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Abstract

The segmentation of forest LIDAR 3D point clouds, includ-
ing both individual tree and semantic segmentation, is fun-
damental for advancing forest management and ecologi-
cal research. However, current approaches often strug-
gle with the complexity and variability of natural forest
environments. We present ForestFormer3D, a new unified
and end-to-end framework designed for precise individual
tree and semantic segmentation. ForestFormer3D incorpo-
rates ISA-guided query point selection, a score-based block
merging strategy during inference, and a one-to-many as-
sociation mechanism for effective training. By combining
these new components, our model achieves state-of-the-art
performance for individual tree segmentation on the newly
introduced FOR-instanceV2 dataset, which spans diverse
forest types and regions. Additionally, ForestFormer3D
generalizes well to unseen test sets (Wytham woods and
LAUTXx), showcasing its robustness across different forest
conditions and sensor modalities. The FOR-instanceV2
dataset and the ForestFormer3D code are publicly avail-
able at https://bxiang233.github.io/FF3D/.

1. Method

Our method aims at the combined task of semantic and indi-
vidual tree segmentation in forest point clouds. The general
framework of ForestFormer3D is shown in Fig. 1. The se-
mantic segmentation involves three primary classes in for-
est environments: ground, wood and leaf. We use only the
3D coordinates as inputs to ensure our method is broadly
applicable.

1.1. Network architecture

3D sparse U-Net backbone. Given an input point cloud
P € RV*3, with N representing the number of 3D points,

we voxelize P to obtain a sparse tensor V. € RM*3_ where
M is the count of occupied voxels. Using the SpCon-
vUNet [13], we extract features from V, outputting a fea-
ture tensor F € RM*32,

ISA-guided query point selection. Previous research has
explored various methods for query point selection in in-
stance segmentation tasks, as the quality of the query points
critically impacts both model performance and convergence
speed. Some approaches use learnable tensors as queries,
which are typically initialized randomly or with zero val-
ues [29]. While these parametric queries offer flexibility,
they converge slowly [37] and can be challenging to control
or interpret visually, as their initialization and refinement
are purely data-driven. Other methods, such as farthest
point sampling (FPS), select non-parametric queries di-
rectly from the raw input [42]. Non-parametric approaches
are efficient but may produce suboptimal query points that
overlook smaller instances or sample points in uninforma-
tive background regions.

To address these limitations, recent strategies have pro-
posed more controllable query point selection methods.
For example, semantic-aware approaches prioritize select-
ing query points from foreground regions to avoid gener-
ating false positive masks from background classes [22].
Other methods incorporate learning-based query selection
to dynamically refine query points. These approaches typ-
ically generate initial query points and then refine their re-
lationships or employ clustering techniques to improve the
query distribution [34, 36].

We develop a novel ISA-guided query point selection
strategy to improve the quality of the selected query points,
minimizing the likelihood of sampling background points
and ensuring more uniform and high-coverage sampling of
tree instances. Using the output tensor F € RM*32 from
the 3D sparse U-Net, we process it through two parallel
Multi-Layer Perceptron (MLP) heads. The first head learns
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Figure 1. [lustration of our ForestFormer3D framework, with key innovative components highlighted in yellow.

a 5-dimensional (5D) embedding for each voxel, such that
voxels belonging to the same tree are closer in the embed-
ding space, while voxels from different trees are pushed far-
ther apart. This separation is achieved using an instance
discriminative loss to encourage compactness within trees
and separation between trees [16, 55, 61]. The second MLP
head performs binary classification to separate tree voxels
from non-tree voxels. During instance query point sam-
pling, we exclude non-tree voxels and apply FPS in the 5D
embedding space of tree voxels to select a fixed number of
instance query points.

We conducted a small study to evaluate the effectiveness
of our sampling method on the FOR-instance V2 validation
set (see Sec. 2.1). Using a sliding window approach, we
sampled 300 query points within each cylindrical region of
radius R = 16 m and a stride of R/4. For each cylinder,
we calculated the coverage rate as the proportion of tree in-
stances represented by selected query points and the propor-
tion of selected query points corresponding to tree voxels.
Averaging these values across all cylinders, our ISA-guided
query point selection achieved a coverage rate of 92.7% and
a tree voxel ratio of 98.5%. In comparison, simple FPS-
based sampling [42] yielded a coverage rate of 79.9% and
a tree voxel ratio of 81.3%. These results demonstrate that
our approach maximizes coverage of all tree instances while
minimizing the sampling of ground voxels.

Query decoder. The query decoder uses Kj,s instance
query points selected by our ISA-guided method and K,
learnable semantic queries (K, = 3 in our case). These
semantic queries are randomly initialized and updated dur-
ing training to capture semantic information. The sparse
feature tensor F € RM*32 serves as the key and value.
Following previous methods [29, 46], the decoder applies
six transformer layers with self-attention on the queries and
cross-attention with keys and values, outputting K, tree in-

stance masks, K., semantic masks, and confidence score
from O to 1 for each predicted tree instance mask.

1.2. Training

One-to-many association. Our method explicitly selects
instance query points during the query point selection step,
meaning their spatial positions are inherently determined by
the selection process. Since these queries are pre-aligned
with tree instances at selection time, each predicted tree
instance mask can be directly associated with its corre-
sponding ground truth (GT) instance, eliminating the need
for an additional matching step. In contrast, most existing
methods [29, 31, 42] require optimization-based matching
to establish correspondences between predicted masks and
GT instances. Inspired by one-to-many assignment strate-
gies [70], we calculate score and mask losses for all pre-
dicted masks.

In previous one-to-one matching setups [29, 31, 42], the
goal is to ensure that each GT instance mask matches with
only one optimal predicted mask, enforcing distinct rela-
tionships among queries or masks and suppressing redun-
dant masks. However, we observe that one-to-one match-
ing, as in OneFormer3D, often produces numerous false
positives during inference, leading to lower final precision
for individual tree segmentation and still requiring an ad-
ditional matrix-NMS (non-maximum suppression) step to
remove duplicate masks [29].

In contrast, our approach leverages a more controlled
instance query selection strategy, which aims to cover all
tree instances effectively, maximizing recall. With accurate
score predictions, our method quickly filters out duplicate
masks, thereby improving precision as well. This combi-
nation results in higher-quality individual tree predictions
overall. For semantic segmentation, we simplify the associ-
ation process: given the three semantic masks, we directly



associate them with the GT masks in order.

Loss. The instance-related loss consists of binary cross-
entropy 10ss Lyce, Dice 10ss Lgice, and score 10ss Lgeore [29].
The score loss is computed using mean squared error, with
the target score defined as the intersection-over-union (IoU)
between each predicted mask and the GT mask that has the
highest IoU with it. The total instance loss is:

Einstance = £bce + Ldice +0.5- Escore- (1)

The semantic loss L is the cross-entropy loss [29].
Since our decoder consists of six layers, each layer’s out-
put is compared with the GT to calculate the instance and
semantic losses, and these are summed across all layers:

6
ACtotal = Z (ﬁinslance +0.2- Esem); (2)
layer=1

where the weights for loss terms are as in [29, 46]. Ad-
ditionally, we include the losses from the two MLP heads
introduced in ISA-guided query point selection (Sec. 1.1):
the binary cross-entropy loss Lpinary, and the discriminative

loss Lgisc [16, 55, 61]. The final complete loss is thus:

L= »Ctotal + »Cbinary + »Cdisc~ (3)

1.3. Inference

Score-based block merging. In forest point clouds, crop-
ping is unavoidable due to the large spatial extent, which
necessitates a merging strategy to handle overlapping re-
gions (see Fig. 1). For semantic segmentation, merging is
relatively simple, as predictions can be resolved by voting
across overlapping regions. However, block merging strate-
gies for instance segmentation remain limited and face sev-
eral challenges.

Most existing instance segmentation tasks focus on
indoor datasets (where blocks often represent individual
rooms) or outdoor datasets for autonomous driving (where
blocks correspond to individual scans). In these settings,
block merging is unnecessary and therefore rarely studied.
In contrast, forest datasets cover vast areas, requiring a slid-
ing window approach with fixed step sizes and overlapping
regions to manage computational constraints.

Existing block merging methods [17, 54] rely primar-
ily on rule-based strategies, setting overlap thresholds to
determine whether instances in neighboring blocks should
merge. In our approach, we use a score-based method:
leveraging the scores obtained from the query decoder for
each predicted mask, we rank all masks across the scene and
apply NMS to remove lower-scoring, overlapping masks.

To further address issues caused by cylinder cropping
(which may split individual trees), inspired by the approach
of Henrich et al. [23], we discard masks near the crop
boundary. Specifically, for a cylinder radius of 16 m, we

remove any predicted instance whose mask includes even a
single point within 0.5 m of the cylinder boundary.

2. Experiments

2.1. Experimental settings

Dataset. We extend the FOR-instance dataset [40] by incor-
porating additional challenging datasets, resulting in a new,
comprehensive dataset named FOR-instanceV2. The newly
added datasets include NIBIO2, NIBIO_MLS, BlueCat, and
Yuchen regions. These additions increase the dataset’s di-
versity and segmentation complexity by including Mobile
Laser Scanning (MLS) data (NIBIO_MLS) collected via
backpack LiDAR, data from tropical regions (Yuchen), and
regions with highly varied tree sizes (NIBIO2 and BlueCat),
where both large and small trees coexist within the same
area. In addition, BlueCat (6.3k instances) and NIBIO2
(3k instances) are previously unavailable datasets, pub-
licly released for the first time. They extend FOR-instance
(1.1k instances) eightfold number of trees. This expanded
dataset provides a more challenging benchmark for point
cloud segmentation in forests, and we plan to release FOR-
instance V2 as an open dataset to support future research and
foster advancements in the field.

To assess transferability, we also include two additional
datasets, LAUTx and Wytham woods, which are used ex-
clusively for testing and do not contain any training or val-
idation data. Fig. 2 illustrates a geographical overview of
FOR-instanceV2 and these two test datasets.
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Figure 2. Geographical overview of the FOR-instanceV?2 dataset
and the two additional test datasets, LAUTx and Wytham woods.
Different colored markers indicate the sensors used for data col-

lection.



Metrics. We adopt precision (Prec), recall (Rec), and F1-
score (F1) for individual tree segmentation. Predicted tree
instances are matched to GT trees based on the IoU of their
respective point sets, with predictions below an IoU thresh-
old of 0.5 considered false positives. To further evaluate the
delineation accuracy of tree instances, we include a cov-
erage metric (Cov) that quantifies the alignment between
predicted and GT boundaries [55, 62]. For each GT tree,
the predicted instance with the highest IoU is identified,
and coverage is calculated as the average IoU across all GT
trees. The mean intersection-over-union (mloU) is used as
the semantic segmentation metric.

2.2. Comparison to baselines

All baseline methods and our proposed ForestFormer3D
were trained on the FOR-instanceV2 training set and eval-
uated on the corresponding test split, as shown in Tab. 1.
The results in Tab. | demonstrate that ForestFormer3D out-
performs all baselines, achieving the highest F1, surpassing
the second-best method by 9.7 percent points (pp), and the
highest Cov, exceeding the next best by 1.2 pp. This reflects
ForestFormer3D’s superior ability to produce complete and
accurate individual tree segmentations. While all methods
provide unique instance IDs for each point, the high Prec
of ForestFormer3D suggests a reduced likelihood of over-
segmentation compared to baselines.

Table 1. Comparison of individual tree segmentation and seman-
tic segmentation results with baselines in FOR-instanceV2 test
split. The best results are in bold, and the second best ones are
underlined.

Individual Tree Seg. (%) Semantic Seg. (%)

Method

Prec Rec Fl1 Cov Ground Wood Leaf mloU
ForAINetV2_R8 843 63.4 724 733 98.3 68.1 94.3 869
ForAINetV2_R16 88.1 59.2 70.8  72.7 988 69.2 94.5 875
TreeLearn [23] 82.0 36.6 50.6 522

OneFormer3D [29] 72.0 74.3 73.1  80.0 97.8 63.1 934 848
ForestFormer3D (ours) 92.4 75.0 82.8 81.2 969 67.7 94.1 86.2

To evaluate the transferability of our model, we test
on Wytham woods [7] and LAUTx [I] datasets, which
represent mixed-species and natural broadleaved temper-
ate forests with diverse structural complexity. As shown
in Tab. 2, ForestFormer3D achieves best performance of
individual tree segmentation compared to previous meth-
ods evaluated on the Wytham woods dataset, achieving the
highest F1 and Cov. Although TreeLearn [23], a method
designed for ground-based LiDAR data, achieves the best
results on the LAUTx dataset, ForestFormer3D still ranks
second in F1 and Cov, and maintains competitive semantic
segmentation performance. These results demonstrate the
model’s good generalization ability to previously unseen
forest types. Notably, the Wytham woods region includes
tree species not present in the FOR-instanceV?2 training set,
while the LAUTx dataset, collected using MLS, further val-

idates the adaptability of ForestFormer3D across different
sensor modalities and forest structures.

Across datasets, our method achieves substantial F1 im-
provements for individual tree segmentation (+9.7 pp on
FOR-instanceV2 and +8.2pp on Wytham woods), with
marginal mloU reductions for semantic segmentation (-
1.3 pp and -1.0 pp, respectively). While mainly optimized
for individual tree segmentation, our framework also per-
forms semantic segmentation within the same unified struc-
ture, leading to a slight reduction in mloU, likely due
to shared representation learning prioritizing instance-level
distinctions. However, the overall semantic segmentation
performance remains stable.

Table 2. Comparison with previous methods on the individual tree
segmentation and semantic segmentation for Wytham woods and
LAUTX test data. The best results are in bold, and the second best
ones are underlined.

Individual Tree Seg. (%) Semantic Seg. (%)

Region Method

Prec Rec FlI Cov Ground Tree mloU

ForAINetV2_R16 82.2 53.8 65.1 544 842 99.8 92.0
SegmentAnyTree [57] 73.0 53.0 61.4 — - - -
::;y;zzm TreeLearn [23] 525 919 668 492 - - -
7] OneFormer3D [29] 414 624 49.7 61.6 888 999 944
ForestFormer3D 81.8 69.2 75.0 66.9 869 999 934
(ours)
Point2tree [56] 85.0 55.0 66.8 — - - -
TLS2trees [58] 70.0 40.5 51.3 - - - -
ForAINetV2_R16 93.7 71.7 85.0 74.7 959 96.7 96.3
LAUTx SegmentAnyTree [57] 91.0 75.0 82.2 — - - -
[1] TreeLearn [23] 96.8 87.9 92.1 85.2 926 959 943
OneFormer3D [29] 58.1 802 674 74.6 94.6 969 95.8
ForestFormer3D 95.7 85.9 90.5 79.1 94.1 96.7 954

(ours)

3. Conclusion

We introduced ForestFormer3D, an end-to-end framework
designed for individual tree segmentation and semantic seg-
mentation for forest 3D LiDAR point clouds. It incor-
porates three innovative components: ISA-guided query
point selection, a score-based block merging strategy for
inference, and one-to-many association during training.
ForestFormer3D achieves excellent individual tree segmen-
tation performance on our newly introduced dataset (FOR-
instanceV?2) and generalizes well to two additional unseen
datasets (Wytham woods and LAUTX). These results high-
light its potential as a unified model, capable of effectively
handling point clouds collected from diverse forest types,
geographic regions, and sensor modalities without being
constrained by specific conditions.

We hope this work inspires research into segmentation
methods tailored for forest environments and encourages
the community to experiment and advance algorithms us-
ing the FOR-instanceV2 dataset. ForestFormer3D aims to
serve as a strong baseline, facilitating further developments
and practical applications in forestry analysis, environmen-
tal monitoring, and sustainable resource management.
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ForestFormer3D: A Unified Framework for End-to-End Segmentation of Forest
LiDAR 3D Point Clouds

Supplementary Material

1. Overview

In this supplementary material, we provide:

e introduction (Sec. 2),

¢ related work (Sec. 3),

¢ additional method details (Sec. 4),

* implementation details (Sec. 5),

* additional dataset details and point cloud annotation
(Sec. 0),

¢ baseline implementation details (Sec. 7),

* a quantitative comparison including both individual tree
segmentation and semantic segmentation across nine re-
gions in the FOR-instanceV2 test split (Sec. 8),

e ablation studies (Sec. 9),

e qualitative results (Sec. 10), and

* relation to forest domain specific metrics (Sec. 11).

2. Introduction

Forests play a vital role in global ecosystems, and accu-
rate understanding of their structure is essential for sustain-
able management. Recent advances in 3D deep learning
have enabled direct processing of LiDAR point clouds for
tree-level analysis. However, forest environments present
unique challenges: tree crowns often overlap, trunks may be
partially occluded, and non-tree objects can dominate large
portions of the scene. These factors lead to segmentation
errors, particularly in complex natural stands.

To address these challenges, we present Forest-
Former3D, a unified end-to-end framework for simultane-
ous individual tree instance segmentation and semantic seg-
mentation in large-scale forest LiDAR point clouds. Our
approach integrates novel query point selection, mask asso-
ciation, and merging strategies, resulting in state-of-the-art
performance on multiple forest datasets.

Forests, covering approximately 31% of the Earth’s land
surface, are essential for biodiversity conservation, carbon
storage, provision of timber and a wide range of ecosys-
tem services central to the quality of life. Forests are com-
plex 3D structures and to fully understand and map the
forest ecosystems requires a detailed 3D representation of
the structure. Advancements in high-density LiDAR tech-
nology now enable large-scale capture of 3D point clouds
with unprecedented detail, paving the way for improved
and streamlined forest ecosystem data capture. However, to
capitalize on the captured data, further advancement in se-
mantic and instance segmentation of 3D forest point clouds
is still required. Significant progress has been made in

3D segmentation for indoor and urban environments, but
moving to forest scenes introduces a substantial increase
in complexity. The organic, intertwined structure of trees,
highly variable sizes and shapes, and intricate occlusion pat-
terns demand specialized segmentation methods. In simpler
forest structures, like boreal forests, LiDAR-derived point
clouds have been shown to enable tasks such as forest se-
mantic segmentation, tree instance segmentation, and tree
biophysical parameter estimation [62]. However, in more
complex broadleaved, temperate, or tropical forests, in-
creased structural complexity and species richness demand
specialized and novel segmentation methods beyond current
approaches [57], which can address the following key unre-
solved challenges:

* Structural complexity. Dense canopies, characterized
by closely spaced trees with plastic and overlapping tree
crowns, complicate the separation of individual trees (see
Fig. 1(a)).

* Multi-scale representation. Forests contain both large
canopy trees and small understory trees, requiring mod-
els capable of segmenting across multiple scales (see
Fig. 1(b)).

* Variability in point distribution. Differences in ac-
quisition sensors, forest types, and environmental condi-
tions lead to variations in point density and distribution,
necessitating robust generalization across diverse forest
scenes and sensor configurations (see differences among
Fig. 1(a)-(c)).

Focusing on improving the state-of-the-art for more
complex forests, this paper provides two primary contribu-
tions:

* FOR-instanceV2 dataset: We introduce an expanded
dataset based on FOR-instance [40], with a primary fo-
cus on increasing forest structural complexity by incor-
porating broadleaved temperate and tropical forests. This
dataset encompasses a wider range of forest types and re-
gions, establishing a robust benchmark for forest point
cloud segmentation tasks. This dataset includes dedicated
training, validation, and test sets, enabling comprehensive
evaluation of segmentation accuracy and robustness.

* ForestFormer3D: We propose ForestFormer3D, a uni-
fied, end-to-end framework for individual tree segmen-
tation and semantic segmentation of forest point clouds.
ForestFormer3D achieves state-of-the-art performance
for individual tree segmentation on the FOR-instanceV2
test set and demonstrates strong generalization capabil-
ities on two previously unseen test regions (Wytham
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Figure 1. Examples of semantic and individual tree segmentation in different forest regions from our dataset, visualized with consistent
point size. The colors for the individual trees are assigned randomly. The figure highlights the density and distribution variability between
regions (a)—(c). (a) TUWIEN: Deciduous-dominated alluvial forest in Austria, showing dense, interwoven tree structures. (b) BlueCat:
This area includes both large and small trees, highlighting the challenge of segmenting trees of significantly varied sizes within the same
region. (c) Yuchen: A tropical forest region with tall trees and sparse points in the lower stem regions due to occlusion, adding difficulty to

segmentation tasks, particularly for stem part.

woods and LAUTX), highlighting its adaptability and ef-
fectiveness across diverse forest types.

3. Related work

3D point cloud segmentation. 3D point cloud seman-
tic and instance segmentation are fundamental tasks in 3D
computer vision. Semantic segmentation assigns each point
in a point cloud to a predefined category, typically super-
vised by cross-entropy loss and developed through advance-
ments in network architectures and computational strate-
gies [9, 12, 41, 47]. Instance segmentation extends this by
assigning a unique instance label to each point, allowing for
the distinction of individual objects within each category.
Much research in 3D point cloud segmentation has fo-
cused on indoor scenes, with benchmarks such as Scan-
Net [14] and S3DIS [2] commonly used for evaluation. Out-
door segmentation has primarily targeted applications in au-
tonomous driving, utilizing datasets like SemanticKITTI [5]
and nuScenes [6], which focus on traffic-related classes
such as pedestrians and vehicles. However, these existing
methods and datasets are optimized for structured urban en-
vironments, leaving more complex, unstructured natural 3D
scenes, such as forests, comparatively underexplored.
Existing deep learning approaches for instance segmen-
tation in 3D point clouds can be divided into three main
types: top-down, bottom-up and transformer-based meth-
ods. Top-down approaches typically detect objects first, of-
ten using bounding boxes or proposals, and then apply bi-
nary mask prediction within these detected regions [28, 63,
65, 66]. These methods rely on the initial detection stage
to localize objects accurately. Bottom-up approaches fo-
cus on extracting discriminative point-level features, which
are then clustered into instances [10, 18, 19, 21, 25, 32,
38, 50, 54, 68]. These methods are capable of capturing
fine-grained details but are prone to issues such as over-

segmentation or under-segmentation. Moreover, their re-
liance on clustering hyperparameters introduces additional
challenges in tuning these methods for complex, variable-
density point clouds.

Transformer-based approaches have recently emerged as
a promising solution, offering fully end-to-end frameworks
that leverage attention mechanisms to model complex spa-
tial relationships while avoiding error accumulation through
intermediate stages [29, 42, 46]. This unified design allows
for joint training of both semantic and instance segmenta-
tion tasks, potentially enhancing performance through mu-
tual learning effects [29]. In these architectures, a 3D back-
bone such as sparse 3D U-Net [12] extracts global features
from the point cloud, which are processed by a transformer
decoder with a fixed set of queries to concurrently pre-
dict semantic and instance masks [29, 42, 46]. Recent re-
search has further optimized this framework, focusing on
query initialization and refinement techniques to improve
alignment between instance queries and object locations,
thereby reducing the need for extensive iterative refine-
ment [36, 46]. Additionally, integrating geometric and se-
mantic information has proven effective in enhancing mask
quality and boundary precision by addressing limitations in
spatial cues and fine-grained detail capture during query re-
finement [43, 64]. To handle multi-scale representations
and maintain spatial consistency in large scenes, techniques
capturing both local details and global context have been
introduced, further advancing segmentation performance in
diverse and complex environments [34, 35].

Forest 3D scene segmentation. Forest point cloud seg-
mentation has long been a significant challenge [24, 39]
aimed primarily at localizing and segmenting individual
tree crowns [3, 15, 20, 33, 58], and tree semantic segmen-
tation, distinguishing for example leaf from wood [49, 51,
52]. These methods often rely on density-based techniques,



hand-crafted features, or canopy height models (CHMs),
which are effective in certain controlled settings but lack
adaptability across varied forest types, requiring extensive
manual adjustments and showing poor generalizability.

Accurate instance and semantic segmentation of for-
est point clouds could fundamentally streamline numer-
ous forestry tasks, transforming individual tree detection,
species classification, and biophysical parameter predic-
tion into by-products of a comprehensive segmentation
model. The growing availability of high-density LiDAR
data, along with open labelled datasets [1, 4, 7, 40, 57],
provide the foundation necessary for deep learning meth-
ods to achieve automated and adaptable forest point cloud
segmentation [8, 11, 26, 27, 30, 44, 45, 53, 56, 60, 67, 69].
However, progress in forest segmentation lags behind de-
velopments in urban and indoor contexts. The majority
of forestry research has focused on semantic segmentation
tasks, such as separating leaf and wood points [26, 27, 30,
60]. Few studies focus on individual tree segmentation,
with most relying on multi-step, hand-crafted pipelines that
limit their applicability across diverse forest types and sen-
sor setups [56, 59].

To bridge this gap, recent frameworks aim to integrate
multiple segmentation tasks into a single model [23, 57,
62]. For example, the ForAINet framework combines se-
mantic and instance segmentation using a bottom-up ap-
proach [62]. While effective in most simple forest envi-
ronments, this model tends to over-segment trees in densely
packed areas and fails to accurately identify small trees in
multi-layered forests.

In this paper, we present ForestFormer3D, the first end-
to-end framework for individual tree segmentation and se-
mantic segmentation tailored specifically for forest point
clouds. Unlike previous bottom-up methods that rely
on non-differentiable clustering steps for individual tree
segmentation [23, 57, 62], our transformer-based decoder
enables fully differentiable, end-to-end training. More-
over, ForestFormer3D eliminates the need for intermediate
matching by directly supervising predicted masks with their
corresponding ground truth instances. This approach of-
fers both a streamlined architecture and improved individ-
ual tree segmentation accuracy. The key innovations (see
Fig. 1 in the main paper) in our framework include:

* We introduce both an instance- and a semantic-aware
guided (ISA-guided) query point selection strategy to
generate high-quality query points, helping in balancing
precision and recall in individual tree segmentation and
ensuring more complete instance coverage.

* Leveraging the known positions of query points, we ap-
ply a one-to-many association method for efficient mask
supervision, replacing the Hungarian-based one-to-one
matching strategy commonly adopted in earlier methods.

* To process large-scale forest point clouds, we implement

a score-based global ranking block-merging strategy, al-
lowing seamless integration across extensive scenes.

4. Additional method details

At first, we voxelize the input point cloud and create a
sparse tensor. Then, we process this tensor through a sparse
3D U-Net [12] to extract voxel-wise features. These fea-
tures are used for both instance and semantic segmenta-
tion. We use a novel ISA-guided sampling strategy to select
high-quality query points for individual tree segmentation.
The selected instance query points, along with the semantic
query points, are fed into the query decoder. For each query
point, the decoder outputs a corresponding mask: instance
query points produce individual tree masks, while semantic
query points generate semantic region masks (see Sec. 1.1
in the main paper).

Since the ISA-guided sampling strategy retains the spa-
tial information of the query points, we can directly asso-
ciate each predicted mask with its corresponding tree in-
stance, eliminating the need for one-to-one matching algo-
rithms like the Hungarian algorithm [29, 31, 36, 42]. This
direct association allows us to efficiently compute the mask
loss, enabling the network to perform both semantic seg-
mentation and individual tree segmentation in an end-to-end
manner (see Sec. 1.2 in the main paper).

Given the large-area coverage of point clouds in forest
scenes, we adopt a cropping strategy to handle large in-
puts. Specifically, we crop the input point cloud into cylin-
drical regions with a certain radius, processing one local
block at a time, as shown on the right side of Fig. 1. We
use cylindrical blocks to avoid cutting trees vertically and
to improve neighbor search efficiency [62]. During train-
ing, we use random cropping. During testing, we predict
inside each cylinder block individually, then apply a slid-
ing window approach with a fixed stride to cover the entire
point cloud. Finally, we propose a new score-based block
merging method to handle overlapping regions, merging all
blocks into a complete point cloud prediction (see Sec. 1.3
in the main paper).

5. Implementation details

3D sparse U-Net architecture. The 3D sparse U-Net used
for sparse tensor feature extraction is shown in Fig. 2.

Loss calculation. All instance masks, predicted by trans-
former decoder, are supervised by losses including binary
cross-entropy (BCE), Dice, and score loss.

N
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where N is the number of voxels, ¢; is the predicted
mask logits at voxel i, y; € {0, 1} is the GT mask value,
and o (-) represents the sigmoid function. The additive con-
stant +1 in Eq. (2) prevents division by zero.

The score loss supervises the predicted confidence scores
of all predicted instance masks using mean squared error:

1 M
Licore = M;(sj —5;)%, 3)

where M is the number of predicted masks, 5; is the
predicted score for predicted mask j, and s; is set as the
IoU between the predicted mask and its best matched GT
mask, or zero if no GT overlaps. IoU is computed based on
the number of intersecting voxels divided by the union of
the predicted and GT mask voxels.

To facilitate query point selection, we first construct a SD
embedding space where voxels from the same instance are
close while those from different instances are apart. This
embedding is learned using discriminative loss:

Edisc = £var + £dist +0.001 - ‘Creg- “4)

Lya €ncourages intra-instance compactness by pulling
voxel embeddings within the same instance toward their
mean. Lgis enforces inter-instance separation, and L., con-
strains instance centroids to stay near the origin. Let C' de-
note the total number of tree instances, and Z. the set of
voxels belonging to instance c. Each voxel 7 has an em-
bedding f;, and the mean embedding of instance c is .
We define N, as the number of voxels in instance c¢. The
margins d,, and dy4 control the desired intra-instance com-
pactness and inter-instance separation, respectively. Three
loss terms are calculated by:

varzcz CZ max(||; = prells = 6,,0)]%, (5)
1€Z.
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We set §,, = 0.5 and 64 = 1.5 following prior work [16,
55, 61].

In addition, to ensure that query points are sampled from
tree voxels, we train a tree and non-tree classification head
to distinguish tree and non-tree voxels using the BCE loss:

N
l:binary = - Z l logl ZZ) log(l - Z’i))7 3)

where [; is the GT label for voxel 7, and iz is the predicted

class probability.
Other implementation details. Point clouds are voxelized
to a resolution of 0.2m. Data augmentation includes ran-
dom horizontal flipping, random rotation around the Z-axis,
and random scaling by a factor between 0.8 and 1.2. We
train our model on a single NVIDIA A100 GPU with 80
GB memory, using a batch size of 2 for 3000 epochs.

To stabilize training, we first pretrain two MLP heads
introduced in ISA-guided query point selection for 1000
epochs before jointly training the full model. Specifically,
the 5D embedding feature head is trained with the discrim-
inative loss (see Eq. (4)) to enforce compact intra-instance
representations and inter-instance separation, while the bi-
nary classification head is trained with a binary cross-
entropy loss to distinguish tree voxels from non-tree voxels
(see Eq. (8)). During this warm-up stage, the decoder re-
mains frozen, ensuring that the MLP heads produce stable
embeddings and classifications before integrating with the
full network. After this stage, we jointly train all compo-
nents, including the 3D sparse U-Net and the transformer
decoder, optimizing all loss terms together.

For inference, we sample 300 query points within each
cylindrical region of radius 16 m with a stride of 4 m using a
sliding window approach. The best score threshold on mask
removal is 0.4 according to our ablation studies (Fig. 4(d)).

6. Dataset details and point cloud annotation

Tab. 1 summarizes the key characteristics of the FOR-
instance V2 dataset and the additional test datasets.

For the BlueCat data annotation, all trees were manu-
ally labeled using 3D Forest software [48] by two inde-
pendent annotators working on separate, non-overlapping
datasets. After labeling, the trees were matched to field
measurements based on spatial proximity. This pairing was
validated by comparing tree heights derived from the point
cloud with those estimated from DBH-based allometry. In
addition, every tree with a DBH of 1 cm or greater was field-
verified to eliminate false positives, and any obvious label-
ing errors were manually refined.

For the NIBIO2 data, annotations were performed using
CloudCompare software (https://www.cloudcompare.org,
V2.12.4) by two annotators, and the results were later re-
viewed to ensure consistency and accuracy.
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Figure 2. The detailed structure of the 3D sparse U-Net architecture used for feature extraction from the voxelized 3D point cloud.

Table 1. Characteristics of the FOR-instanceV2 dataset and additional test datasets in different geographic regions. The FOR-instanceV2
dataset contains unique individual tree IDs for each point, as well as semantic labels for ground, wood, and leaf. The additional test data,
on the other hand, includes only tree and non-tree labels, along with individual tree IDs for each point.

Region name Forest type (Tree species) Scanning mode (Sensor) Number of plots Io\Ifutrn; l;zr Country
Train Val = Test
CULS [40] Coniferous dominated temperate forest (Pinus sylvestris) ULS (Riegl VUX-1) 1 1 1 37 Czech Republic
NIBIO [40] Coniferous dominated boreal forest (Picea abies, Pinus ULS (Riegl MiniVUX-1) 8 6 6 575 Norway
sylvestris, Betula sp. (few))
;‘ RMIT [40] Native dry sclerophyll eucalypt forest (Eucalyptus sp.) ULS (Riegl MiniVUX-1) 1 0 1 223 Australia
§ SCION [40] Non-native pure coniferous temperate forest (Pinus radiata) ULS (Riegl MiniVUX-1) 2 1 2 135 New Zealand
& TUWIEN [40] Deciduous dominated temperate forest (Deciduous species) ULS (Riegl VUX-1) 1 0 1 150 Austria
£ NIBIO2 Coniferous dominated boreal forest (Pinus sylvestris, Picea ~ ULS (Riegl VUX-1) 29 6 15 3062 Norway
x abies, Betula sp.)
8 NIBIO_MLS Coniferous dominated boreal forest (Picea abies, Pinus MLS (GeoSLAM ZEB- 4 1 1 258 Norway
[57] sylvestris, Betula sp.) HORIZON)
BlueCat Deciduous temperate forest (Mixed species) TLS (Leica P20) 1 1 1 6304 Czech Republic
Yuchen [4] Tropical forest ULS (Riegl MiniVUX-1) 1 1 1 281 French Guiana
Tg Wytham Deciduous temperate forest (Fraxinus excelsior, Acer pseu-  TLS (RIEGL VZ-400) 0 0 1 835 United Kingdom
.2 woods [7] doplatanus, Corylus avellana)
g LAUTx [1] Mixed temperate broad leaved, coniferous forest (Mixed MLS (GeoSLAM ZEB- 0 0 6 516 Austria
< species) HORIZON)

7. Baseline implementation details

This section provides the detailed implementation settings
for the baseline methods reported in Tab. | of the main pa-
per.

ForAlINet [62] and TreeLearn [23] are two recent and ef-
fective deep learning-based methods for forest point cloud
segmentation. ForAINetV2_R8 maintains the original con-
figuration of ForAINet with an input cylinder radius of
8 m, while ForAINetV2_R16 uses a 16 m radius to match
ForestFormer3D and isolate the effect of input size. Tree-
Learn [23], designed for ground-based LiDAR forest point
clouds, predicts offsets from individual points to their re-
spective tree bases, defined as the trunk location three me-
ters above ground. We adapted the training parameters of
TreeLearn for our experiments, reducing the epochs from
1400 to 1200, the learning rate from 0.002 to 0.001, and

the total number of samples from 25,000 to 2,500, while
increasing the batch size from 2 to 8 and adjusting the
chunk size from 35 to 30. While effective for regions with
dense stem points, this method struggles with ULS data
(e.g., NIBIO2, RMIT and Yuchen), where stem points are
sparse, showing its poor generalizability across diverse sen-
sor modalities. In particular, TreeLearn fails to predict in-
dividual trees in the Yuchen region due to the extreme spar-
sity of stem points. As a result, we compare TreeLearn’s
performance only on regions excluding Yuchen in the FOR-
instance V2 test split (as shown in Tab. | in the main paper).
OneFormer3D [29], a state-of-the-art method in 3D point
cloud panoptic segmentation, is adapted for forest point
cloud segmentation by employing the same block merging
strategy as ForAINet, using overlap thresholds to determine
whether instances in neighboring blocks should merge.



8. Comparison to baselines across nine regions
in the FOR-instanceV?2 test split

We evaluate ForestFormer3D’s quantitative performance
across nine different forest regions in the FOR-instanceV?2
test set and compare it against other methods (see Tab. 2).
It is important to note that CHM-based YOLOVS [44],
ForAlINet [62], and SegmentAnyTree [57] are trained on the
original FOR-instance dataset [40], which does not include
data from the NIBIO_MLS, BlueCat, and Yuchen regions.
As shown in Tab. 2, ForestFormer3D consistently achieves
the best results for individual tree segmentation across all
nine regions except for SCION. In simpler forest areas,
such as CULS, NIBIO, SCION, and NIBIO_MLS, Forest-
Former3D maintains high F1 and Cov scores. In more chal-
lenging environments, such as TUWIEN (where trees are
closely intertwined), RMIT and Yuchen (with sparse point
densities), and NIBIO2 and BlueCat (characterized by both
large canopy trees and closely packed understory trees),
ForestFormer3D surpasses all prior baselines. It demon-
strates substantial improvements in regions that were pre-
viously difficult for existing methods. For example, in the
RMIT region, ForestFormer3D improves the F1 by 6.8 pp
over the second best one. In the SCION region, the Cov
metric shows an increase of 5.1 pp. The NIBIO2 region is
particularly challenging due to the presence of both under-
story and canopy trees, as noted in prior work [62]. Despite
this, ForestFormer3D outperforms the OneFormer3D base-
line by 8.2 pp in F1 and achieves a 17.6 pp improvement
over the reported F1 of 72.8% from ForAINet [62].

For semantic segmentation, ForestFormer3D demon-
strates competitive or superior performance in most regions,
with slight decreases in mIoU observed only in the CULS
and NIBIO_MLS regions compared to the best-performing
method.

9. Ablation studies

We conduct a series of ablation studies to analyze the impact
of the three proposed key components of ForestFormer3D:
ISA-guided query point selection, the score-based block
merging strategy during inference, and one-to-many asso-
ciation during training (see Tab. 3). Here, we fix the score
threshold on mask removal to 0.6 for all methods. Addi-
tionally, we examine the effect of other factors on the per-
formance of ForestFormer3D.

ISA-guided query point selection. As shown in Tab. 3,
the ISA-guided query point selection improves the F1 on
the FOR-instanceV?2 test set by 3.4 pp and increases Prec
by 7.8 pp compared to the baseline OneFormer3D, which
uses randomly generated learnable query points. This
strategy ensures high-quality query points that are both
instance-discriminative (ensuring high individual tree cov-
erage) and semantically aware (avoiding picking non-tree

points), thereby reducing the generation of false positive
masks. On the validation set, the ISA-guided query point
selection improves the F1 score by 0.9 pp and Prec by 4.4 pp
compared to the baseline.

Score-based block merging strategy. For the block merg-
ing strategy, two key designs contribute to the F1 improve-
ment (see Tab. 3). First, replacing the overlap-based merg-
ing strategy of the baseline with a score-based approach
(BM1) to remove overlapping instances results in an F1 in-
crease of 3.1 pp on the test split. When ISA-guided query
point selection and BM1 are combined, the F1 improves by
5.4 pp compared to the baseline. The second enhancement
involves discarding predicted masks near crop boundaries
to address inaccuracies caused by cropping (BM2). When
combined with ISA-guided query point selection, BM2 im-
proves the F1 by an additional 2.2 pp over BM1. A similar
pattern can also be observed in the validation split.
One-to-many association.  Changing the one-to-one
matching strategy in OneFormer3D to our one-to-many as-
sociation yields a further 0.8 pp increase on both the FOR-
instance V2 test and validation set (see Tab. 3).

Overall, incorporating all three key components results
in an 8.4 pp increase in F1, a 0.4 pp improvement in Cov,
and a 1.5 pp increase in mloU compared to the baseline in
test split. A similar pattern can also be observed in the val-
idation split, except that the semantic segmentation mloU
dropped by 0.5 pp compared to the baseline.

Input radius size and number of query points. Fig. 3
compares the effect of different cylinder input radii and
the number of query points on individual tree segmenta-
tion metrics (F1 and Cov) within the FOR-instanceV?2 test
split. Fig. 3(a) shows the performance of OneFormer3D,
while Fig. 3(b) shows the performance of ForestFormer3D.
r8_gp200 represents a cylinder radius of 8 m with 200
query points, with similar interpretations for other set-
tings. For ForestFormer3D, increasing the input radius and
the number of query points generally results in higher F1
scores. However, due to GPU memory limitations, further
increases in these parameters were not explored. For One-
Former3D, achieving an optimal balance between the input
radius and the number of query points is crucial to better
performance.

Score threshold on mask removal. We evaluate the ef-
fect of the score threshold on Prec, Rec, F1, and Cov using
the FOR-instanceV2 dataset (see Fig. 4). During inference,
masks with scores below the threshold are removed as unre-
liable, affecting the balance between retaining true positives
and removing false positives. As shown in Fig. 4, higher
thresholds improve Prec (Fig. 4(b)) by reducing false pos-
itives but decrease Cov (Fig. 4(a)) and Rec (Fig. 4(c)) by
discarding true positives. Fig. 4(d) highlights the trade-off
between Prec and Rec. A threshold of 0.4 achieves the best
F1 score in both validation and test sets, making it the opti-



Table 2. Comparison with other baselines on the individual tree segmentation and semantic segmentation for different forest regions in
FOR-instance V2 test split. The best results are in bold, and the second best ones are underlined.

Individual Tree Seg. (%)

Semantic Seg. (%)

Region Method
Prec Rec F1 Cov Ground Wood Leaf mloU
CHM-based YOLOVS [44] 1000 1000 1000 - - - - -
ForAINet [62] 87.0  100.0 93.0 982 - - - -
CULS SegmentAnyTree [57] 100.0 100.0 100.0 - - - - -
ForAINetV2_R16 100.0 1000  100.0  96.6 99.8 67.2 96.4 87.8
OneFormer3D [29] 95.0 95.0 95.0 94.6 99.8 69.0 96.5 88.5
ForestFormer3D (ours) 100.0 100.0 100.0 99.4 99.8 66.1 96.2 87.4
CHM-based YOLOVS [44] 87.0 72.0 790 - - - - -
ForAINet [62] 96.4 88.4 924 794 - - - -
NIBIO SegmentAnyTree [57] 91.0 88.0 89.5 - - - - -
ForAINetV2_R16 98.1 89.4 934 824 97.9 62.1 933 84.4
OneFormer3D [29] 79.2 96.2 86.6  88.9 97.8 60.7 93.0 83.9
ForestFormer3D (ours) 97.7 95.8 96.7 88.8 98.1 64.2 93.5 85.2
CHM-based YOLOVS5 [44] 70.0 62.0 650 - - - - -
ForAlINet [62] 75.9 64.1 69.5  60.6 - - - -
RMIT SegmentAnyTree [57] 83.0 69.0 754 - - - - -
ForAINetV2_R16 74.5 59.4 66.1 603 98.3 558 927 823
OneFormer3D [29] 70.3 81.2 754 737 98.1 527 92.8 81.2
ForestFormer3D (ours) 81.5 82.8 82.2 73.5 98.2 58.1 92.7 83.0
CHM-based YOLOVS5 [44] 91.0 91.0 910 - - - - -
ForAINet [62] 96.0 87.7 915  83.1 - - - -
SCION SegmentAnyTree [57] 93.0 92.0 92.5 - - - - -
ForAINetV2_R16 100.0 90.4 950 832 99.7 61.9 95.1 85.6
OneFormer3D [29] 58.7 92.4 717 836 99.7 61.7 95.0 85.5
ForestFormer3D (ours) 97.1 924 94.7 88.7 99.7 64.4 95.5 86.5
CHM-based YOLOVS5 [44] 41.0 23.0 300 - - - - -
ForAlINet [62] 66.6 71.4 694 583 - - - -
SegmentAnyTree [57] 55.0 46.0 50.1 - - - - -
TUWIEN g AINetV2R16 682 429 526 479 982 533 945 820
OneFormer3D [29] 415 62.9 500 548 98.4 48.4 94.2 80.3
ForestFormer3D (ours) 92.0 65.7 76.7 54.8 98.5 52.8 942 81.8
ForAlINet [62] 83.5 64.5 728 - - - -
NIBIO2 ForAINetV2_R16 91.8 72.9 80.6  70.0 96.5 529 95.7 81.7
OneFormer3D [29] 79.2 859 82.2  79.1 96.9 54.4 95.8 82.3
ForestFormer3D (ours) 94.6 86.9 90.4 80.2 96.9 56.6 95.9 83.1
ForAINetV2_R16 955 91.3 933 844 98.8 74.9 86.4 86.7
NIBIO_MLS OneFormer3D [29] 793 100.0 885  89.8 98.9 753 87.2 87.1
ForestFormer3D (ours) 100.0 91.3 95.5 854 94.5 77.6 87.1 86.4
ForAINetV2_R16 71.8 27.9 402 328 - 733 94.7 84.0
BlueCat OneFormer3D [29] 59.7 47.1 52.6 48.3 - 64.4 93.0 78.7
ForestFormer3D (ours) 84.5 48.6 61.7 48.8 - 69.9 939 81.9
ForAINetV2_R16 78.3 75.0 76.6  74.9 99.4 51.7 98.1 83.0
Yuchen OneFormer3D [29] 529 75.0 621 716 99.6 50.0 97.9 825
ForestFormer3D (ours) 90.5 79.2 84.4 79.2 99.7 49.7 98.1 82.5
85 85} —e— Cov mal choice for our framework.
o
— -®- F1 . . . .
080 e 80 :\._/ Point cloud density. We evaluated the impact of dif-
= 75 75 _-n ferent point cloud densities on segmentation performance.
> A————ao__ - .. .
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s ’ —eo— Cov o .
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65 65 per square meter (pts/m2). The results are shown in Fig. 5.
N O O $» S QQ O . . . .
RO & & RO & ) As the point density decreases, all metrics experience vary-
N N N N K N N N . . .
N N T AN S A X ing degrees of degradation. In particular, mIoU and Prec re-

(a) OneFormer3D (b) ForestFormer3D
Figure 3. Impact of cylinder input radius and number of
query points on individual tree segmentation metrics for FOR-
instanceV2 test split.

main relatively stable in different densities, while Rec, Cov,
and F1 show more noticeable drops when the density falls
below 500 pts/m2. This suggests that the method may face
certain limitations in extremely sparse point cloud scenar-
ios.

To improve robustness under varying point cloud den-



Table 3. Ablation study for three proposed key components on
the FOR-instanceV2 dataset. ISA represents [SA-guided query
point selection, BM1 indicates score-based block merging without
discarding masks near the crop boundary, BM2 uses score-based
block merging with discarding masks near the crop boundary, and
O2MA denotes one-to-many association. The best results are in
bold, and the second best ones are underlined.

ISA BMI BM2 O2MA Individual Tree Seg. (%) Semantic Seg. (%)

Prec Rec Fl Cov mloU
Test split
OneFormer3D, baseline 72.0 74.3 73.1 80.0 84.8
v 80.2 73.1 76.5  80.0 84.1
v 79.8 73.0 76.2  78.6 84.8
v v 873 71.2 7185  78.6 84.3
v v 89.4 73.5 807  79.3 85.2
v v e 939 719 81.5 804 86.3
Validation split
OneFormer3D, baseline 70.2 68.1 69.1 80.2 84.1
v 74.6 66.0 70.0 79.4 82.4
v 78.6 654 714 714 84.1
v v 84.6 64.6 732 783 82.6
v v 86.9 67.3 759 787 83.3
v v v 93.2 65.1 76.7  80.5 83.6
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Figure 4. Effect of score threshold on key metrics of individual
tree segmentation (Prec, Rec, F1 and Cov) for FOR-instanceV2
dataset.

Score threshold

sities, we retrained ForestFormer3D using the multi den-
sity augmentation strategy from SegmentAnyTree [57]. The
training set combined point clouds from eight densities (i.e.,
the original resolution and seven downsampled versions).
As shown in Fig. 6, this strategy improves individual tree
segmentation under sparse conditions (e.g., < 100 pts/m?),
yielding higher F1 scores. However, it brings no benefit
for dense inputs and can even degrade performance. These

results suggest that simple multi-density training is insuffi-
cient to address the challenges posed by point density vari-
ation, which remains an open problem.
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Figure 5. Effect of point density on metrics of individual tree
segmentation (Prec, Rec, F1 and Cov) and semantic segmentation
(mloU) for FOR-instance V2 test split.
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Figure 6. Effect of multi density augmentation on individual
tree segmentation (F1) and semantic segmentation (mloU) on the
FOR-instanceV2 test split.
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10. Qualitative results

To provide an intuitive understanding of how segmentation
metrics relate to actual segmentation quality, we present vi-
sualizations of ForestFormer3D’s results in individual tree
segmentation and semantic segmentation tasks.

Fig. 7 shows both individual tree segmentation and se-
mantic segmentation predictions, along with corresponding
ground truth segmentations, across nine different forest re-
gions in the FOR-instanceV2 test split. The results show
that our ForestFormer3D performs well under various con-
ditions, including data collected from different sensors, dif-
ferent point densities, varying forest types and geographical
locations (i.e., boreal, temperate and tropical forests), and
complex environments where both large and small trees co-
exist. These visual results demonstrate the robustness of
ForestFormer3D in handling diverse and challenging forest
scenarios.



Fig. 8 displays individual tree segmentation results
with predicted and ground truth segmentations for Forest-
Former3D on the Wytham woods and LAUTx datasets.
Fig. 9 presents three representative examples, progressing
from simple forest scenes to densely packed environments
with both large canopy trees and understory ones. For each
example, we include visualizations of the ISA-guided query
points, the predicted masks generated from these points,
and the final individual tree segmentation predictions, along
with the ground truth for comparison.

Fig. 10 presents a visual comparison of ForestFormer3D
and baseline methods. In Example 1 and Example 2,
ForestFormer3D demonstrates its ability to effectively miti-
gate over-segmentation and under-segmentation compared
to other methods. However, in Example 2, small trees
are occasionally missed, indicating a potential limitation
in detecting such cases. In Example 3, heavily inclined
small trees near the ground pose significant challenges
for all methods, leading to either missed detections, over-
segmentation, or incorrect assignment to neighboring larger
trees. Addressing these complex scenarios remains an open
problem for future research.

11. Relation to forest domain specific metrics

While domain-specific metrics have long been used in
forestry research, we adopt Prec, Rec, and F1 to align
with standard evaluation practices in computer vision.
This allows for direct comparability across domains while
maintaining consistency with traditional forestry metrics.
Specifically, completeness corresponds to Rec, omission er-
ror to 1 —Rec, commission error to 1 — Prec, and F-score re-
mains equivalent to F1. These relationships have been pre-
viously established in forestry research [62], ensuring that
our reported results remain interpretable for both forestry
and computer vision communities.

It is worth noting that SegmentAnyTree [57] reports lo-
cally computed F1 scores, whereas we adopt global metrics
consistent with ForAINet [62]. This difference in evalua-
tion metrics explains the discrepancy in reported F1 scores
across methods.
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Figure 7. Visualization of ForestFormer3D segmentation results for nine different regions in FOR-instanceV2 test split. The colors for the
individual trees are assigned randomly.
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Figure 8. Visualization of ForestFormer3D individual tree segmentation results for Wytham woods and LAUTx. The colors for the
individual trees are assigned randomly.
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Figure 9. Visual comparison of individual tree segmentation for three representative forest scenes, with each row illustrating a different
stage in our segmentation framework. In the first row, the selected ISA-guided query points are highlighted as enlarged, randomly colored
points, effectively covering nearly every tree in the scene. The second row shows the predicted masks generated based on the query
points from the first row, with each mask color corresponding to its associated query point color. The third row increases color contrast
to distinguish each predicted individual tree, with colors again randomly assigned. The fourth row presents the ground truth segmentation
with randomly assigned colors to aid comparison.
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Figure 10. Visual comparison of individual tree segmentation results among ForestFormer3D and baseline methods, with randomly as-
signed colors representing different tree instances. Common segmentation errors are highlighted using four distinct markers: red circles
for under-segmentation, yellow circles for over-segmentation, bright blue circles for undetected trees, and black circles for other errors,
such as points from one tree being assigned to a neighboring tree.
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