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Abstract

Forest cover has expanded across tropical and subtropical Asia in recent decades, but area
alone is an inadequate metric because it does not capture forest structure, which is critical for
supporting key ecosystem functions and services, including biodiversity. Here, we apply sub-
meter resolution satellite imagery to characterize the complexity of forests from a horizontal
perspective by quantifying the diversity of tree crown sizes and their spatial arrangement
across India, Southeast Asia, and southern China. We reveal large mismatches between
reported forest area and the complexity of the forests. While overall, the majority of the forests
still have a relatively high complexity, a recent change towards low complexity forests is
observed. India, despite its large forest extent, shows a particularly low forest complexity, with
more than half of its forests classified as low-complexity. Analysing forests affected by gain or
loss in area between 2000 and 2024, we find that approximately three quarters of newly
established forests are of low structural complexity, while high-complexity forests,
concentrated in Myanmar, Laos, Cambodia, and Indonesia, continue to disappear. Our results
highlight the need to move beyond forest cover statistics toward quality-based indicators for
monitoring in the support of conservation policy.
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Introduction

Forests are a fundamental component of the global carbon cycle, and provide essential
ecosystem services!"?. Forest disturbance regimes have become more dynamic globally due
to increased land-cover change and human management®®. This is particularly the case for
tropical and sub-tropical Asia, including India, Southern China and South East Asia, where
both deforestation and reforestation/afforestation are widespread, driven by a range of factors,
such as wood demand, agricultural expansion, and ecological restoration initiatives7. In
recent years, official statistics from many Asian countries have reported an annual increase in
forest cover®®, which is often regarded as a key pathway for enhancing carbon sequestration
and achieving carbon neutrality aims®. However, forest cover is a necessary but not a
sufficient indicator for comprehensive forest monitoring, as ecosystem services vary
substantially among different forest types®'%'!l. In particular, intensively managed forests
often maximize timber production at the cost of biodiversity and other ecological functions
through practices such as monoculture plantations, short rotation cycles, and fertilization
practices!'>'3. Therefore, an in-depth understanding of forest dynamics requires moving
beyond simple measures of tree presence, absence, or regrowth, toward more comprehensive
and quantitative indicators that capture forest quality and functional attributes.

Earth observation satellite systems can be used to track forests, their cover, canopy height
and biomass!'*"8, but it is often unclear to what extent newly established forest results from
natural regeneration or human intervention!'”-'®l. Distinguishing new forest types is critical,
because ecosystem services depend on forest naturalness and diversity!'®2%, and a regularly
harvested monoculture plantation may cause more environmental harm than benefit?!. Maps
exist that classify management types, such as oil palm plantations!??, natural versus planted
forests[?®!, and distinguishing natural from modified habitats®*. While these discrete classes
are important for forest-level characterization, they are unable to capture continuous spatial
variations in the complexity of a forest. For example, a newly planted or regenerating forest is
not necessarily a monoculture and can feature a high species diversity?®. Assessing the true
diversity of a forest requires continuous and spatially explicit indicators rather than discrete
classes used at forest stand-level, thereby supporting more refined monitoring and sustainable
management strategies.

Forest structure is a critical indicator for characterizing forest diversity and ecological
functioning?®?71, By linking observable structural traits to ecosystem processes, structure
provides a quantitatively measurable metric for capturing the continuous variation of
ecosystem services?®?9, LiDAR enables the characterization of forest structural attributes by
penetrating multiple canopy layers to capture detailed vertical profiles®®, from which
quantitative indicators reflecting structural heterogeneity, such as foliage height diversity and
vertical distribution ratiol®'-32, can be derived, thereby providing comprehensive insights into
vertical forest structural complexity. In theory, the complexity of forest structure can serve as
a proxy for forest naturalness®. Generally, naturally regenerated forests typically exhibit
multi-layered canopies, heterogeneous stand structures and diverse species composition,
whereas monoculture plantations, due to fixed planting schedules, limited species selection
and economic-driven management often display simpler and more homogeneous
structures®*. However, airborne LiDAR is not available over large areas as studied here, and
spaceborne lidar has a relatively coarse spatial resolution?®], with ~25 m GEDI footprints often
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capturing mixed vegetation conditions, limiting its use in characterizing the complexity of the
spatial interrelationship between trees. High resolution optical images allow us to assess trees
as single objects, and studying how individual trees are spatially distributed in relation to each
other has recently been used to characterize the complexity of forests from an horizontal
perspective®. Here, we characterize the horizontal structural complexity (HSI) by quantifying
the diversity of tree crown sizes and their spatial arrangement. HSI serves as a sensitive
indicator of niche availability and resource competition. High variance in crown sizes and
irregular spatial packing reflect a history of natural gap dynamics and multi-age recruitment,
which are the hallmarks of high-biodiversity ecosystems. In contrast, the spatial 'grid-locking’
of crowns in low-HSI areas indicates a suppression of natural successional processes,
resulting in a more vulnerable and 'leaky' carbon-nutrient cycle®®,

We developed a continuous index of horizontal forest complexity based on sub-meter
resolution GaoFen-2 and 3-m PlanetScope satellite imagery across India, Southeast Asia, and
southern China. The index captures the diversity of tree crown sizes and their spatial
arrangement around the year 2020. We tested whether this satellite-derived measure of crown
structure spatial variability can serve as an indicator to reflect forest naturalness, and mapped
where high-complexity forests are being found, and where they are lost. Furthermore, we
assessed where newly established forests are recovering structural complexity and where
they remain structurally simple.

Results

An index to reflect the naturalness of forests

To restrict our analyses to forested areas, we first trained a tree detection model able to map
trees inside and outside forests at 3-m resolution from PlanetScope (see Methods). To assess
the forest complexity within this mask, we segmented individual tree crowns in more than
100,000 km? of sub-meter GaoFen-2 imagery (Extended Data Figs. 1,2) and extracted tree
locations and crown size variables. The diversity of tree crown sizes among neighbouring
trees and Ripley's K function®-3% was then used to generate the horizontal structure index
(HSI) for trees within 100x100 m grids (Extended Data Fig. 3). Higher HSI values correspond
to greater variability in crown size and increased spatial heterogeneity in overstory tree
distribution within the 100 m grids. This was used to train a second model based on
PlanetScope imagery, covering approximately 98 million km? cumulatively across years, to
produce wall-to-wall maps of HSI across the entire study area (see Extended Data Fig. 4a for
model accuracies). The HSI showed relationships with existing forest structure variables, such
as the vertical structure (WSCI — Waveform Structural Complexity Index)B%, aboveground
biomass*?, forest intactness!*'! and biodiversity intactness!*? (Fig. 1b, Extended Data Fig. 5),
supporting that this index successfully encapsulates the variability in forest structure.
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Figure 1: Developing an index capturing the horizontal forest structure complexity. a,
Workflow for mapping horizontal forest structure complexity index (HSI). Two wall-to-wall
products were generated: (i), tree detection heatmap, and (ii), forest structure complexity map.
b, Relationships between HSI and vertical structure derived from GEDI®%, aboveground
biomass!*l, forest Intactness!*’, and biodiversity Intactness!*d. The darker colors indicating
higher densities. To ensure that our HSI was not confounded by varying stem densities, we
performed partial correlation analyses between HSI and other structural variables. We found
that the structural complexity signal remained significant (p < 0.001) even after controlling for
tree density!*. This confirms that HSI captures the functional architecture of the canopy, the
relative arrangement and size-diversity of trees, rather than just the density of individuals

detected by the sensors.

Using existing data on forest management“, we show that HSI decreases with increasing
management intensity (Fig. 2f). For example, the class “naturally regenerating forest without
management’ exhibits the highest HSI (mean = 1.53, s.d. = 0.16), followed by “naturally
regenerating forest with management’” (mean =1.40, s.d. = 0.19). Planted forests and
plantation forests showed an even lower HSI (mean = 1.36, s.d. = 0.19); while oil palm
plantations exhibited the lowest HSI (mean = 1.15, s.d. = 0.23). Agroforestry characterized by
mixed landscapes displayed intermediate complexity with greater variability (mean = 1.34, s.d.
= 0.23). Moreover, HSI varies across different habitat statesi?/ (Fig. 2g): Highest values are
found in “likely natural habitats” (mean =1.49, s.d. = 0.19), followed by “potential natural
habitats” (mean = 1.41, s.d. = 0.20), and lower values are observed in both “potential modified
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habitats” (mean = 1.10, s.d. = 0.29) and “likely modified habitats” (mean = 0.95, s.d. = 0.33).
The standard errors of the mean (SEM) were small across all management and habitat groups,
ranging from 0.24 x 107 to 0.27 x 1073, Similarly, forests within protected areas had higher
structural complexity values than those outside protected areas (Fig. 2h). While none of the
applied datasets provide a high level of detail, the convergence of patterns gives confidence
that HSI can be used to reflect the impact of management on the structural complexity of
forests.

1.01 0.5 = inside protect area
0.5 s outside protect area
T T v v T v T v T 0.0 T T T
1 2 3 4 5 1 2 3 4 India SE Asia S China
Management Habitat

Figure 2: Horizontal forest structural complexity (HSI) across management types. a,
Spatial patterns of HSI across forest areas aggregated to 500 m resolution for visualization
purposes. b-e, Zoom in examples of HSI patterns in selected regions. f, HSI distributions
across different forest management intensities, including naturally regenerating forest without
management (Management 1), naturally regenerating forest with management (Management
2), planted and plantation forests (Management 3), oil palm plantations (Management 4), and
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agroforestry systems (Management 5)*Y. In the boxplots, the dots indicate mean HSI values.
g, HSI distributions across different natural and modified forest habitats, including likely natural
habitat (Habitat 1), potential natural (Habitat 2), potential modified (Habitat 3) and likely
modified (Habitat 4)?Y. In the boxplots, the dots indicate mean HSI values. h, violin plot of HSI
inside and outside protected area in India, Southeast Asia, and Southern China.

Forests of high and low complexity are balanced

Using existing forest type maps!*>¢l, we show that HSI is clearly different between primary
forests and plantations (Fig. 3b). In plantations, approximately 70% of the grids have HSI
values below 1.37, whereas in primary forests, 70% of grids have HSI values exceeding 1.47,
reflecting the more heterogeneously spaced tree size composition and spatial arrangement of
primary forests compared with the uniform structure of plantations. Based on this distribution,
we categorized HSI values into three levels—high, medium, and low—for subsequent
analyses.

Overall, the region's forests show a balanced picture of HSI classes, with 42% being classified
as highly complex, 39% having a low complexity, and 19% in between (Fig. 3c). This
distribution, however, varies between countries, and structural complexity is not proportional
to reported forest areal*’l. For example, India reported 72.31 million ha of forest in 2020 #"1but
only 30% is classified as having a high complexity in our map. In contrast, the forest areas of
Indonesia, Myanmar, and Laos exhibit substantially larger proportions of high-complexity
forests, accounting for 52%, 48%, and 49% of their forest areas, respectively.
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Figure 3: Detection of high and low complexity forests. a, Mean HSI and dominance class
proportions for 1° x 1° grids. Circle color and circle size represents the mean HSI and the
proportion of the dominant class (high or low). b, Distribution of HSI in primary forests and
plantationst“¢l ¢, Proportions of high-, medium-, and low-complexity forests for the ten
countries in the study area with the largest reported forest areas!*’!.

Continued loss of high complexity forests

To understand the complexity of lost and newly grown forests, we used Global Forest Watch
(GFW) forest loss datal*®l. Since our data is static reflecting the years around 2020, we looked
at the complexity of forests that were lost after 2019 to locate and quantify the loss of high
diversity forests. We aggregated forest loss to match the HSI resolution and focused on grids
with >75% forest loss (Fig. 4) (50% and 90% thresholds were also tested, see Extended Data
Fig. 6). The results show that out of a total forest loss of 49,000 km?, 28% of the forests had
a high and 53% a low complexity. Forest loss with high structural complexity was primarily
concentrated in northern Myanmar and southern Laos (Fig. 4b), as well as in tropical natural
forest regions of Indonesia and Malaysia. In contrast, areas of forest loss with low structural
complexity are predominantly found in plantation-dominated landscapes in Indonesia and
Malaysia (Fig. 4c), and may reflect harvest. The normal distribution of HSI values of lost forests
fall between plantations and primary forests (Fig. 4d), suggesting that forest loss occurs in
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both plantations and natural forests. Moreover, we quantified the proportions of high-, medium-
, and low-complexity classes within lost forest across countries (Fig. 4e). The results show
that most forests lost in Thailand had a very low horizontal complexity (76%). Vietnam and
Malaysia also show relatively high proportions of low-complexity forest loss, at 70% and 66%,
respectively. In contrast, 56% of the forests lost in Cambodia show the highest structural
complexity, followed by Laos (44%) and the Philippines (45%).
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Fig. 4 Structural complexity of forests lost after 2019. a, Mean HSI and area of forest loss
for 1° by 1° grids. Circle color and circle size represents the mean HSI and the loss area. b,
Example of high-complexity forest loss between 2020 and 2025 from Google Maps satellite
imagery. HSI=1.75. ¢, Example of low-complexity forest loss between 2018 and 2021 from
Google Maps satellite imagery. HSI=1.10. d, HSI distributions of forest loss overlaid by the
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distribution of HSI in primary forests and plantations for the study area. e, Proportions of high-
, medium-, and low-complexity of lost forests for different countries in the study area.

Three quarters of new forests exhibit low structural complexity

Since our analysis is based on observations collected around 2020, we used forest loss data
from 2000-2018 to study the complexity of newly established forests that have followed forest
loss. We found that 69% of the areas mapped as forest loss during 2000-2018 showed forests
in our high resolution map, implying regrowth has happened on 428,000 km?.

We then overlaid our HSI data with areas of forest gain to assess the structural characteristics
of newly established forests (Fig. 5, Extended Data Figs. 7, 8). The results indicate that the
HSI density distribution of these new forests is comparable to the HSI value distribution for
plantation forests (see Fig. 3b and Fig. 5d). The distribution of HSI in newly established forest
areas shows a strong left-skewed distribution, with most values falling within the range of low
complexity forests. This pattern did not change when using the GFW forest gain dataset?,
which may be less detailed but includes forest expansion areas (Extended Data Fig. 8). A
higher complexity in new forests is primarily observed in mountainous forest areas and tropical
forest regions (Fig. 5b). Medium-complexity forests account for approximately 13% of the new
forests, whereas 11% showed a high complexity, and the remaining 76% had a low complexity
across countries (Fig. 5e). Results show that Cambodia exhibits the lowest horizontal
structural complexity in new forests, with low-complexity forests accounting for 82% and high-
complexity forests comprising 9%. In contrast, the Philippines shows the highest proportion of
high-complexity forests among new forests (32%).

Notably, the extreme left-skewed distribution of HSI in newly established forests (Fig. 5d)
suggests a 'successional ceiling' rather than being a sign of uniformity due to the young age
of trees. While naturally regenerating secondary forests typically develop horizontal
heterogeneity within the first two decades via gap dynamics, the established new forests
across Asia show a structural signature nearly identical to industrial monocultures. This
indicates that current 'forest gain' is functionally locked into a structurally simple state that
precludes the development of mature-forest niches.
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Fig. 5 Structural complexity of newly established forests since 2000. a, Mean HSI and
area of new forest for 1° by 1° grids. Circle color and circle size represents the mean HSI and
the area of the new forest. b, Example of high-complexity forest gain between 2017 and 2024
from Google Maps satellite imagery. HSI=1.33. ¢, Example of low-complexity forest gain
between 2019 and 2024 from Google Maps satellite imagery. HSI=0.75. The HSI values
observed in the examples of young plantations and young naturally regenerating secondary
forests indicate that, even in early successional stages, naturally regenerating stands
exhibited higher horizontal heterogeneity than plantations of comparable age, confirming that
HSI effectively captures the 'management footprint' independently of forest maturity. d, HS/
distributions of new established forests overlaid by the distribution of HSI in primary forests
and plantations for the study area. e, Proportions of high-, medium-, and low-complexity for
new established forests for different countries in the study area.
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Discussion

Existing national-scale forest reports, such as the forest resources assessments from FAO,
primarily rely on forest area as a core indicator, and many countries in tropical and subtropical
Asia have reported a continuous increase in forest area over recent decades (Extended Data
Table 1). Our study shows that forest cover expansion does not equate to forest structural
complexity restoration. Currently, the distribution of low and high complexity forests in the
region is still fairly balanced, but the development shows that a considerable proportion of the
forests lost (after 2019) had a high complexity, while most newly established forests (during
2000-2018) have a low complexity. This indicates that mature secondary or primary forests
are replaced by monoculture plantations. While this potentially maintains or increases total
forest area, it is often accompanied by a decline in structural complexity. Current reporting
schemes often emphasize on forest area, which is problematic, as it conceals the ongoing
loss of high structural complexity natural forests at the expense of a general development
towards low complexity forests®5". This has implications, because forests with different
structural complexities exhibit differences in ecosystem functions such as carbon storage,
habitat quality, and biodiversity?’2°34, Therefore, a one-dimensional characterization of forest
dynamics solely based on area changes may overlook essential dimensions of ecological
quality®, potentially leading to systematic overestimation of ecological recovery and masking
underlying declines in ecosystem functioning.

From an ecosystem functioning perspective, the transition from high-complexity to
homogenous forests implies a large-scale shift in the stoichiometry of the Asian land sink.
Homogenous plantations, often characterized by high N-inputs and P-limitations, reach
'biogeochemical saturation' much faster than structurally diverse natural forestsi®6:52-%31 A
systemic homogenization represents a critical '‘biogeochemical trap'; while newly established
low-complexity forests may contribute to short-term 'greening' targets, they lack the multi-
layered functional niches required to sustain long-term soil carbon sequestration and climate
resilience®%%, potentially leading to earlier carbon-sink saturation across the continent. This
'functional browning', where forest area expands but structural and metabolic diversity
declines, suggests that Asia's role as a reliable terrestrial carbon sink is increasingly
precarious and may be systematically overestimated in models that rely solely on leaf area
index or forest cover.

This issue is also reflected in biodiversity. As an important indicator of forest ecosystem
functioning, biodiversity is inherently multidimensional, encompassing species composition,
community structure, as well as microbial and fungal diversity!*¢-°8l. However, different species
assemblages often have a contrasted response to environmental changes, making it difficult
to characterize biodiversity dynamics using a single variable®®-%%. Therefore, developing a
quantifiable and ecologically more meaningful indicator is essential for understanding the
relationship between forest characteristics and biodiversity, which remains a key challenge in
current research!®'-62],

This study contributes to addressing the need for characterizing forests beyond traditional
area-based variables. Our maps are based on sub-meter resolution images obtained by
commercial sensors, and therefore our approach is only amenable to operational use globally,
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upon access to representative sample areas of similar imagery for other tropical forest areas
in Africa as well as Central and South America. Moreover, the horizontal perspective limited
to the upper canopies cannot characterize the full range of ecological functions, but our
approach makes full use of state-of-the-art data and methods to reveal patterns clearly related
to the management aspect. Compared to existing forest structure frameworks that primarily
rely on vertical structural metrics, this study focuses on the horizontal perspective,
emphasizing tree spatial arrangement and attribute heterogeneity in forest structure
quantification. By relying on relatively simple and observable variables, such as distance
between tree crowns, crown size differences, and their spatial arrangement, our data
establishes a link between measurable spatial information and underlying ecological
processes, while offering scalability and applicability towards large-scale studies. The forest
structural complexity index proposed in this study provides an operational framework that
complements traditional vertical and area-based indicators, and reveals patterns that are not
visible from previous indices focusing on the vertical structure (Extended Data Fig 9.).
Although the relationships between forest structure and biodiversity require further
investigation, this study provides a foundation for their quantitative analysis and promotes
more comprehensive forest ecosystem assessment. Ultimately, our study highlights the rise
of 'paper-forests' across Asia, landscapes that satisfy international reporting requirements for
forest expansion but fail to deliver the biodiversity of the systems they replace. Moving forward,
global restoration targets (e.g., the Bonn Challenge or Kunming-Montreal Framework) must
mandate the reporting of structural complexity metrics alongside forest area. Only by
measuring the functional architecture of our forests can we prevent the 'invisible' degradation
of the world's most critical terrestrial carbon-water-biodiversity nexus.

Methods

Overview

Our approach capitalizes on the detectability of individual trees as objects in high-resolution
optical imagery. If these objects can be singled out, their spatial distribution and heterogeneity
of their attributes (such as crown sizes) can be directly measured and related to real-world
variables, such as management types, species diversity, etc. In summary, our work integrates
optical imagery and deep learning approaches to characterize forest horizontal structural
complexity for India, Southeast Asia and southern China (Fig. 1). First, sub-meter imagery
from Gaofen-2 and Gaofen-7 and 105,000 manually annotated tree crown labels were used
to train a deep learning model for individual tree crown segmentation, from which tree crown
size and tree location are subsequently extracted. This was used to characterize the spatial
patterns of individual trees and their neighbors. These spatial metrics are further aggregated
at the grid scale to develop the complexity index reflecting the horizontal forest structure (HSI).

Since sub-meter imagery was not available for the entire study area, the HSI derived from
sub-meter imagery was then used to train PlanetScope imagery (3-m resolution) in a second
deep learning model resulting in a wall-to-wall mapping of HSI. To constrain the analysis to
forest areas, a high-resolution tree confidence map was generated based on PlanetScope
imagery. The predicted HSI map was masked to exclude non-forested regions using the tree
confidence map and also settlement footprint datal®?.

Satellite imagery
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We used Gaofen-2 imagery acquired between 2017 and 2024 for individual tree crown
segmentation. The data include red, green, blue, and near-infrared bands, equipped with a
0.8 m panchromatic band and 3.2 m multispectral bands. For areas with missing data, Gaofen-
7 imagery was used, with 0.65 m panchromatic data resampled to 0.8 m. All Gaofen images
were processed through an automated workflow, including radiometric enhancement,
orthorectification, pan-sharpening, image registration and standardized tiling. After
processing, we obtained 937 Gaofen images with a spatial resolution of 0.8 x 0.8 m, covering
about 100,000 km2 (Extended Data Fig. 1). The workflow is described in detail in ref 64,

We used PlanetScope imagery for wall-to-wall mapping of HSI and tree cover. The dataset
includes red, green, blue, and near-infrared bands at a spatial resolution of 3 m. We followed
the downloading workflow described in ref ©° and ref 6. The framework uses MODIS
phenology data to select a period where trees have full leaves, and ranks all available images
within 1° x 1° degrees according to their meta-data. The 1° x 1° degree tile is then filled with
images having the highest quality according to the meta-data fields “clear percent”, “clear
confidence”, and “visible confidence”. All images were reprojected to the WGS84 coordinate
system. Histogram matching was applied to each downloaded scene using Sentinel-2
composites from 2018 to 2020 to reduce spectral and color inconsistencies before the 1° x 1°
mosaics were constructed. We generated mosaics from approximately 13,000 PlanetScope
images around the year 2020. We tested predictions on annual mosaics but found that the
majority of the changes between years were rather related to image quality differences than
real changes, so we averaged results over all available images to generate a static but robust

map approximately representing the year 2020.

Tree crown segmentation using Gaofen images

We manually annotated tree crowns in GF-2 images across different land use types using
QGIS 3.22. The dataset was based on the labels provided by ref. B9 (79, 838 labels), and
extended to a total of 105,000 tree crown samples across the study area, of which 80% were
used for training and 20% for validation. We used a U-Net architecture for tree crown
segmentation as described in ref. 7). This framework has been widely applied to tree
segmentation tasks at different scales, and details can be found in ref. !4, ref. 68 and ref. ©9,
Our model was trained using an input patch size of 256 x 256 pixels and a batch size of 16.
We used the Tversky loss function’® with a = 0.5 and B = 0.5 to handle potential class
imbalances. To better preserve the details of the manually labeled data, the GF-2 imagery
was resampled from 0.8 m to 0.4 m resolution for both training and prediction. To separate
clustered crowns in dense forest, we applied the post-processing approach proposed by ref.
68 which assumes tree crowns are approximately round and relabels the crown center
through weighted distance calculation. Both the deep learning and post-processing workflows
were implemented in Python 3.8. Model accuracy was evaluated based on an independent
test set following ref. %1, We refer to previous applications ¢ for details, considering the
similarity in both methodology and study area.

Tree cover from PlanetScope images

We generated tree cover maps from PlanetScope to mask out non-forest areas. The tree
detection framework was established using PlanetScope imagery for India in ref. ¢, The
framework uses point labels to detect trees or groups of trees as objects. While the original
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model was solely based on about 300,000 manual point labels, here we expanded for the
entire study area by training the model with tree crown centers from GaoFen imagery (about
5 million), including all forested and non-forested landscapes. The expansion did not change
the accuracy metrics from the original model (F1 score of 0.65). Details of the method can be
found in ref. €. During model training, discrete tree center labels were converted into
continuous Gaussian kernels. The default scale of the Gaussian is controlled by the
hyperparameters sigma (here set to 4 m) and delta (here set to 0.2), and is continuously
adapted during training with a dynamic scale map. The model was trained using multi-temporal
PlanetScope imagery around the year 2020. In contrast to ref. ¢, we did not convert the
predictions to points and did not identify trees as individuals, but used the confidence heatmap
as a reflection of tree cover at a high level of detail. We tested annual mosaics, but found that
changes are largely driven by inconsistencies and quality variability in PlanetScope imagery,
so we further applied a percentile-based (75th) aggregation over multiple images to derive a
stable static tree distribution map. As a final step, following ref. €%, pixels with confidence
values higher than 0.35 were classified as tree and below as no-tree, resulting in a 3-m
resolution binary map.

Horizontal forest structure index (HSI) from Gaofen images

Forest structure complexity from a horizontal perspective primarily refers to the spatial
configuration of trees and the heterogeneity of their attributes 28, It is closely related to factors
such as tree species composition and stand age structure ?-""l and plays an essential role in
influencing ecosystem functions and services 7. Generally, forest stands with more
heterogeneous spatial arrangements and greater variability in individual attributes tend to
exhibit higher structural complexity 27281, which is often linked to enhanced ecological benefits.
They can still provide insights into competitive interactions and related ecological processes,
thereby serving as informative indicators of forest structural characteristics 2. Remote
sensing data enable the acquisition of continuous spatial information across large spatial
extents, thereby providing essential support for the regional-scale quantification of forest
structural complexity.

At the field plot scale, structural complexity, characterized by variation in tree attributes and
spatial pattern, has been widely applied 7. The development of individual tree
segmentation techniques from remote sensing imagery provides a foundation for scaling these
approaches to larger spatial extents [©567-68 This study builds on this by characterizing forest
structural metrics at the individual tree level based on tree segmentation results, here including
two key dimensions: “tree attribute heterogeneity” and “spatial distribution pattern”.
Specifically, we extracted the crown size and location of individual trees from canopy
segmentation results to quantify the spatial relationships between individual trees and their
neighbors. These tree-level metrics were subsequently aggregated to the grid scale to
construct the Horizontal Structure Index (HSI), thereby enabling the assessment of forest
structural complexity at the regional scale.

The crown size derived from individual tree segmentation was used as a representative
variable to characterize the structural features of individual trees. Crown size is strongly
corrected with tree height, stem diameter, and biomass "%, and can be readily extracted from
satellite images. To quantify the heterogeneity of crown sizes, we considered a circular area
with a diameter of 20 m around each tree. Let the set B,y(k) contain all the trees within a
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distance of 20 m from tree k. The crown size variability x;, of tree k was computed as

1 — 2
X = \/\Bzo(k)\ 2"J'EBzo(k)(Cj - Ck)

1
C=—_7y. c,
with C; being the crown size of tree j derived from the segmentation and ™ ™ 1800 2 jeaoli0 G

being the mean crown size within the circular plot.

These tree-level metrics were subsequently aggregated at the level of 100x100 m? grid cells.

F =Ly )
Let the set T, contain the trees in grid cell ¢ and To = g Liere be the mean crown variability

in that cell. Then we defined the coefficient of variation CV. in cell c as

CV. = 1 ZfETc(x}'_fCJZ
€T & |7

Furthermore, we computed the weighted standard deviation SDY per cell

_ 2
Tjer wjxj-%¢)
Ljer wj

SDY =

The weights were given by the canopy cover

ZkESloo(J") Ck
wy = =l —
1ha

where S1p0(j) are the trees within a one-hectare square area centered at tree j and
cw _ YkeT WXk

¢ Lrer:Wk s the weighted mean. That is, SDY puts more weight on trees surrounded by
an area of dense canopy cover.

We study the spatial distribution of the trees using Ripley's K-function®”-*9l, Ripley's K function
K (r) is the expected number of other trees within distance r of an arbitrary tree divided by the
average density of trees, often estimated as the number of trees per unit area. It allows us to
analyze tree spatial patterns independent of tree density by comparing the deviation between
the observed point pattern and a completely random distribution at different spatial scales. In
this study, Ripley's K-function is calculated across multiple distance scales r, with 20 evenly
spaced distances between 0 and 40 m. Principal Component Analysis is applied at the grid
scale to extract the most representative component of the function K (r) characterizing tree
spatial distribution.

We then integrated individual tree attribute variability, represented by crown size, with the
spatial pattern metrics derived from Ripley's K-function. The two components were normalized
and summed to generate the horizontal structure index (HSI) at the grid scale, providing a
comprehensive representation of the horizontal complexity of forests.

Horizontal forest structure index (HSI) from PlanetScope images

The Gaofen based results are highly detailed but difficult to scale. High quality sub-meter
images are typically not available over large areas, and in particular tropical areas are poorly
covered due to persistent cloud cover. PlanetScope is the only sensor that provides global
high resolution imagery at an almost daily frequency. However, the 3-m resolution makes it
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challenging to segment individual trees, particularly in younger forests, where tree crowns are
small. Consequently, we did not apply the same framework as we applied on Gaofen images
to PlanetScope images, but we used the HSI results based on Gaofen to train a deep learning
patch-level regression model. The idea is that the model sees the PlanetScope image for a
specific patch, and knows the corresponding HSI value for this patch, and this information can
then be used to infer HSI for similar patches only from PlanetScope images. Specifically, the
HSI derived from high-resolution Gaofen imagery was used as the training label, whereas
multispectral PlanetScope imagery with red, green, blue, and near-infrared bands was used
as the model input. The model was trained on 32 x 32 3-m pixel patches to capture both spatial
texture characteristics and spectral information. The model adopts a convolutional neural
network (CNN)-based architecture, with the backbone initialized using weights pre-trained on
ImageNet. The model input was standardized before training. Features were extracted
through multiple convolutional layers, with the spatial resolution of the feature maps gradually
decreasing and the number of channels increasing within the encoder’®. Global average
pooling, followed by three fully connected layers, is then applied to gradually reduce the
feature dimensionality to a single value corresponding to the HSI of the target patch. To
characterize the uncertainty of the model's predictions, we used Gaussian Negative Log-
Likelihood (NLL) as the loss function, enabling the model to estimate HSI values and their
associated uncertainties while optimizing prediction accuracy. Due to variability in the quality
of PlanetScope imagery, time-series HSI predictions were integrated at 200m resolution. For
model evaluation, 269 patches are randomly selected to construct an independent test set,
which is excluded from all stages of model training and parameter tuning to ensure the
independence of evaluation. Root Mean Square Error (RMSE) and bias are used as evaluation
metrics to quantitatively evaluate the model’s prediction performance. On the independent test
dataset, the RMSE was 38.16%, with an overall overestimation bias of 11.93% (Extended
Data Fig. 4).

Data availability

The Gaofen satellite images used for this study are commercial data and cannot be distributed
at this point. Derived products, such as the horizontal structure index, tree cover maps, will be
made available upon acceptance of the manuscript. GEDI L4C Global Waveform Structural
Complexity Index (WSCI) Fusion Product can be accessed at
https://www.earthdata.nasa.gov/. Aboveground biomass data are available from
https://dx.doi.org/10.5285/95913ffb6467447ca72c4e9d8cf30501. Forest Intactness data are
available at www.forestlandscapeintegrity.com. Forest management data are available from
https://doi.org/10.5281/zenodo.5879022. Biodiversity Intactness data are available at
https://gee-community-catalog.org/projects/bii/. Natural and modified forest habitats are
available from UN Environment Programme World Conservation Monitoring at https://data-
gis.unep-wcmec.org/portal/home/index.html. The protected areas data can be accessed at
https://www.resdc.cn/ and www.protectedplanet.net. Data on primary forests, plantation
polygons, forest loss and forest gain are obtained from Global Forest Watch at
https://www.globalforestwatch.org/.

Code availability
The basic code framework for the tree mapping is available under



546
547
548
549

550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592

https://github.com/sizhuoli/TreeCountSegHeight.
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Extended Data Fig. 1: Study area and distribution of Gaofen images used for tree
segmentation, aggregated into 2.5° x 2.5° grids. Biomes are aggregated into 6 classes: Moist
Broadleaf Forests includes “Tropical & Subtropical Moist Broadleaf Forests”; Dry Broadleaf
Forests includes “Tropical & Subtropical Dry Broadleaf Forests”; Coniferous Forests includes
“Tropical & Subtropical Coniferous Forests” and “Temperate Conifer Forests”; Mixed Forests
includes “Temperate Broadleaf & Mixed Forests”;Grasslands, Savannas & Shrublands
includes “Tropical & Subtropical Grasslands, Savannas, & Shrublands”, “Flooded Grasslands

& Savannas”, “Montane Grasslands & Shrublands”; Others includes “Tundra”, “Deserts &
Xeric Shrublands” and “Mangroves”.
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Extended Data Fig. 2: Examples of tree crown segmentation, tree location and tree

probability. a, trees in palm plantation; b, trees in forest; c, trees in eucalyptus plantation; d
trees in mixed landscape.
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Extended Data Fig. 3: Examples of different structure metrics in this study and the horizontal

structure index (HSI). a, GF-2 images; b, weighted standard deviation of crown size; c,
coefficient of variation of crown size; d, Ripley's K index; e, horizontal structure index (HSI)
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Extended Data Fig. 4: Horizontal structure index (HS1) model evaluation. a, Model predictions
were evaluated using randomly selected grids that were excluded from the training dataset (n
= 269). b, Comparison of the high HSI areas with naturally regenerating forests areas across
different countries.
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Extended Data Fig. 5: Visualization of forest management data and forest structure indices.
a, forest management data “4.. b, horizontal forest structure complexity index (HSI). c, high-,
medium-, and low-complexity forest structure. d, Stand structural indicator (SSI) index derived
from GEDI 29, e, Waveform Structural Complexity Index (WSCI) derived from GEDI® and
masked using the tree cover dataset from this study.
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Extended Data Fig. 6: Horizontal forest structure complexity in forest loss areas exceeding
50% and 90% per grid. a, HSI distributions of forest loss exceeding 50% per grid overlaid by
the distribution of HSI in primary forests and plantations for the study area. b, Proportions of
high-, medium-, and low-complexity for forest loss exceeding 50% per grid in different
countries in the study area. c, HSI distributions of forest loss exceeding 90% per grid overlaid
by the distribution of HSI in primary forests and plantations for the study area. d, Proportions
of high-, medium-, and low-complexity for forest loss exceeding 90% per grid in different
countries in the study area.
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Extended Data Fig. 7: Structural complexity of forest gain during 2000-2020 based on forest
gain data. a, Mean HSI and area of new forest for 1° by 1° grids. Circle color and circle size
represents the mean HSI and the area of the new forest. b, HSI distributions of forest gain
overlaid by the distribution of HSI in primary forests and plantations for the study area. c,
Proportions of high-, medium-, and low-complexity for forest gain area in different countries in
the study area.
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Extended Data Fig. 8: Horizontal forest structure complexity in new established forest areas
exceeding 50% and 90% per grid. a, HSI distributions of new established forest areas
exceeding 50% per grid overlaid by the distribution of HSI in primary forests and plantations
for the study area. b, Proportions of high-, medium-, and low-complexity for new established
forest areas exceeding 50% per grid in different countries in the study area. ¢, HSI distributions
of new established forest areas exceeding 90% per grid overlaid by the distribution of HSI in
primary forests and plantations for the study area. d, Proportions of high-, medium-, and low-
complexity for new established forest areas exceeding 90% per grid in different countries in
the study area.
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Extended Data Fig. 9: Distributions of HSI and WSCI in areas of forest loss and new
established forest.

Extended Data Table 1. Forest area net change During 2000-2020

Countries Forest area net change
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2000-2020 (1000ha)

Indonesia 3603.3
India 4718
Myanmar -6324.2
Thailand 172.55
Malaysia -506.65
Viet Nam 2893.15
Lao People's Democratic Republic -837.4
Cambodia -2904.2
Philippines -82.8
Sum 731.75




