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ARTICLE INFO ABSTRACT
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Accurate segmentation and analysis of individual trees from 3D point clouds is a crucial yet challenging
task in urbanism and environmental studies. Most existing methods for tree instance segmentation suffer

8287792. from either under- or over-segmentation errors, mainly due to the complex nature of the environments
Keywords: and the varying tree geometries. In this paper, we propose SATree, a novel structure-aware approach that
3D urban forestry directly identifies important tree structures, such as crowns and stems, from point clouds, enabling robust tree

Point clouds

Tree instance segmentation
Structure awareness
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instance segmentation against tree overlaps and varying tree sizes. Our method leverages a multi-task learning
framework that simultaneously performs (i) semantic segmentation to classify a point as crown, stem, or other;
(ii) heatmap prediction to assign a heat value to each point based on 2D Gaussian kernels centered at tree
stem locations; (iii) offset prediction to estimate point-wise offset vectors pointing to the instance centroid.
Key to our approach is the stem localization module, where we fuse the semantic and heatmap predictions
to reliably localize tree stems from the network outputs. After that, we utilize a graph-based shortest path
algorithm to group individual tree points by integrating the learned offset embeddings. Extensive experiments
on two public forestry datasets, TreeML and Forlnstance, demonstrate that SATree consistently outperforms
state-of-the-art methods in terms of AP, APy, and AP, scores, reducing significant under- or over-segmentation
errors. Our research output supports downstream forestry inventory, 3D tree reconstruction, and fine-grained
part segmentation of trees. Our source code of SATree is available at https://github.com/shenglandu/SATree.

1. Introduction

Trees play a critical role in urban ecosystems. They bring consid-
erable ecological and economic benefits to human health by providing
photosynthetic activity, maintaining the carbon balance, and regulat-
ing the temperature (Hyyppd et al., 2012). Accurate measuring and
assessment of trees is a fundamental task for many applications, such as
urban planning, forestry management, and environmental simulations.
For example, estimating forest biomass and volume at the individual
tree level is crucial for accurate carbon storage assessments, which
further helps to develop climate change mitigation strategies (Shrestha
et al., 2018); Modeling trees within urban green spaces is also im-
portant to landscape architects and urban designers, contributing to
the planning and sustainability of modern cities. All these applications
require precise tree inventory at the instance level.

Traditional inventories of trees and vegetation heavily rely on field
surveys, which can be labor-intensive, time-consuming, and costly
(Hyyppa et al., 2001). With recent advances in remote sensing tech-
nology, 2D satellite imagery and 3D Light Detection and Ranging
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(LiDAR) data have been used to efficiently characterize forest structure
in large areas (Dassot et al., 2011). Specifically, a wide range of image-
based Artificial Intelligence (AI) approaches have been proposed to
facilitate vegetation segmentation (Arief et al., 2018), identify tree
species (Hakula et al., 2023), delineate individual tree crowns (Wein-
stein et al., 2020; Yun et al., 2021), and analyze tree structures (Reche-
Martinez et al., 2004). However, images suffer from low resolution,
weather sensitivity, and occlusion issues that hinder accurate data
acquisition (Wang et al., 2023). Furthermore, imagery naturally does
not capture tree structure details and struggles to achieve fine-grained
tree instance segmentation. In contrast, LiDAR point clouds directly
capture object surfaces with accurate 3D measurements and rich ge-
ometrical details. Given their high spatial resolution and accuracy,
LiDAR data have been widely adopted for individual tree segmentation,
which further enables researchers to derive key botanical structural
parameters such as tree height (Olofsson et al., 2014), Diameter at
Breast Height (DBH) (Sun et al., 2022a), as well as tree volume and
biomass (Fan et al., 2020).
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S. Du et al.

Individual tree segmentation from 3D point clouds can be cate-
gorized into heuristic- and learning-based approaches. Heuristic-based
methods often assume that tree tops are local maxima and thus can be
detected by watershed algorithms (Chen et al., 2006). Another assump-
tion is that tree crown points form dense clusters in Euclidean space.
Therefore, they can be segmented through various clustering tech-
niques, including mean-shift clustering (Malladi et al., 2024), density-
based clustering (J. Wang et al., 2018; Hakula et al., 2023), hierarchical
clustering (Lee et al., 2010), and graph shortest path algorithm (Livny
et al., 2010; Tao et al., 2015). However, these methods highly demand
domain-specific prior knowledge. On the other hand, driven by the
success of deep learning in computer vision and point cloud analy-
sis, several deep learning-based methods have been introduced. Early
methods typically convert point clouds into discretized models such
as Canopy Height Models (CHMs) or Digital Surface Models (DSMs)
and apply image processing techniques, e.g., Convolutional Neural Net-
works (CNNs), to achieve individual tree segmentation (Chang et al.,
2022; Hamraz et al., 2019; Wang et al., 2019). The 2D segmentation
results are then projected back to the original 3D space to obtain
3D tree instances. To avoid potential information loss during data
transformation, more recent approaches (Wang et al.,, 2023; Z. Luo
et al.,, 2021; H. Luo et al., 2021; Jiang et al., 2023a,b; Henrich et al.,
2024) directly process point clouds and perform per-point instance
predictions in 3D space. Among them, (Wang et al., 2023) designs
a two-branch network that fuses the features of the semantic and
instance branches for tree instance segmentation. H. Luo et al. (2021),
Jiang et al. (2023a), Henrich et al. (2024) perform joint semantic
segmentation and offset prediction (i.e., a directional vector pointing
to the tree instance centroid), followed by clustering the points into
individual trees.

Despite their impressive performances, many approaches struggle
to accurately identify individual trees in complex urban forest scenes.
In these environments, heterogeneous canopy structures, varying tree
sizes, and dense tree foliage can lead to significant crown overlap
or occlusion. As a result, segmentation outputs often exhibit under-
segmentation, where multiple close-by trees are segmented into a single
instance, or over-segmentation, where a single crown is fragmented
into several segments. These errors can propagate and ultimately im-
pact downstream analyses such as tree attribute computation, biomass
estimation, and urban ecosystem modeling.

In this paper, we propose SATree, a Structure-Aware Tree instance
segmentation approach, to address challenging urban forestry scenes in
large scale. Our method is inspired by an intuitive insight that a tree
instance naturally contains a stem and a crown. By explicitly detecting
the key structures, e.g, stems, we can leverage them as geometric
anchors to guide the segmentation of individual trees in challenging
urban forests, especially for forestry scenes with dense crown overlaps,
branch interference, occlusions, and varying tree shape complexities.
We introduce a simple and unified point cloud learning framework,
containing a semantic segmentation branch, a Gaussian heat prediction
branch, and an instance centroid-oriented offset prediction branch. This
unified framework enables automated detection of tree crowns and
localization of tree stems in a parallel manner, without requiring any
pre-processing or auxiliary learning modules.

Fig. 1 provides an overview of the SATree workflow, where we
use one network to jointly perform three tasks. First, the semantic
segmentation task classifies each point as crown, stem, or other. Then,
the heatmap prediction task predicts a point-wise heat response based
on 2D Gaussian kernels centered at tree stem locations. The heat value
increases as the point approaches the tree stem or main branches, to
support more accurate stem localization. In the last offset prediction
task, a 3D offset vector is predicted for each point, directing it towards
its corresponding tree instance centroid. Once tree stems are identified,
we use a graph-based shortest path approach to isolate individual trees,
which considers the proximity of points in the Euclidean space and their
offset orientation towards the instance centroids. This strategy helps to
precisely delineate tree instance boundaries. Our work provides three
major contributions:
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» We introduce a multi-task learning framework that jointly seg-
ments crowns and stems in urban forestry scenes. Leveraging the
complementary predictions of these key structural components
greatly improves overall tree instance segmentation.

» We propose a heatmap prediction module, learning high-response
representations of major tree structures to effectively guide the
tree instance segmentation.

+ We develop a direction-aware, graph-based method to integrate
the learned offset embeddings for precise delineation of tree
boundaries in complex areas.

2. Related work

In this section, we review earlier studies relevant to individual tree
detection and tree instance segmentation, ranging from the conven-
tional heuristic-based approaches to the recent deep learning-based
approaches.

2.1. Traditional tree instance segmentation

Automatic segmentation of individual trees is challenging due to
the irregularity of tree shapes and the inherent complexity of forest
ecosystems. Early approaches primarily focused on identifying and
extracting treetops from 2D aerial imagery (Dralle and Rudemo, 1996;
Wulder et al., 2000), which was later extended to 3D LiDAR data (Chen
et al., 2006). Following treetop detection, classical image segmentation
techniques, such as watershed segmentation (Beucher, 1979), can be
applied to recognize individual trees. To enhance the segmentation
of tree morphological shapes, Yun et al. (2021) introduced a dual
Gaussian filter in combination with an anisotropic water expansion
algorithm for crown boundary segmentation. These methods detect
treetops as local maxima from images or CHMs, which may result in
large commission errors (Chen et al., 2006).

Another line of approaches adopts grouping-based strategies to
segment individual trees from point clouds, based on the observa-
tion that tree canopy points naturally form dense clusters in the 3D
space. The clustering algorithms used for grouping the points are k-
means (Gupta et al., 2010), hierarchical clustering (Lee et al., 2010),
and mean-shift (Malladi et al., 2024). Studies of Ayrey et al. (2017),
J. Wang et al. (2018), Hakula et al. (2023) propose a layer-wise
stacking strategy to mitigate clustering errors in dense forest areas.
These methods slice the forest canopy into layers, cluster points per
layer, and aggregate the layer-wise clusters into tree instances. Several
works also leverage graph structure for tree instance segmentation.
Works of Livny et al. (2010), Tao et al. (2015) applied the graph
shortest path algorithm to group individual trees. Heinzel and Huber
(2018) constructed a similarity graph over the points and segmented
the trees using a Markov Random Field framework. Wang et al. (2021)
developed a hybrid approach combining the Delaunay graph and k-
Nearest Neighbor (kNN) graph, where each node repeatedly walks to
its lowest neighbor to locate its tree source. Burmeister et al. (2024)
introduced a computationally efficient marker-controlled Watershed
algorithm with 3D region growing to segment individual trees in a
coarse-to-fine manner.

A major limitation of heuristics-based approaches is that they heav-
ily rely on domain-specific knowledge as priors, making them difficult
to generalize to a broad range of forestry scenes. Finding the optimal
solution is often non-trivial for a specific urban scene or tree type.

2.2. Deep learning on 3D instance segmentation

Deep learning has revolutionized point cloud processing and 3D
computer vision in the last decade. The seminal PointNet (Qi et al.,
2017a) and PointNet++ (Qi et al., 2017b) have set the learning trend
from raw point clouds without transforming points into intermediate
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Fig. 1. SATree jointly perform three tasks: (i) semantic segmentation to classify if a point is crown (green), stem (brown), or other (black); (ii) heatmap prediction
to assign a heat value to each point, ranging from O (blue) to 1 (red). High values indicate tree stems or main branches; (iii) offset prediction to predict a
vector pointing to the corresponding tree instance centroid. Tree points and offset vectors are visualized in green and black (bottom left). By combining these
predictions, SATree achieves accurate tree instance segmentation. Unlike existing methods (Jiang et al., 2023b; Henrich et al., 2024) that do not explicitly model
tree structures, SATree jointly classifies crown and stem points and predicts a heatmap for robust stem localization. Specifically, the proposed semantic and
heatmap branches, which are highlighted in red, have demonstrated their effectiveness across trees of varying sizes and shapes in challenging scenes (bottom
right). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

formats such as image planes or 3D voxels. Since then, many point-
wise feature learning networks have been introduced, focusing on
aggregating geometrical information in local neighborhoods. Based on
the design of the local feature aggregation function, these methods can
be roughly categorized into Multi-layer Perceptron (MLP) based (Qian
et al., 2022; Lin et al., 2023), Convolution based (Thomas et al., 2019;
Xu et al., 2021), Transformer and Attention based (Zhao et al., 2021;
Lai et al., 2022).

Driven by the success of point-wise learning networks, several stud-
ies have been proposed to address the 3D instance segmentation task
on point clouds, which aims to recognize each point at the object
instance level. One of the first studies is SGPN (W. Wang et al., 2018),
which learns a 3D instance segmentation representation by forming
the feature similarity matrix. This method can be computationally
expensive. PointGroup (Jiang et al., 2020) introduces a framework
that learns to group points into instance clusters based on semantic
and offset predictions. This idea was later extended to HAIS (S. Chen
et al, 2021) and SoftGroup (Vu et al., 2022) for its simplicity and
effectiveness. HAIS refines (Jiang et al., 2020) by adding a hierarchi-
cal aggregation scheme. SoftGroup performs bottom-up soft grouping,
allowing each point to be assigned to multiple instances, and then
refines the segmentation results top-down. Very recently, PointGroup
and SoftGroup have been adopted as backbone architectures for 3D tree
instance segmentation (Wielgosz et al., 2024; Henrich et al., 2024).

The design of SATree architecture is largely inspired by the emer-
gence of recent deep learning-based methods on general 3D instance
segmentation tasks. However, SATree is specifically designed for tree
instance segmentation. It focuses on joint semantic segmentation of tree
points and detection of particular tree parts as structure priors to guide
the instance segmentation, which is lacking in existing studies to our
best knowledge.

2.3. Deep learning on tree instance segmentation

Enabled by the broad applications of deep learning in computer
vision and point cloud analysis, numerous learning-based approaches
have been developed to address tree instance segmentation.

A number of studies have directly applied image-based object
detection networks to identify 2D urban tree instances from cap-
tured RGB imagery. Among them, DeepForest (Weinstein et al., 2019,
2020) adopts the RetinaNet (Lin et al., 2017) detector to produce
tree bounding box predictions from aerial images. Follow-up studies
have adapted Region-based Convolutional Neural Networks (RCNNs),
e.g., Faster RCNN and C-Mask RCNN, for individual tree detection and
counting (Sun et al., 2022b; Osco et al., 2020). Ammar et al. (2021)
compared several CNN-based object detection approaches for palm tree
counting in large farm areas, concluding that Yolov4 (Bochkovskiy
et al., 2020) and EfficientDet-D5 (Tan et al., 2020) provide the best
trade-off between accuracy and inference speed.

Besides, many research efforts have also been dedicated to 3D
tree instance segmentation from LiDAR point clouds. Among them,
discretization-based methods first discretize the tree points into grid-
based models (e.g., DSMs and CHMs), then adopt a 2D object de-
tection network to locate tree bounding boxes. Chang et al. (2022)
projected tree points onto the ground plane and utilized Yolov3 (Red-
mon, 2018) for tree instance segmentation. Xi and Hopkinson (2021)
transformed tree points into bird’s-eye-view images and employed Cen-
terNet (Duan et al., 2019) for individual tree detection. Alternatively,
point-based methods directly perform instance segmentation on 3D tree
points, avoiding the potential information loss during data transfor-
mation. Wang et al. (2023) proposed a two-branch network that fuses
features from the semantic branch and the instance branch to segment
tree instances. X. Chen et al. (2021) used PointNet (Qi et al., 2017a)
to classify tree points and obtained individual tree crown boundaries
by analyzing height gradients. H. Luo et al. (2021) first performed se-
mantic segmentation of trees, then incorporated an additional network
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Fig. 2. Framework of SATree. The input to our method is a point cloud containing coordinates and additional features. We use intensity as the input feature

across all the experiments, i.e., C = 1. SATree has one shared point feature

encoder and three decoders that jointly perform semantic segmentation, Gaussian

heatmap prediction, and offset vector prediction. N is the number of input points, N' x F denotes sparse point features in the latent space, and N’ < N. We use
three distinct losses L, £y, and L, to supervise the corresponding tasks. Then, we combine the semantic outputs with the heatmap outputs to accurately localize
tree stems. Lastly, the tree points are grouped based on the detected tree stem locations to generate the 3D tree instances.

to predict point-wise offset vectors directed towards object centroids,
allowing points to aggregate into distinct tree instances. This strategy
was later extended to the study of Jiang et al. (2023b), where tree
centroids are mined from the learned offset embeddings to enhance
the tree instance segmentation accuracy. Yang et al. (2024) adopted
the Point Transformer (Zhao et al., 2021) for semantic segmentation
of trees, then utilized morphological opening and closing techniques to
achieve single tree segmentation. Recently, Segmentanytree (Wielgosz
et al., 2024) and TreeLearn (Henrich et al., 2024) adopted state-of-the-
art 3D instance segmentation networks, e.g., PointGroup and SoftGroup,
for individual tree segmentation.

To further handle challenging forestry areas with overlapping
crowns and interfering branches, Ning et al. (2025) incorporated a
boundary-ware module to analyze boundary points within adjacent
trees, which enhances the individual tree boundary delineation. Ma
et al. (2025) introduced a contrastive learning strategy, which improves
the feature discriminability of tree instance representations. Addition-
ally, several studies (Wang et al., 2019; Pu et al., 2023) focused on
detecting tree stems to separate single trees, relying on transforming
stem points to CHMs and detecting them using 2D image processing
techniques.

Similar to some previous studies, SATree performs semantic seg-
mentation and offset prediction. Nevertheless, SATree explicitly detects
main tree parts such as stems and crowns. Using these structures as
priors, we can precisely localize, identify, and delineate individual trees
even in challenging urban areas, maintaining the robustness against
tree overlaps and varying tree sizes.

3. Method

Our input is a point cloud P € RN*G+C) captured from an urban
scene containing both trees and non-tree objects, where N denotes the
number of points and C denotes the input point feature dimension.
Theoretically, any useful geometrical or spectral attributes can be used
as input point features. In this study, we use the point intensity value
as the feature for its simplicity and wide applicability, ie, C = 1.
Taking P, we use a point-based deep learning backbone to encode point
features, followed by three decoding branches:

+ a semantic segmentation branch for segmenting points into cate-
gories of crown, stem, and other;

+ a Gaussian heatmap prediction branch for assigning a heat value
to each point. We generate a 2D Gaussian-based heatmap on the
x-y plane with peaks at the locations of individual tree stems.
As shown in Fig. 3, points near tree stems or main branches are
predicted with high heat values, which helps to localize tree roots
precisely;

+ an offset prediction branch for predicting a point-wise offset
vector directing towards tree instance centroids.

We can identify high-fidelity tree stem locations using the outputs
from semantic segmentation and heatmap predictions. Subsequently,
combining the outputs from all three branches, we group tree points
based on the extracted stem locations to obtain the final tree instances.
The overall framework of SATree is illustrated in Fig. 2.

3.1. Network architecture

Our network has one shared feature encoder and three separate
decoding branches. We use PointMetaBase (Lin et al., 2023) as our
backbone for the feature encoder to obtain high-level point features. In
theory, any point-based learning networks (e.g., PointNet++ (Qi et al.,
2017b), KP-Conv (Thomas et al., 2019), Point transformer (Zhao et al.,
2021), Stratified transformer (Lai et al., 2022)) can be used. In this
work, we choose PointMetaBase since it achieves a good trade-off be-
tween performance accuracy and computational efficiency. Following
the shared feature encoder, the network consists of three decoding
branches: the semantic segmentation branch, the heatmap prediction
branch, and the offset prediction branch. Each branch performs a
distinct task, which is detailed as follows:

Semantic segmentation branch. This branch outputs a semantic
logit map S € RV*K, where K is the number of semantic categories.
In this study, the categories include crown, stem, and other, and thus
K = 3. Tree crowns and stems are treated as distinct classes, while all
the rest points in the scene (e.g., building, road, lamppost, pedestrian)
are categorized as other, given our focus on tree objects. The high class
imbalance poses challenges for standard supervision. For the urban
environment, other (e.g., grounds, buildings, roads) accounts for the
majority of the dataset, while stem only accounts for a very small
portion. Therefore, we use the weighted Cross Entropy loss to supervise
this branch, where we assign a significantly higher weight to the class
stem and a lower weight to other.

N
Ly=— Y wlogpf, ¢h)
i=1

where N is the total number of points, k is the Ground Truth (GT)
semantic label of the ith point, pf.‘ is the predicted probability of the
ith point belonging to its GT category that can be obtained from the
network softmax layer, and w, is the weight of the class k.

Heatmap prediction branch. To better localize tree stems, we
produce a 2D Gaussian-based heatmap on the x-y plane with peaks
at the locations of individual tree stems. Then, we use this branch
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Top view

Fig. 3. Visualization comparison of 2D Gaussian representation (left) and 3D Gaussian representation (right) of the same tree instance. The Gaussian heat value
ranges from O to 1, from blue to red. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

to predict a Gaussian heatmap H € RV*!. Our design principle is to
ensure that points associated with tree stems or main branch structures
are assigned high heat responses, while minor twigs and background
points have low heat values. In theory, it is also possible to design a
3D Gaussian-based heatmap prediction task. However, as shown in Fig.
3, the proposed 2D Gaussian representation better highlights the stem
and main branch structures than its 3D counterpart. This is because tree
stem bases are vertically elongated but remain spatially consistent in
the horizontal x-y plane across height. A 3D Gaussian formulation may
introduce unnecessary degrees of freedom that are weakly constrained
by data, potentially degrading localization robustness. Contrarily, a
2D representation can effectively suppress vertical sparsity, branching
noise, and dense canopy interference. Furthermore, the 2D Gaussian
heatmap representation naturally exhibits a local maximum for each
tree instance, which directly supports subsequent tree stem localization
(Section 3.2).

The GT heatmap H is created by retrieving each tree instance
and placing a 2D Gaussian kernel centered at its respective tree stem
location, which is defined as the geometrical center of the tree stem
points. The GT heat value of the ith point is computed as follows:

],i[_ — e—ad,-/r’ (2)
where d; is the distance from the ith point to the stem centroid of its
corresponding tree instance projected on the 2D x-y plane. r is the
Gaussian kernel radius, defined as the maximum point-to-stem distance
projected on the 2D x-y plane from the current tree instance. « is the
hyperparameter that scales the Gaussian distribution. The GT Gaussian
heatmap can be directly derived from the raw dataset and only needs
to be generated for the training dataset. Then, during inference, the
network learns to predict a point-wise Gaussian heat value for the
unseen test dataset. We use the Mean Squared Error loss to supervise
the heatmap branch:

N
~A 2
Ly= Y h = Al ®3
i=1

where h; is the predicted heat value of the ith point and #; is the
corresponding GT value.

Offset prediction branch. Following the standard practice in pre-
vious studies (H. Luo et al., 2021; Jiang et al., 2023b,a; Henrich et al.,
2024; Wielgosz et al., 2024), we use this branch to output an offset map
0 € RV*3, where for each point, we predict a 3D offset vector pointing
to its tree instance centroid. The predicted offset vectors are further
used in the tree point grouping step to enhance the segmentation of
tree instances. We use Mean Squared Error loss to supervise this task,
which is formulated as follows:

N
Lo=) ld; - dli3, &)
i=1

where d; € R is the predicted offset direction vector. d; is the GT offset
vector of the ith point. During training, the background (i.e., other)
points are masked out, whereas only the tree points (i.e., crown and
stem) contribute to the supervision.

Network supervision. The network is jointly supervised by the
three loss terms defined for the three separate branches. The total loss
is given as follows:

L=Lo+ AL+ ALy, 5)

where 4, and 4, denote the hyperparameters to balance the correspond-
ing losses.

3.2. Stem localization

Having obtained the network outputs, we first select the points
predicted as stem and perform a density-based clustering on the x-y
plane over the stem points to initially localize individual tree roots.
This is inspired by the observation that stem points typically form dense
clusters at tree roots.

In practice, not all identified stem clusters correspond to actual tree
stems due to noise and errors in the previous semantic predictions.
For example, objects such as lampposts are often misclassified as tree
stems. To mitigate such errors, we perform a sequence of fidelity checks
over the clustered stem candidates. Fig. 4 depicts the stem localization
process, with the steps and criteria further detailed in Algorithm 1.
Three criteria are designed based on the geometrical properties of tree
roots and heat value distributions, which can be formulated as follows:

(i) Proximity to the ground. We measure if the lowest point in a tree
stem candidate is close enough to the ground using a height threshold
€, (Algorithm 1 Line 9). This ensures that detected stems are grounded
appropriately within the scene.

(ii) High heat value. As illustrated in Fig. 3, true stem points are
likely to be predicted with higher heat values. Therefore, we use an
empirical heat threshold ¢, to filter out the stem cluster candidates with
insufficient heat values (Algorithm 1 Line 10).

(iii) Local maxima in the heat distribution. In certain cases, such
as urban scenes with small trees, true stem points may exhibit low
predicted heat values as the heatmap prediction is implemented as a
regression task that outputs continuous predictions. Simple threshold-
ing using ¢, will likely ignore such small trees with low heat values.
To enhance the robustness of stem detection, we apply a two-ring
cylindrical neighborhood, with the inner-ring neighborhood a radius
size of ¢,, to assess whether a stem cluster represents a local maximum
in the heat value distribution. Stem cluster candidates that form such
local maxima are also classified as true tree stems, which serves as
a refinement for the second criterion. The local maxima-based stem
filtering is detailed in Algorithm 1, Lines 14-16.
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Fig. 4. Stem localization from the predicted scene semantic map and heat map. In the semantic map, crown points, stem points, and background points are
visualized in green, brown, and black, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)

Algorithm 1: Tree stem localization from the network predictions

Input: input point coordinates P, predicted semantic map S, and heatmap H
Output: stem clusters C = {C,, C,, C;, ...} with root locations R = {ry,r,,r3, ...}

1 Initialization: C « @, R < @, user-defined thresholds ¢, ¢, €,

2 Extract points with semantic predictions of stem and crown,
P, < {p; € P|s; = stem};

P, < {p; € P|s; = crown}

3 Apply density-based clustering on P, on the x-y plane to obtain stem cluster candidate set C’ = {C|,C,,Cj,...}

4 for C; € C’ do

5 Collect the stem cluster coordinates and heatmap predictions,
P, < {pjlp; € P,nC;};
H; < {hjlp; € P,nC;}
6 Zmin min(Pi(z)) = Zground
7 h « avg(H;)
8 | 1< avg(P)
9 if z,,;, < ¢, then
10 if A > ¢, then
1 | C<C+{C}; R« R+{r}
12 end
13 else
14 N, < {pjlp; € P, A dist(pj.rp) <€.};
N, < {pjlp; € P, A dist(pj, ;) < 3€,};
hy < max{h;|p; € N\ }; hy < max{h;|p; € N,}
if h; > h, then
15 ‘ C«C+{C}; R« R+ {r;}
16 end
17 end
18 end
19 end

// dist(-,-) computes the 2D distance of points on x-y plane

Our stem localization requires manually tuned hyperparameters,
such as the heat value threshold ¢, and the radius size ¢,. We detail
the choice of these hyperparameter values in Section 3.4, and further
present the analysis of hyperparameter sensitivity in Section 5.2.

3.3. Tree point grouping

Following the localization of tree stems, we perform individual tree
isolation using a graph-based approach. Compared to spatial clustering
methods such as DBSCAN, the graph-based approach is less sensitive to
data sparsity and outliers, thus allowing more robust tree instance seg-
mentation across heterogeneous point-density distributions and varying

tree geometric shapes. We construct a Delaunay triangulation graph
G = (V, E) over the input tree points (i.e., points predicted to be either
stem or crown). The detected tree root locations, R = {ry,r,,r3,...}
obtained from Algorithm 1, are manually added to G as additional
vertices. Then, we apply Dijkstra’s shortest path algorithm to build the
Minimum Spanning Tree (MST), determining the tree source for each
vertex within the graph. We add pseudo edges between root vertices in
R with zero edge weights, which guarantees that every tree vertex can
be sourced back to a root vertex in the resulting MST.

Works of Livny et al. (2010), Tao et al. (2015) also utilize the
shortest path approach to group individual tree points based on the tree
roohe edges of G by the 3D Euclidean distances between vertex pairs.
While straightforward, this edge-weighting strategy fails to account



S. Du et al.

Table 1

Details of network supervision and segmentation hyperparameters.
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Eq. (1) Eq. (2) Eq. (5) Eq. (6) Algorithm 1

Werown Wstem Wother a A A B €; €n €
TreeML 2.0 15.0 1.0 10.0 10.0 0.05 3.5 2.0 0.5 0.15
ForInstance 2.0 6.0 3.0 10.0 10.0 0.2 2.5 2.0 0.9 0.1

for size variations among different tree instances in complex forest
scenes. For example, branches or twigs from a large tree may be
wrongly assigned to a neighboring smaller tree if their shortest paths
to the neighboring tree’s root are shorter. This often leads to inaccurate
boundary delineation between tree instances.

To overcome their limitations, we propose shifting the vertex coor-
dinates using the predicted offset embeddings (Section 3.1). Edges in G
are then weighted by the 3D Euclidean distances between the shifted
vertex pairs. Given the 3D coordinate of the original vertex v;, we shift
it to a new coordinate v;’ by the following formula:

! 1
R T
where h; and d; are the predicted heat value and offset vector of the
ith point in the graph. g is a user-defined hyperparameter. The shifting
mechanism enables each tree point to move incrementally towards its
corresponding instance centroid. In Eq. (6), the step direction is deter-
mined by the predicted offset d, and the step magnitude is modulated
by the predicted heat value . Thus, points near tree stems or main
branches will hardly shift, whereas points near instance boundaries
undergo more significant shifts towards the instance centroids.

Then, the edge weight ¢;; between the ith vertex and the jth vertex
of the graph G is computed as follows:

(6)

e;; = Ivi =vj'll,. @)

We apply Dijkstra’s shortest path algorithm to separate individual
trees based on the edge weights obtained from Eq. (7), enhancing
the robustness of tree segmentation against variations in tree size and
shape.

3.4. Test dataset and implementation details

Since our method is primarily designed to segment urban trees from
scene-level urban point clouds, we evaluate the effectiveness of the
proposed SATree on TreeML (Yazdi et al., 2024), a large-scale labeled
urban forest point cloud dataset that can be publicly accessed online.
TreeML consists of 40 urban street scenes in Munich captured by Mobile
Laser Scanner (MLS) and contains 3755 trees representing a wide range
of sizes and species. Each tree is measured by the Quantitative Structure
Modeling (QSM) approach, enabling us to extract GT tree stem points.
We use 30 scenes for training, five scenes for validation, and five scenes
for testing. The test scenes are selected based on their variability in tree
instance counts and forest structural complexities.

Besides, we also assess the generalizability of our approach to
natural forest scenes using the ForInstance (Puliti et al., 2023) dataset.
Forlnstance is an Airborne Laser Scanning (ALS) dataset that captures
dense forest areas and comprises five collections from diverse global
regions (i.e., Norway, the Czech Republic, Austria, New Zealand, and
Australia) representing varying forest types. It contains both instance-
level annotations and part-level annotations, such as stem and branch.
From the publicly available 32 forestry scenes, we use 21 scenes for
training and 11 for testing. Our train-test split follows the official
benchmark, ensuring that the test set covers all five distinct forest
collections.

Given the different geometric properties of the two tree datasets,
we tune the hyperparameters separately for each dataset. Table 1
summarizes all hyperparameter values used in SATree, with the top row
corresponding to TreeML and the bottom row to Forlnstance. In Eq.
(1), class-specific weights w are assigned to the semantic categories

crown, stem, and other to mitigate class imbalance in the semantic
segmentation task. We approximately set these weights as inversely
proportional to the number of samples in each class for the correspond-
ing dataset. In Eq. (2), a is set to a large value, e.g., 10.0, for both
datasets to encourage a sharply peaked Gaussian heatmap distribution
near tree stems and main branch structures. In Eq. (5), we set 4, to
10.0 to emphasize the heatmap prediction task during network training.
A, is assigned a larger value for ForInstance than for TreeML. Our
choice is motivated by the fact that Forlnstance mainly comprises
coniferous trees, which exhibit smaller offset vector magnitudes than
the broadleaf trees in TreeML. Thus, we use a larger 4, to increase
the importance of the offset prediction task on the ForInstance dataset.
Besides, hyperparameters g, ¢;,, and ¢, are empirically selected for the
two datasets considering their differences in tree species and geometry.
In Section 5.2, we provide a comprehensive analysis of the effects of
varying hyperparameters on tree segmentation performance.

For the network backbone, we choose PointMetaBase (Lin et al.,
2023), an MLP-based architecture for point feature encoding. It repre-
sents a state-of-the-art approach in point cloud learning that provides a
good trade-off between segmentation accuracy and computational effi-
ciency. Since both datasets contain massive points that are challenging
for the network to directly process, we crop the scanned scenes into
small patches and use these as the input to the network. In Point-
MetaBase, a voxel subsampling strategy is adopted to further reduce
the number of points. We set the voxel grid size as 20 cm, following
the common practice for processing large-scale urban scenes (Hu et al.,
2021). Point intensity is used as the input feature and is normalized
to the range [—1, 1]. Besides, several data augmentation techniques are
applied, such as adding jitter noises to point coordinates, randomly
rotating points, and randomly dropping point intensities. During train-
ing, PointMetaBase samples randomly cropped points into batches, with
each batch containing 24,000 points. The batch size is set to 16. The
cosine learning rate scheduler is used with an initial rate of 0.01, and
the AdamW optimizer is adopted with a weight decay of 0.0001. We
follow this original training configuration of PointMetaBase and train
the network on 50 epochs for both datasets. The training experiments
are conducted on a single NVIDIA GeForce RTX 2080 Ti. Approxi-
mately, the training requires 30 h for the large-scale urban TreeML
dataset and 5 h for the nature ForInstance dataset. The subsequent
stem localization and tree point grouping are implemented in C++. For
more implementation details, please refer to our open-source release of
SATree.

4. Results

We assess the performance of the proposed SATree on TreeML and
Forlnstance datasets, in comparison with both a traditional heuristic-
based approach and a recent deep learning-based method. In the
following Sections 4.2 and 4.3, we present both the quantitative results
and the qualitative results, respectively.

4.1. Comparison and evaluation

For experimental comparison, we select two state-of-the-art meth-
ods, TreeSeparation (J. Wang et al., 2018) and TreeLearn (Henrich
et al., 2024). They are representative of heuristic-based and learning-
based approaches, respectively. Moreover, both methods are open-
source, which enables fair and reproducible comparisons.
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Tree instance segmentation results on TreeML (Yazdi et al., 2024) with AP, AP, and AP,;. SATree achieves the
highest scores (in bold), outperforming the other two methods on all scenes by a large margin.

Scene street name Metric TreeSeparation (J. Wang et al., 2018) TreeLearn (Henrich et al., 2024) SATree
AP 0.697 0.685 0.935
2023-01-09_tum_campus ~ APg, 0.815 0.800 0.969
APy 0.846 0.845 0.985
AP 0.770 0.726 0.869
2023-01-10_47 AP, 0.821 0.786 0.893
APys 0.927 0.784 0.964
AP 0.905 0.845 0.972
2023-01-12 57 AP, 0.964 0.929 1.000
AP, 0.964 0.929 1.000
AP 0.810 0.684 0.918
2023-01-13_70 AP, 0.924 0.771 0.983
AP, 0.932 0.780 0.983
AP 0.665 0.851 0.981
2023-01-16_44 AP, 0.875 0.918 0.997
AP, 0.944 0.936 1.000

TreeSeparation is a heuristic-based approach that takes the pure
tree points as input. Therefore, we use the semantic predictions of our
network as its input. The core idea of TreeSeparation is to perform
layer-wise clustering for ALS tree point cloud instance segmentation,
where the clustering radius and the minimal number of points are
the key hyperparameters. We re-tune these hyperparameters for the
datasets used in our experiments for the comparison. Specifically, for
the TreeML dataset, we set the radius to 1.0 m and the number of points
to 500. For the ForInstance dataset, we set these values to 0.5 m and
200, correspondingly.

On the other hand, TreeLearn represents the state-of-the-art in deep
learning-based approaches. It takes the scene point clouds as input
and directly generates the tree instance predictions. TreeLearn adopts
SoftGroup (Vu et al., 2022) as its backbone, with the training hyper-
parameters optimized for forestry scene segmentation. Therefore, we
use their default training configuration. TreeLearn generates instance
predictions on voxelized point clouds. We further project their voxel-
level predictions back to the original point clouds. To ensure a fair
comparison, we use the same input feature (i.e., point intensity), voxel
resolution, set the same train-test split for both TreeLearn and our
method.

For quantitative evaluation, we adopt the widely used Average
Precision (AP) metric to assess the tree instance segmentation perfor-
mance. AP is calculated as the area under the Precision-Recall curve
and is a robust indicator of model performance in instance segmenta-
tion tasks. Following the common practice, we report AP scores using
Intersection over Union (IoU) thresholds of 25% and 50%, denoted as
AP,5 and APs,. We also report the overall AP score averaged across
IoU thresholds ranging from 50% to 95% with a step length of 5%.

4.2. Results of treeml

We perform tree instance segmentation of the proposed SATree on
the TreeML dataset in comparison with TreeSeparation and TreeLearn.
Table 2 reports the quantitative results. It has demonstrated that SATree
achieves the highest scores across all five test scenes as evaluated by
the AP, APs,, and AP,s, surpassing the comparison methods by a large
margin. In particular, SATree attains an AP score exceeding 0.9 in
four out of the five scenes. This shows that SATree delivers promising
instance segmentation of trees in most urban scenes, highlighting that
our approach is consistently practical for the tree instance segmentation
task in urban environments.

Fig. 5 visually compares the segmentation results achieved by
TreeSeparation, TreeLearn, and SATree. TreeML captures complex ur-
ban street-level scenes exhibiting massive trees with varying sizes
and shapes, which pose significant challenges for existing methods,
resulting in under-segmentation or over-segmentation. For example,

in Fig. 5 row 1, three trees with closely intertwined branches and
twigs are erroneously segmented as a single tree by TreeSeparation and
TreeLearn. In contrast, SATree successfully identifies and segments the
three individual trees. Meanwhile, over-segmentation, where a single
tree is divided into multiple smaller segments, is also common due
to the large volume of tree canopies, which can be observed in rows
2, 4, and 5 of Fig. 5. Unlike TreeSeparation and TreeLearn, SATree
mitigates most over-segmentation errors by leveraging its robust stem
localization strategy.

We also observe that SATree can detect trees of petite sizes, which
are often overlooked by the comparative method TreeLearn (see Fig.
5 row 3). In TreeLearn, trees smaller than 10 m are likely to be
misclassified as background points due to the sparsity of small tree
representations in the training dataset. However, despite using the
same training data, SATree can still effectively identify small trees, due
to its ability to accurately detect the roots of small trees. Moreover,
our approach can be directly integrated into TreeSeparation. Using
our semantic predictions as input, TreeSeparation also successfully
identifies small trees.

4.3. Results of Forlnstance

SATree is primarily designed to address the task of urban tree
instance segmentation. To further assess its applicability to natural
forestry environments, we also evaluate it on the ForInstance (Puliti
et al., 2023) dataset. Table 3 reports our performance scores compared
against TreeSeparation (J. Wang et al., 2018) and TreeLearn (Henrich
et al., 2024). Overall, SATree outperforms the other two methods in
most scenes, achieving the highest AP, AP5,, and AP,5 scores in the
forest scenes CULS, NIBIO, and RMIT. Notably, SATree achieves 100%
precision in instance segmentation for the CULS scene. For the SCION
and TUWIEN forest scenes, TreeLearn achieves the highest overall AP
score. Nevertheless, SATree outperforms TreeLearn in AP5y and APy,
demonstrating its robustness across different evaluation metrics.

Fig. 6 visually compares the tree instance segmentation results of
the three methods. As in TreeML, SATree reduces under-segmentation
and over-segmentation errors, outperforming the other two methods.
In the CULS scene (Fig. 6, the first row), SATree avoids segmenting a
single tree crown into multiple sub-trees. In the scenes of NIBIO (Fig. 6
row 2) and RMIT (Fig. 6 row 3), SATree successfully detects the trees
ignored by other methods, demonstrating the robustness of its stem
localization strategy. For the TUWIEN (Fig. 6 row 5) scene, SATree
generates segmentation outputs closely aligned with the GT. However,
despite this visual alignment, the reported AP scores of SATree are
lower than those of TreeLearn. In SCION, SATree does not perform as
well as TreeLearn in terms of both quantitative measures (Table 3) and
qualitative results (Fig. 6 row 4). It is observed that for coniferous trees,
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Fig. 5. Tree instance segmentation results achieved on the TreeML dataset by applying TreeSeparation, TreeLearn, and SATree, respectively. The segmented tree
instances are randomly colored, and the background points are shown in black. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

Table 3
3D instance segmentation results on ForInstance (Puliti et al., 2023) with AP, APy, and AP,; scores. SATree
achieves the highest scores in three of the five forest scenes.

Forest scene name Metric TreeSeparation (J. Wang et al., 2018) TreeLearn (Henrich et al., 2024) SATree

AP 0.922 0.839 1.000
CuLS AP, 1.000 0.900 1.000
AP, 1.000 0.900 1.000
AP 0.456 0.647 0.665
NIBIO AP, 0.604 0.764 0.814
AP, 0.629 0.783 0.857
AP 0.348 0.153 0.366
RMIT AP, 0.500 0.230 0.541
AP, 0.616 0.343 0.670
AP 0.354 0.822 0.788
SCION AP, 0.690 0.884 0.907
AP, 0.857 0.884 0.930
AP 0.162 0.349 0.295
TUWIEN AP, 0.343 0.514 0.486
AP, 0.457 0.627 0.743
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(d) SATree (ours)

Fig. 6. Tree instance segmentation results achieved on the ForInstance dataset by applying TreeSeparation, TreeLearn, and SATree. The five forest scenes (CULS,
NIBIO, RMIT, SCION, and TUWIEN) are shown from top to bottom. We use randomized colors to visualize segmented tree instances, while background points
are shown in black. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

although SATree can correctly localize individual trees by detecting
their stems, it struggles to delineate tree instance boundaries when they
are too closely spaced.

Overall, SATree achieves comparable or superior results to other ex-
isting methods specifically designed for natural forest scenes, indicating
its potential to generalize to such application scenarios.

5. Discussions

In this section, we present detailed discussions of the proposed
SATree, including the ablation studies to verify the effectiveness of our
approach design, hyperparameter sensitivity analysis, and point density
analysis.

5.1. Ablation studies

The goal of ablation studies is to systematically analyze the con-
tribution of individual components within the overall SATree pipeline.
Specifically, we have introduced several novel strategies to enhance ac-
curate tree instance segmentation: First, we predict a Gaussian heatmap
in the network that benefits stem extraction (Section 3.1); Second,
we leverage the local maxima detection from the heat distribution to
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robustly recognize tree stems from cluster candidates (Section 3.2);
Moreover, we grouping tree points into distinct instances using shifted
coordinates instead of raw coordinates to better delineate tree bound-
aries (Section 3.3, Eq. (6)). Ablative studies are performed to verify
the effectiveness of these proposed strategies, where we use the 2023-
01-09_tum_campus test scene from TreeML for experiments. Given the
challenging forestry structures of this scene, such as dense tree overlaps
and significant variations in tree sizes, its performance score will pro-
vide a good measure of the proposed strategies. The results of ablative
experiments are reported in Table 4.

5.1.1. Heatmap prediction

To assess the effectiveness of the heatmap prediction task, we
remove this branch from the network along with the supervision term
Ly, in Eq. (5). Additionally, we remove the heat value-related criteria
from Algorithm 1, and purely rely on the geometrical criterion for stem
extraction. Accordingly, Eq. (6) is modified to

(8

where we use the magnitude of the predicted offset vector d to deter-
mine the extent of shifting. As shown in Table 4, adding the heatmap

Vi’ =v;+ di’
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Ablative results achieved by omitting the following key components: heatmap prediction (Section 3.1), local maxima identification
for stem extraction (Section 3.2), and using shifted coordinates for tree point grouping (Section 3.3, Eq. (6)).

Test scene Metric w/o0 heatmap w/o local maxima w/o shifting coordinates for SATree
tree point grouping

AP 0.831 0.892 0.713 0.935

2023-01-09_tum_campus APy, 0.892 0.923 0.862 0.969

AP, 0.938 0.938 0.969 0.985

T
f
TRUN

LRI

(a) GT instances

(b) without heatmap prediction

(c¢) with heatmap prediction

Fig. 7. Visual comparison of the results achieved with and without adopting the heatmap prediction task in the network.

prediction task results in improved performance, achieving an increase
of 0.104 in AP, 0.077 in APs,, and 0.047 in AP,s. Fig. 7 presents the
visual comparison between the results obtained without and with the
heatmap prediction branch. These results suggest that heatmap predic-
tion enhances stem localization accuracy and yields cleaner instance
segmentation of trees.

5.1.2. Stem extraction by detecting local maxima

In Section 3.2, we refine the stem localization by detecting whether
a stem candidate location is a local maximum within the heat dis-
tribution. To verify the effectiveness of this strategy, we remove the
detection of local maxima and instead only use the heat value threshold
to select stems from cluster candidates. Table 4 shows that without
the local maxima detection, performance scores drop 0.043 in AP,
0.046 in APsj, and 0.047 in AP,s. The main reason is that detecting
local maxima helps to recognize small trees with thin stem structures,
which are often overlooked when using heat value thresholds alone.
Fig. 8 illustrates that the absence of local maxima detection leads to
poor segmentation of small trees, either merging them with nearby
trees or labeling them as background noise. In contrast, including the
local maxima detection significantly enhances performance by reliably
identifying most of the smaller trees.

5.1.3. Tree point grouping with shifted coordinates

Constructing a forest graph and applying the shortest-path algo-
rithm to isolate single trees has been explored in a few studies (Livny
et al., 2010; Tao et al., 2015). Nevertheless, these methods primarily
assign tree points to instance roots based on their spatial proxies in the
3D Euclidean space. Different from that, we shift the raw coordinates
of 3D tree points using the learned offset embeddings and segment tree
instances in the shifted 3D space. In Table 4, we compare the results
obtained by grouping tree points based on their raw coordinates versus
the results achieved using shifted coordinates. Without using shifted
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coordinates for tree point grouping, performance scores decrease 0.222
in AP, 0.107 in APsg, and 0.016 in AP,s. Specifically, compared to the
other ablation experiments, this configuration achieves a higher AP,g
score but lower scores in APs5, and AP. The reason is that grouping
tree points using raw coordinates does not impact the stem extrac-
tion process. Tree stems could still be accurately localized, leading
to a high AP,5 score. However, it fails to segment regions near tree
boundaries, particularly in scenarios with significant overlap between
tree branches, thus resulting in poorer performances in AP and APs,.
The visual comparison presented in Fig. 9 shows that grouping tree
points with raw coordinates fails to preserve tree boundaries, especially
when nearby trees exhibit varying sizes. As a result, points from an
enormous tree are likely to be assigned to a smaller neighboring tree.
In contrast, grouping tree points with shifted coordinates significantly
prevents such errors and obtains more natural tree instance boundaries.

5.2. Hyperparameter sensitivity analysis

The proposed SATree involves multiple hyperparameters that need
to be manually tuned. We select four important hyperparameters,
including 4, from the network supervision loss (Eq. (5)), ¢, and ¢, from
Algorithm 1, as well as p from Eq. (6). Then, we use the overall AP
metric to evaluate their sensitivity to the resultant segmentation per-
formance, as the AP score gives a comprehensive evaluation averaged
across a large range of IoU thresholds. All experiments are performed
on the 2023-01-09_tum_campus set from TreeML and the NIBIO set from
ForlInstance to provide a consistent analysis.

5.2.1. Effect of A, from network supervision

4, is a coefficient from the network supervision loss in Eq. (5), to
control the contribution of the offset prediction task during network
training. To find the optimal value of 1,, we initialize it as 0.005
and gradually increase it to 0.4. Fig. 10(a) presents the obtained AP
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(b) grouping with raw coordinates
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T
W 7

(¢) grouping with shifted coordinates

Fig. 9. Visual comparison of the results achieved using raw coordinates or using shifted coordinates in the tree point grouping.

scores with respect to different A, values on both datasets. Generally,
an excessively small 4, results in degraded segmentation performance.
This is due to that the network tends to ignore the offset prediction
task under a small coefficient value, which can lead to noisy offset
predictions and impair the subsequent tree point grouping. On the other
hand, a too large 1, overly prioritizes the offset prediction task that
can negatively affect the accuracy of both semantic segmentation and
heatmap regression. Therefore, it is important to find an appropriate
value of 4, to achieve a balanced optimization among the three tasks.
For the TreeML dataset, the optimal 4, is 0.05; On ForInstance, this
optimal value is slightly larger, e.g., 0.2. This is because ForInstance
mostly comprises coniferous trees that exhibit smaller offset vector
magnitudes than the broadleaf trees in TreeML, and thus requires a
larger 1, to sufficiently emphasize the offset prediction task during
network training.
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5.2.2. Effects of ¢, and ¢, from stem localization

In the stem localization Algorithm 1, ¢, is a threshold hyperparam-
eter discarding stem cluster candidates with insufficient heat values.
However, purely relying on ¢, overlooks small trees that have weaker
heat responses. ¢,, the searching radius for identifying local maxima
in the heat map, serves as a complementary criterion to the ¢,-based
filtering strategy. We incrementally increase ¢, from 0 to 0.9 and
enlarge ¢, from 0.05 m to 0.25 m to analyze their influences on the
segmentation performance.

The quantitative results visualized in Fig. 10(b)-(c) suggest that
our proposed SATree method remains robust against varying ¢, and
¢, values on the TreeML dataset. This is attributed to the fact that
the ¢,- and ¢,-based criteria mutually complement each other. If the
¢,-based thresholding fails to detect small tree stems with low heat
responses, these stems can still be recovered through the ¢,-based local
maxima detection. Only when ¢, is extremely low (ie., ¢, = 0), it
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Fig. 10. Effect of the hyperparameters 4,, ¢, €,

may introduce false positives tree stem detections, leading to a slight
decrease in the AP score. Besides, as TreeML is an urban forestry dataset
mainly containing street-level trees with regular spatial separation, we
recommend setting ¢, between 0.05 m and 0.25 m for TreeML and
similar urban-level forestry scenes.

ForInstance dataset, on the contrary, is more sensitive to the values
of ¢, and ¢,. This is due to the fact that the test set NIBIO scene
majorly contains coniferous trees with thick and upright stems. These
stems tend to exhibit high Gaussian heat responses. Consequently, we
recommend setting a high ¢, to prevent false positive stem detections.
As illustrated in Fig. 10(b), a ¢, of 0.9 leads to the optimal tree
segmentation performance on this dataset. Regarding the searching
radius e¢,, coniferous trees in natural forests are often densely and
irregularly distributed. An overly large searching radius can encompass
adjacent stems and result in erroneous local maxima detection. Thus,
we recommend a value of 0.01 m for this dataset.

5.2.3. Effects of B from tree point grouping

The hyperparameter f serves as a user-defined step magnitude in
the tree point grouping stage (Eq. (6)), and is designed to encourage
individual tree points to shift towards their instance centroids. To
analyze the effect of § on the segmentation performance, we initialize
it as 1.5 m and gradually increase it to 5.5 m, reporting the resulting
AP scores on two datasets in Fig. 10(d). It can be seen that SATree
achieves the highest AP score on the TreeML dataset when f is within
the range of [3.5 m, 4.5 m], and achieves the optimal segmentation
performance on the ForInstance dataset when § lies in the interval of
[2.5 m, 3.5 m]. This indicates that an ideal § should respect the natural
spatial scale of different tree species. For handling urban broadleaf
forests, a slightly larger § (e.g., 3.5 m-4.5 m) is more suitable. To
tackle coniferous trees, we recommend a smaller § (e.g., 2.5 m—3.5 m).
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Nevertheless, overall, SATree attains relatively stable AP scores on both
datasets across various f values, suggesting that the proposed method
is robust to moderate variations in this hyperparameter.

5.3. Point density analysis

To evaluate the robustness of the proposed stem localization and
graph-based individual tree point grouping strategy under varying
point densities, we randomly drop a certain percentage of points from
the point clouds generated in Section 3.1. Then, we perform stem local-
ization and tree point grouping on subsampled point clouds. The 2023-
01-09_tum_campus set from TreeML and the NIBIO set from ForInstance
are used for experiments to keep consistent with previous sections. Fig.
11 reports the performance scores on two datasets under different point
drop rates. Our method shows strong robustness on the TreeML dataset,
where AP scores remain stable until the point drop rate of 70%. Only
when the drop rate increases to 90%, there is a noticeable performance
degradation. This suggests that our method is highly effective in ad-
dressing urban forestry segmentation tasks. However, performance on
the ForInstance dataset is more sensitive to varying point densities,
suggesting that accurate segmentation of natural coniferous forests
requires higher-quality and denser point clouds. In the next section,
we further visualize a few failure cases to analyze the reason why the
graph-based shortest-path algorithm is limited to such coniferous forest
scenes.

6. Limitations and future work
Our proposed SATree is primarily designed for urban and semi-

structured tree environments. It has demonstrated high-fidelity tree
instance segmentation in complex urban environments by leveraging
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Fig. 11. Segmentation performance of SATree on the two datasets under different levels of downsampling. The horizontal axis represents the percentage of points

randomly dropped from the point cloud.

(a) Ground truth

(b) TreeLearn

(c) SATree (ours)

Fig. 12. Performance degradation of SATree, in comparison with TreeLearn, on the two natural forest scenes from the ForInstance dataset. The top row represents
SCION and the bottom row represents TUWIEN. We use yellow rectangle boxes to indicate the areas where we have observed a reduced segmentation performance.

detected tree structures, such as stems and crowns. However, it still
suffers from several limitations.

First, when extending SATree from urban forestry scenes to natural
forestry scenes, we have observed inferior performances on SCION
and TUWIEN scenes (see Table 3), compared with TreeLearn (Henrich
et al., 2024). SCION contains densely distributed coniferous trees with
vertical stems and narrow-shaped crowns. Although our method can
reliably detect tree stems, it fails to correctly delineate tree instance
boundaries, as shown in the top row of Fig. 12. This is because we
use the graph-based approach to source each tree point to a tree
stem according to the shortest path in Euclidean space. For closely
adjacent coniferous trees, even with the guidance of learned offset em-
beddings, the shortest-path algorithm can wrongly assign points from
neighboring trees to the same tree instance. Unlike SCION, TUWIEN
represents a more heterogeneous natural forest environment containing
trees that greatly vary in height, size, species, and stem morphologies.
This is a highly challenging scene for all three segmentation meth-
ods TreeSeparation (J. Wang et al., 2018), TreeLearn (Henrich et al.,
2024), and SATree. Compared to TreeLearn, our method incorrectly
segments low vegetation and shrubs as individual trees, leading to more
false positive tree instances and a decrease in the AP score. In the
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future, we aim to incorporate additional structural constraints into the
shortest-path-based segmentation strategy by enforcing consistency of
the learned offset embeddings and by modeling biologically plausible
branch growth patterns. These enhancements will reduce erroneous
assignments of adjacent tree points or data outliers.

Another limitation lies in the reliance on manually tuned hyper-
parameters for stem localization and tree point grouping. The hy-
perparameter analysis in Fig. 10 has illustrated that, while the post-
processing strategies show relatively robust performance on the urban
TreeML dataset against various hyperparameter values, the segmenta-
tion performance on the natural ForInstance dataset is more sensitive
to hyperparameter selection. Nevertheless, as the key hyperparameters
(e.g., €4, €, ) in our method have clear geometric or spectral meanings,
selecting values within a reasonable range that reflect tree species
characteristics and tree morphologies naturally yields a good segmen-
tation performance. In the future, we plan to incorporate a learnable
regression module to explicitly predict and regress 3D tree stem loca-
tions based on the learned Gaussian heat responses. This module will
replace the current stem localization Algorithm 1, discarding the need
for manual hyperparameter tuning and improving the generalizability
to diverse natural forest environments.
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Last, there exist potential challenges when scaling SATree to ex-
tremely large forestry scenes. Currently, we patch the large-scale scenes
into smaller sub-scenes as network inputs, which achieves a good
tree segmentation performance. For example, the 2023-01-16_44 scene
in TreeML is the largest test scene containing 327 trees. Using the
patching strategy, SATree achieves an AP score of 0.981. However,
patching introduces additional complexity in data pre-processing and
post-processing and may fragment complete tree instances across patch
boundaries. In future work, we consider exploring alternative data
representations, such as supervoxel- or superpoint-based 3D representa-
tions, to achieve efficient processing of extremely large scenes without
patching and guarantee instance integrity.

7. Conclusions

3D instance segmentation of trees is a fundamental yet challenging
task in forestry remote sensing studies. Due to the complexity of 3D
scenes as well as variations in tree geometric shapes, sizes, and species,
most existing methods suffer from either over- or under-segmentation
errors. To address this issue, we have proposed SATree, a novel deep
learning-based method to accurately segment 3D tree instances in
challenging urban forestry scenes at large scales.

Driven by an intuitive observation that an individual tree is struc-
turally composed of a stem and a crown, SATree is proposed to ex-
plicitly detect and leverage key structural components, e.g., stem, to
guide tree instance segmentation in complex urban scenes. Specifically,
the detected stem structures serve as geometric anchors to effectively
delineate individual trees in scenes with dense crown overlaps, branch
interference, occlusions, and varying tree shape complexities. Unlike
existing methods (Z. Luo et al., 2021; Jiang et al., 2023b; Henrich
et al., 2024) that do not seek to model tree structural components,
we develop a multi-task learning network that simultaneously classifies
crown points and stem points. A 2D Gaussian heatmap is further
predicted to enable robust tree stem localization. Key strategies, such as
localizing stems by detecting local maxima in the heatmap and graph-
based tree point grouping by integrating offset embeddings, proved
effective in obtaining accurate tree instances. Extensive experiments
on two public forestry datasets have demonstrated the superiority of
SATree over existing methods. SATree shows strong performance in
segmenting trees in large urban street-level scenes and generalizes well
to natural forest environments.

Our research outputs are accurately segmented 3D tree instances in
urban environments, which benefit various downstream applications
such as urban forestry inventory, tree structural parameter measure-
ment, biomass estimation, and carbon cycle modeling. Besides, SATree
learns to generate Gaussian heatmaps for urban trees, where high heat
values indicate tree stems or main branch structures, and low heat val-
ues correspond to small twigs near tree boundaries. This characteristic
of the heatmaps suggests their potential usage in fine-grained part-level
segmentation of trees. Another by-product is the generated MST graphs
in tree point grouping (Section 3.3). These MSTs approximate the
skeletal structures of tree instances and can offer valuable information
for reconstructing 3D forest structures from raw input data. As an
extension of this work, we plan to apply SATree for the subsequent esti-
mation of tree structural parameters, tree carbon storage, and biomass.
Together with these efforts, we aim to strengthen evidence-based urban
greening strategies, improve decision-support tools for planners, and
offer new insights for research in climate resilience, biodiversity, and
green infrastructure performance.
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