1 Sentinel 2 tiles (22)

Giant Sequoias (20273 trees)

Fig. 8 Mosaic of NAIP aerial imagery acquired over California (USA) during the 2020 campaign,
with the Sierra Nevada Floristic Province outlined in dashed yellow (~65,582 km?). The map also
shows the extent of the 22 Sentinel-2 MSI tiles used for time-series analysis (grey) and the extent of
the 20,273 Sequoia polygons used for individual tree crown model validation (magenta).

framework. The main advantage of this approach is that it enables simulation of a wide
range of tree sizes, heights, densities, and spatial configurations, while also allowing
extensive data augmentation. As a result, the model can learn to detect and delin-
eate tree crowns without requiring any manually labeled training data or additional
LiDAR processing,.
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4.2.1 Generation of synthetic canopy height models

We generate a fully synthetic canopy height model (CHM) by simulating 3D individual
tree crowns and merging them into LiDAR-like canopy height model. The goal is to
obtain realistic CHM with fully controlled samples, with known tree location, size,
and geometry. Simulations are done in R using terra, sf, and tensorflow. Ground
is flat (0 m), so CHM directly gives tree height and the resolution is around 0.6 m
resolution to be close to the real resolution of our CHM of California [32]. As our
CHM for California, simulated height is scaled by x2.5 to be stored in integer 8 bits
while keeping some sub-meter definition.

Each simulated forest consist in a squared grid of 192x192 pixels with a central
160x 160 pixels tree placement window. Final CHM and labels are cropped to 128 x
128 pixels. Trees are randomly placed in the 160 pixels window.

To avoid dense clustering of stems and excessive crown overlap in the CHM, we
defined a minimum—distance constraint between trees. A candidate tree ¢ with crown
radius R; is accepted only if the Euclidean distance to every previously accepted tree
J with radius R; satisfies

1Xi = X[l > (Ri + R;) fmin (1)

where X; = (2;,¥i), X; = (z;,y;) and fmin = 1/3 is a constant distance factor.
Candidate trees that do not respect this condition are rejected and resampled until
a valid position is found or the defined maximum number of attempts is reached.
Distance computations are carried out using tensors for improved efficiency.

The number of trees and their functional types is defined by scenarios of forest
with different functional compositions and densities, Table 5. For example, large-tree
forests mix conifers and deciduous with some giant Sequoia trees. Sequoia scenarios
are dominated by giant Sequoia trees (20-50%). The number of trees varies by scenario
(e.g., 15 to 40 for Sequoia scenario) to avoid saturation while keeping a dense canopy.
Scenarios generated using an automated agent were used to simulate the different
forests observed in the Sierra Nevada, producing mixed or homogeneous stands from
shrubs to giant Sequoias forest.

Table 5 Example of giant sequoia forest scenarios. For each scenario, the number of trees per
simulation N is drawn uniformly from the integer range in the second column. The remaining
columns are sampling weights for functional types (row sums to 1).

Scenario (short name) N range con. t.d. l.c.d. m.d. s.c. s.d. shr. shs. gd. gec. gr.
dense_redwood 20-30 .05 .05 .05 .05 .05 .05 .05 .05 .10 .10 .40
redwood_conif mix 25-35 .20 .05 .05 .05 .10 .05 .05 .05 .05 .15 .20
old_growth_redwood 20-30 .10 .10 .10 .10 .05 .05 .05 .05 .10 .10 .20
redwood-giant mix 25-35 .10 .10 .10 .10 .05 .05 .05 .05 .15 .15 .15
pure_redwood 15-25 .05 .05 .05 .05 .05 .05 .05 .05 .05 .05 .50
redwood_tall 25-35 .10 .20 .10 .10 .05 .05 .05 .05 .10 .05 .15
redwood_conif_dom 25-35 25 .05 .05 .05 .10 .05 .05 .05 .05 .15 .20
mixed_redwood 30-40 120 120 12 .12 .08 .08 .08 .08 .10 .10 .10
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Trees are defined by functional types with ranges of height and crown radius, Table
6. This includes conifers, deciduous, shrubs, and giant conifers and giant Sequoia types.
For example, for Sequoia tree, ranges of height (H) and radius (R) are given by :

H ~ U(80,250), R ~U(13,27) (2)
For each simulated tree we sample H and R from its type range.

Table 6 Tree functional types and their height and crown parameters used in the CHM
simulation. Height values in the simulator are stored in scaled units; physical height (m) is
obtained by dividing by 2.5. Crown radius is given in pixels in the simulator; crown radius (m),
where one pixel corresponds to 0.6 m on the ground. The column H/R corresponds to the
height_radius_ratio field in the same list.

Type (code name) Height (scaled) Height (m) Crown radius (px) Crown radius (m) H/R
coniferous 50-100 20.0-40.0 4-6 2.4-3.6 12
tall_deciduous 60-100 24.0-40.0 3-5 1.8-3.0 15
large_crown_deciduous 35-80 14.0-32.0 6-8 3.6-4.8 6
medium_deciduous 40-70 16.0-28.0 4-6 2.4-3.6 9
sapling_coniferous 10-25 4.0-10.0 1-2 0.6-1.2 10
sapling_deciduous 8-20 3.2-8.0 1-3 0.6-1.8 6
shrub_rounded 7-15 2.8-6.0 2-4 1.2-2.4 3
shrub_spreading 7-12 2.8-4.8 3-5 1.8-3.0 2
giant_deciduous 80-120 32.0-48.0 10-15 6.0-9.0 7
giant_coniferous 90-130 36.0-52.0 8-12 4.8-7.2 10
gigantic_redwood 150-250 60.0-100.0 8-20 4.8-12.0 9

Then tree attributes are converted into rasterized canopy surfaces using shape
templates.

For conifers and giant trees, narrow forms, conical crowns are used. For a tree
with total height H and crown radius R, the idealized crown surface as a function of
horizontal distance r from the stem is defined as

z(r)zH(l—%)s,

where s is a cone-shape parameter. Larger values of s produce more pointed crowns,
whereas values close to one approximate straight—sided cones.

For broadleaf trees and shrubs, we use rounded crowns. In this case, the canopy
surface is defined as ,

z(r) =H~f<§;q) ;

where f is a smooth decreasing function, such as a cosine-based profile, that is equal
to one at » = 0 and zero at r = R, and ¢ is a roundness parameter that controls
whether the crowns are relatively flat or dome—shaped.

To mimic a LiDAR CHM, only the highest point per pixel is kept and the id of
the tree that has this highest point updated accordingly in a separate tree ID raster.
Final outputs are cropped to 128 x 128 pixels. We further randomly add a blur to
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the simulated canopy height as a data augmentation technique, rescale the maximum
height to the maximum initial height and remove all height below 1.60 m.

Finally we saved the simulated canopy height model without data augmentation,
with random blur augmentation, a tree-ID map in raster which associates each height
in the canopy height model to its original tree and the individual polygons of the trees.

Our generated dataset consists of 59,134 synthetic CHM images of 128 x 128
pixels, containing a total of 3,356,877 simulated trees.

Trees polygons ID CHM simulated CHM Blurred corr. Border mask Segment mask Inner mask

Fig. 9 Example of simulated individual tree polygons and the associated simulated CHM, simulated
blurred CHM and masks in raster format.

4.3 Neural Network Architecture

The individual tree segmentation from the Sierra Nevada NAIP-derived CHM images
in California was performed using the U-Net-Id model, Fig. 10 [32, 33]. The U-Net-
Id model is designed to convert an instance segmentation problem into a semantic
segmentation problem of binary masks, which is well resolved using U-Net-like
architectures [40].

The inputs of the U-Net-ID model are synthetic canopy height model images of
128 x 128 pixels at a spatial resolution of 0.6 m, Fig. 10. The image is processed
through three independent paths, each beginning with a separate U-Net model [33].
The three U-Nets predict the binary masks corresponding to the object border, the
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Fig. 10 U-Net-Id model architecture used for individual tree segmentation from Canopy height
model, adapted from Wagner et al. [33]. The three U-net units used in our model have the same
layers as in Wagner et al. [33] only that the input and output of the U-net units here are 128 x
128. The outputs of the U-net units are represented with three different colors: magenta (U-nety),
blue (U-net2), and green (U-netz). The number of channels is indicated above the cuboids, and the
vertical numbers indicate the row and column size in pixels. The operations (skip connections and
convolutions) performed in each layer and their sizes are indicated by the colored arrows.

object segment, and the object inner segment. These training masks are generated
directly from the simulated individual tree polygons that were used to produce the
simulated CHM image (see section 4.2.1). The object segment corresponds to the
original polygon, the border is defined as the area between a buffer of 0.6 m and -
0.6 m around the polygon boundary, and the inner segment is obtained by applying
a negative buffer of 0.6 m to the original polygon. The resulting masks therefore
overlap along the object boundary, creating transition zones equivalent to ~ 1 to 3
pixels in width. The inner segment is individual to each tree. The three 128 x 128
activation maps produced by the U-Nets are then concatenated. This is followed by two
convolutional layers with 64 and 32 filters, respectively. Finally, separate predictions
for the segment, border, and inner segment are produced using a final convolutional
layer with a sigmoid activation function.

The instance individualization is performed in post-processing by extracting the
inner segments, which are unique and do not touch each other, and expanding them
with a 1-pixel (0.6 m) buffer. The resulting objects are then combined with predicted
segments that do not intersect any inner segment. These isolated segments correspond
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to the smallest trees, with crown sizes of only 1-4 pixels, which do not have an inner
segment. Finally, a unique ID is added.

4.3.1 Training and testing

The training sample comprised a total of 59,134 128 x 128 pixels one-band CHM
image patch their associated 3 bands mask patchs. 90% (53,372) of the samples were
used for training and 10% (5,762) for internal model testing. Before being inputted
into the U-Net model, image patches underwent random vertical and horizontal flips
as data augmentation.

The network was trained for 2,048 epochs with a batch size of 128 images. The loss
function was designed as a sum of two terms: binary cross-entropy and Dice coefficient-
related loss of the three predicted masks [67-69]. During network training, we used
standard stochastic gradient descent (SGD) optimization with the RMSprop optimizer
(learning rate of 0.0001). The SGD procedure minimizes the loss function using random
mini-batches of data, enabling faster convergence and improved generalization [70].
The model with the best validation loss (i.e., Dice coefficient-related loss of 0.02324226
and a Dice coefficient of 0.97362) was kept for prediction. The training of the model
took around 12 hours using an Nvidia RTX4090 Graphics Processing Unit (GPU)
with 24 GB of memory.

4.3.2 Prediction

For prediction, the 1,885 NAIP-based CHM tiles covering the Sierra Nevada Floristic
Province were resized by adding columns and rows, resulting in images sized at 11,392
x 13,440 pixels with an aspect ratio of 1024 and a 128-pixel border. This adjustment
was made to meet the input size requirements for prediction. The standardized-size
NAIP tiles were subsequently divided into sub-images of 1,152 x 1,152 pixels with a
64-pixel overlap between them. Predictions were made on these 1,152 x 1,152-pixel
images, and the 64-pixel border on each sub-image prediction was removed to mitigate
border artifacts [40]. The resulting 1024 x 1024 images were merged and cropped to the
original NATP extent, and, finally, a 60-pixel border (36 m) was removed to mitigate
any remaining border artifacts. This last step did not affect the final height map since
NAIP images have an overlap of ~ 400 meters between them. The computing time for
predicting California tree height using the RTX4090 GPU was 4 days.

4.3.3 Instance polygonization and tree crown statistics

Polygonisation of individual tree crowns was performed in post-processing using the
terra and sf R packages [71-73]. Individual crowns were defined as either (i) inner
segments buffered by 0.6 m to reconstruct full crowns size, or (ii) isolated predicted
segments that do not intersect any inner segment, i.e. very small trees.

Due to border overlap between NAIP tiles, polygon conflicts along image borders
were resolved by retaining for each tile only polygons intersecting the left and bottom
edges of the NAIP original image tiling grid, ensuring that each tree appears in only
one tile and avoiding double counting.
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For each individual crown, a unique identifier was assigned. Centroids were
extracted for each polygon, crown area computed, and crown radius was approximated
assuming circular crowns (radius = /area/w). Height statistics were then computed
from the extracted CHM raster values for each polygon, including mean, median,
minimum, and maximum height values.

4.3.4 Instance validation

We used a giant sequoia reference dataset comprising 20,273 trees, generated from
field-validated stem maps and crown polygons delineated from airborne LiDAR
data collected between 2015 and 2017. Crown delineation was performed using an
unsupervised watershed segmentation algorithm, and only trees with a one-to-one cor-
respondence between stem locations and delineated crown polygons were retained (see
Dixon et al. [26] for a full description of the dataset and methodology). Because the
predicted dataset contained substantially more tree instances, including both giant
sequoias and other tree species, we matched each observed crown polygon to the
predicted intersecting polygon with the closest crown area, while ensuring that each
predicted polygon could be assigned only once. The agreement between observed and
predicted crown polygons was evaluated using the root mean square error (RMSE),
Pearson correlation coefficient (r), and bias, calculated as predicted minus observed
crown area. The spatial displacement between observed and predicted crown cen-
troids was also quantified. Finally, we assessed the spatial overlap between matched
crown polygons using the intersection over union (IoU), reporting both the mean and
median IoU across matched tree instances, with and without accounting for centroid
displacement.

4.4 Sentinel-2 data cubes preparation and analysis

We prepared a Sentinel-2 surface reflectance data cube for the Sierra Nevada region
using the sits package [74]. As a first step, we delineated the region of interest using
the California Floristic Province shapefile and selected only the polygons correspond-
ing to the Sierra Nevada subsection. This polygon mask was reprojected to WGS84
and used to intersect the global Sentinel-2 tiling grid, which yielded 22 Sentinel-2 tiles
overlapping the Sierra Nevada. The tile identifiers were stored in a list of tile names,
including the tile that contains our sequoia field plots (11SLA). For each tile in this
list, we used sits_cube to query the Sentinel-2 L2A collection hosted on Amazon Web
Services. We requested the blue (B02), green (B03), red (B04), near—infrared (B08),
shortwave infrared (B11 and B12) and cloud mask (CLOUD) bands, and restricted the
temporal coverage to the period from December 2017 to February 2025. To reduce the
influence of clouds at the scene level, we exploited the file_info metadata returned
by sits_cube and retained only images whose reported cloud cover was less than or
equal to five percent over the tile, discarding more contaminated acquisitions.

The selected images for each tile were then copied from the cloud provider to local
storage using sits_cube_copy, with multi—core processing activated to accelerate data
transfer. We used a simple consistency check to ensure that all requested bands were
present for every acquisition date, repeatedly calling sits_cube_copy until the local
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directory contained the same number of images for each band and for the cloud mask.
This procedure produced, for each Sentinel-2 tile intersecting the Sierra Nevada, a
locally stored, band—complete archive of Sentinel-2 L2A scenes with low overall cloud
cover, which was subsequently used as input to the regularization and time—series
analysis steps described in the following sections.

4.4.1 Creation of the RGB reflectance envelope for alive and dead
crowns

We extracted Sentinel-2 surface reflectance time series for individual sequoia crowns
from field data by first intersecting field—validated sequoia polygons (true_in.shp)
with the predicted sequoia crowns (pred_in.shp) and retaining only those predicted
objects that overlapped a field crown and had a similar area. The centroids of the vali-
dated sequoia polygons were then used as point samples for extracting the multi—band
time series from the Sentinel-2 cube (bands B02, B03, B04, B08 and B11). This pro-
cedure ensured that all subsequent reflectance values correspond to locations known
to contain real sequoia trees.

The resulting time series still contained spurious reflectance values caused by
clouds, shadows and atmospheric artefacts, which appear in the Sentinel-2 surface
reflectance product as exact zeros or very low values.

To obtain a clean representation of the sequoia spectral signal, we applied a
two—stage filtering to ensure that the Sentinel-2 reflectance time series correspond
to realistic sequoia values. First, we cleaned the temporal trajectories of each spec-
tral band (B02, B03, B04, B08 and Bll) by removing obvious artefacts. Exact
zero values in the surface reflectance were interpreted as invalid observations and
replaced by the last previously observed non—zero value in the same band, i.e., a
last—observation—carried—forward scheme restricted to zeros. We then treated very low
reflectance values as unreliable (approximately corresponding to digital numbers of
1-10 in the Sentinel-2 product) and similarly replaced any value below a small thresh-
old by the most recent valid reflectance in the same time series. This two—step temporal
filtering was applied independently to all bands and to all sequoia crowns.

After the temporal filtering described above, we further restricted the time series
to reflectance combinations that are consistent with the observed spectral signature
of real field sequoia crowns. To do this, we first constructed a three—dimensional color
mesh in RGB space using only manually inspected sequoia observations that were
visually confirmed to be free of clouds, shadows and atmospheric artefacts, Fig. 11a.
For each such reference observation we converted the filtered Sentinel-2 red, green
and blue reflectances (bands B04, B03 and B02) to pseudo—8-bit digital numbers and
used these triplets as vertices in a three-dimensional point cloud,

¢t = (Ri, Gk, Br),
where Ry, G and By denote the scaled reflectances of the red, green and blue bands

for reference sample k. Note that some trees burned during the study period, so crown
colors can range from green for living trees to brown for dead crowns. The imagery
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also includes variations caused by illumination and atmospheric conditions, as well as
occasional snow appearing in clear blue tones.

From this point cloud, we derived a closed 3D mesh that approximates the region
of RGB space occupied by uncontaminated sequoia crowns Fig. 11b. In practice, this
mesh can be interpreted as a three-dimensional envelope (for example, a convex hull
or a triangulated surface) that encompasses all reference points ¢ and defines the
admissible color domain for sequoia reflectance. For each time—series observation ¢ and
each crown, we computed its RGB triplet c(t) = (R(t),G(t), B(t)) from the filtered
bands and tested whether this point lies inside the sequoia mesh. Observations for
which c(t) fell outside the mesh were discarded, whereas only those time steps whose
RGB values lay inside the 3D sequoia envelope were retained for subsequent analy-
sis. This final filtering step ensures that the retained reflectance values are not only
temporally consistent, but also spectrally consistent with the empirical distribution of
real crown reflectance in three-dimensiongj yolor space. (b)

Fig. 11 Sample of points on the surface defining the RGB color domain from sequoia field crowns
extracted from Sentinel-2 imagery (a), and a 3D mesh representing the color-domain surface of sequoia
crowns used to filter the Sentinel-2 time series, i.e., all colors outside the mesh are discarded (b).

4.4.2 Time series analysis of Sierra Nevada’s large trees

Spectral time series were extracted for each crowns polygon using the blue (B02),
green (B03), red (B04), and near-infrared (B08) bands from multispectral satellite
imagery. The Normalized Difference Vegetation Index (NDVI) was computed for each
observation as:

B08 + B04
NDVI = Bos—Bot ®

To reduce the influence of anomalous spectral observations, RGB values were first
scaled and constrained to a valid reflectance range. The normalized RGB values were

29



then projected into a predefined spectral envelope representing physically plausible
color combinations. Observations falling outside this envelope were excluded from
further analysis.

The NDVI time series was constructed with a regular temporal sampling cor-
responding to the image acquisition frequency (approximately 16 days). Structural
changes in the NDVI trajectory were detected using the breakpoint analysis imple-
mented in bfast [41, 42]. The method decomposes the time series into seasonal and
trend components using a harmonic seasonal model and identifies the most likely
breakpoint in the trend component.

When a breakpoint was detected, the time series was divided into pre- and post-
break segments. Mean spectral values (R, G, B) and NDVI were computed for each
segment. Differences in spectral distributions between the two periods were evaluated
using a permutational multivariate analysis of variance (PERMANOVA) based on
Euclidean distances with 999 permutations. Homogeneity of dispersion between groups
was also tested to ensure that significant differences reflected shifts in the spectral
centroid rather than differences in variance.

Vegetation recovery after the disturbance was characterized by fitting a linear
regression to the NDVI observations following the breakpoint. Time was expressed in
days to estimate the rate of NDVI change per day. The slope of this regression repre-
sents the post-disturbance recovery rate, and its statistical significance was assessed
using a t-test on the regression coefficient. Additional recovery metrics were derived,
including the percentage of NDVI recovery relative to the pre-disturbance level and
the estimated time required to reach full recovery based on the observed post-break
trend.

Breakpoint analysis was used to classify tree crowns as alive, dead, recovering, or
partially recovering. Only crowns with a statistically significant breakpoint (permuta-
tion p<0.05) occurring after 1 January 2020 were considered, thereby excluding earlier
fluctuations unrelated to the recent fires.

To remove spurious breakpoints caused by residual noise, we evaluated post—break
visible reflectance. The distribution of red and green reflectance values after the break-
point was examined and a linear threshold in this colour space was used to separate
healthy green crowns from browned or charred canopies. Crowns whose post—break
colour remained in the green domain were reclassified as undisturbed, whereas crowns
falling in the brown domain were retained as disturbed.

For the complete dataset, we identified seven possible trajectories of large crown
color time series, illustrated in Fig. 12.

The first class corresponds to healthy living trees (sequoia or in the spectral range of
sequoias) with no detected breakpoints (Fig. 12a), characterized by a mean NDVI close
to 0.8 and annual seasonality. The second class corresponds to trees with a detected
breakpoint but no substantial change in mean NDVI (Fig. 12b), indicating that the
crown remains alive and healthy despite a short disturbance signal. The third class
includes crowns with a breakpoint followed by > 80% NDVI recovery (Fig. 12¢). These
crowns experienced a disturbance but rapidly recovered to values close to their original
NDVI and were therefore classified as alive and recovered. The fourth class includes
crowns that were already dead or that did not exhibit a typical sequoia-like crown color
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(Fig. 12d). These crowns are characterized by low NDVI values close to 0.4. This class
may include already dead trees or large tree species with naturally different crown
reflectance, such as large oaks located on the lower slopes of the Sierra Nevada. The
fifth class includes crowns with a breakpoint followed by < 80% NDVTI recovery (Fig.
12e). These crowns experienced a disturbance but showed limited recovery, suggesting
more permanent damage. The sixth class corresponds to trees that have died (Fig.
12f), characterized by a breakpoint followed by persistent brown coloration and no
NDVT recovery in subsequent years. The seventh class represents crowns with gradual
and permanent alteration without recovery (Fig. 12g). In these cases, the signal slowly
transitions from green to brown, indicating a progressive loss of photosynthetic activity
for unknown reasons, potentially related to decline, stress, or disease. At last, the class
not represented in Figure 12 is a time series without enough data to fit the BFAST
algorithm. All trees with crowns > 100 m? were classified into these 8 classes.
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Fig. 12 Examples of the seven time series trajectories identified in the dataset and used to classify
the large crowns into alive or disturbed classes.

To assess how our class interpretation corresponds to field reality of crown health
condition, we compared our classification with field-based observations of giant sequoia
(Sequoiadendron giganteum) condition, including survival status and crown condition
of individual trees recorded within the footprints of the 2020 Castle Fire and the 2021
Windy and KNP Complex fires [47], https://www.sciencebase.gov/catalog/item/6
3d40479d34e06fef150e7b4. For each polygon in the satellite-based dataset, we per-
formed a spatial intersection with ground-based observations of "Last_Known_Status’.
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When a polygon intersected a single observation, that status was directly assigned;
when multiple observations with identical status were present, the common status was
retained. In cases of conflicting observations, polygons were classified as Dead if at
least one intersecting observation indicated mortality, otherwise the remaining status
was retained. We kept dead in this case as this is the status that has the most influence
on the change of the signal seen by the satellite.

After the validation step, the classification framework was applied to the complete
large-tree dataset across the Sierra Nevada and we quantified the distribution of status
classes across the region. The distribution of classes was compared with the spatial dis-
tribution of wildfire perimeters during the period. Historical wildfire perimeters were
obtained from the CAL FIRE Fire and Resource Assessment Program (FRAP) Fire
Perimeters database (Firep24_1), a statewide compilation of wildfire perimeters devel-
oped jointly by CAL FIRE, the U.S. Forest Service, the Bureau of Land Management,
the National Park Service, and the U.S. Fish and Wildlife Service [75]. This analysis
was conducted both at the scale of the entire Sierra Nevada and within the bound-
aries of known giant sequoia groves to assess patterns of mortality and disturbance in
sequoia-dominated forests.

4.5 Environmental data

To test the association of large crown tree density trees with elevation, slope and
orientation, elevation data from the Shuttle Radar Topography Mission (SRTM) were
used, Fig. 13a-c [63]. Specifically, we used the 1 arc-seconds (~30 m) spatial resolution
digital elevation database Distributed by OpenTopography [64]. From this dataset, we
used the variables elevation (m) and computed slope (°) and orientation considering
the 8 neighbor pixels (Fig. 13a-c).

The association of large tree densities with local climate was tested using the annual
means of precipitation and air temperatures (Fig. 13d-f). Mean annual precipitation
and air temperature over the region were computed for the period 1981-2025 using the
PRISM climate dataset at 800 m spatial resolution. PRISM provides high-resolution
gridded climate data derived from station observations and spatial interpolation across
the United States [65, 66].

All environmental variables were resampled to a raster of 500 x 500 m spatial
resolution using an average interpolation to match the resolution of the tree density
dataset.

To describe the association of large trees with environmental variables, we first
reclassified each environmental variable into classes and compared the proportion of
large trees occurring in each class with the proportion of pixels belonging to that class
across the Sierra Nevada Floristic Province [45]. Ratios greater than 1 indicate that
large trees are overrepresented in a class, whereas ratios below 1 indicate underrepre-
sentation. Ratios close to 1 indicate that large trees occur in similar proportion to the
overall distribution of that class.
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Fig. 13 Environmental and climatic variables used in the study to analyse large trees density dis-
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