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Abstract

Boreal forest ecosystems are under immense pressure, and
while airborne LiDAR has emerged as a powerful moni-
toring tool, leveraging its large data volumes requires au-
tomated analysis. Deep learning methods offer a solu-
tion but are hindered by the scarcity of large-scale, labeled
datasets in forestry, contrasting to the data-rich urban en-
vironments. To address this gap, we introduce the Que-
bec Simulated Forest (QC-SF), a large-scale, synthetic air-
borne LiDAR dataset fully labeled for semantic segmenta-
tion. QC-SF contains 60,000 forest plots, each composed of
a controlled mixture of the two dominant species in Que-
bec’s boreal forest: Black Spruce and Balsam Fir. Us-
ing this benchmark, we evaluate the performance of five
renowned and state-of-the-art point cloud networks: KP-
Conv, MinkUNet, DGCNN, Point Mamba and Point Trans-
former V3. Our results identify Point Transformer V3 as the
most effective architecture, achieving 91.66% mIoU. Fur-
thermore, we validate the sim-to-real transferability of our
dataset, demonstrating that augmenting a small number of
real-world scans with our synthetic data improves segmen-
tation performance by 6 points in mIoU score. QC-SF is
available at : qc-sf.org.

1. Introduction

Boreal forest ecosystems are being heavily altered due to
escalating stressors such as climate change, wildfires, epi-
demics, and anthropogenic pressures [27]. Monitoring
these vast and vulnerable environments is critical for un-
derstanding these changes and formulating robust preserva-
tion policies [42]. Given the immense scale of the boreal
biome, Airborne Laser Scanning (ALS) has emerged as an
indispensable tool. The ability of LiDAR to penetrate veg-
etation allows for the collection of detailed structural in-
formation across the canopy, understory, and ground [23].
However, raw ALS data, which consists of geometric and
limited spectral information, cannot be directly utilized by

ecologists and forest managers. To be useful, these mas-
sive point clouds must be converted into meaningful eco-
logical metrics, such as biomass maps, species distribution,
and canopy height models.

The sheer volume of data generated by ALS surveys ne-
cessitates automated processing methods. Deep learning
has revolutionized 3D point cloud processing, beginning
with PointNet [48] and evolving through various strategies,
including graph-based [34, 57], voxel-based [14, 39], and
point convolution methods [6, 54]. Current state-of-the-
art either leverage transformer architectures [65, 68], which
utilize self-attention mechanisms [55] or mamba architec-
tures that rely on space-state models [35, 37]. These mod-
ern architectures offer superior performance but have sub-
stantially more parameters, demanding massive amounts of
labeled training data. This requirement for labeled data
presents a significant bottleneck in forestry applications.
Manually labeling forest point clouds is exceptionally chal-
lenging compared to urban environments. Forest struc-
tures are complex and irregular; trees are often entwined,
their boundaries are fuzzy, and dense understories can ob-
scure the ground. Consequently, manual annotation is a
slow, cumbersome process, resulting in the limited quan-
tity and quality of ground truth data. Most recent studies
have nonetheless relied on this process [7, 8, 32, 33]. This
scarcity hinders the development of dedicated vision tools
and makes comparative studies difficult.

Recent efforts have aimed to mitigate this data gap by
creating larger datasets, such as PureForest [28] and FOR-
species20K [47]. However, these datasets have limitations.
PureForest, while large, contains only monospecific plots
with plot-wise classification labels, and plot-based infor-
mation is not enough when facing mixed forests. FOR-
species20K, an aggregation of 25 smaller datasets, focuses
only on the classification of already individualized trees.
Crucially, both datasets are heavily biased towards Euro-
pean forests. This leaves a significant scarcity of data rep-
resenting the specific characteristics of the North Ameri-
can Eastern Boreal Shield. In domains where manual la-
beling has proven insufficient for deep learning, simula-
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Figure 1. Few plots of the Quebec Simulated Forest (QC-SF) dataset, with colors representing respectively from left to right, intensity,
individual trees, semantic classes, and plot index.

tion has emerged as a powerful alternative. Early bench-
marks like ModelNet40 [70] used synthetic 3D objects to
drive foundational research. In LiDAR simulation, Wu
et al. [63] demonstrated that synthetic data generated via
game engines could significantly aid model training for ur-
ban scenes. Following this precedent, we introduce Quebec
Simulated Forest (QC-SF), a novel, large-scale synthetic Li-
DAR dataset designed specifically for the boreal forests of
Quebec, focusing on the dominant species: Black Spruce
(Picea Mariana) and Balsam Fir (Abies Balsamea). This
benchmark facilitates the training of semantic segmentation
models in data-scarce Quebec boreal forest environments.
Our primary contributions are:
• A framework for generating realistic, large-scale syn-

thetic LiDAR data representative of the Eastern Boreal
Shield Forest.

• The creation and release of QC-SF, a multi-task synthetic
LiDAR dataset comprising 60,000 labeled forest plots,
equivalent to 2,400 ha.

• A comprehensive benchmark evaluating state-of-the-art
deep learning networks for semantic segmentation on
QC-SF.

• A validation of sim-to-real transfer learning, demonstrat-
ing the efficacy of using simulated data to improve seg-
mentation performance on real-world data, particularly in
few-shot contexts.

2. Related Works

2.1. Point Cloud Simulation for Forest Scenes

Lidar simulation has long been integral to sensor develop-
ment and algorithm evaluation. The available software re-
flects a fundamental trade-off between physical realism and
computational efficiency. On one hand, physically-based
radiative transfer models like DART [26, 67], DIRSIG [30],
and LESS [41] offer high-fidelity simulations by modeling
complex beam-environment interactions, but at a signifi-
cant computational cost. On the other hand, more efficient

geometric-optical models like HELIOS [5] and its successor
HELIOS++ [62] use a simplified beam ray tracing represen-
tation. This efficiency is critical when the goal is to generate
massive volumes of diverse data required for training deep
learning models.

The realism of any simulation is fundamentally depen-
dent on the underlying 3D scene modelization. For forests,
high-fidelity approaches often reconstruct individual trees
from Terrestrial Laser Scanning (TLS) data [11, 20], us-
ing Quantitative Structure Models (QSMs) for woody com-
ponents and voxelized representations for foliage [51, 59].
While initiatives like the RAMI IV experiment [61] produce
meticulous digital twins, these reconstruction methods are
labor-intensive and difficult to scale. An alternative is pro-
cedural generation with software like Xfrog [36] or Arbraro
[58], which can generate large libraries of tree models ef-
ficiently but often at the cost of ecological authenticity and
realism. Overall, if some studies [16, 18, 59] have explored
modelization for lidar simulation, no consensus exists on
the optimal methodology for producing learning-friendly
simulations.

2.2. Deep Learning for Semantic Segmentation in
Forestry

The application of deep learning to forest point clouds has
primarily focused on tasks like individual tree segmenta-
tion [66], species classification [8, 47], and element seg-
mentation (wood/leaf) [33]. However, progress in this
field has historically lagged behind urban computer vision
due to a critical bottleneck: the scarcity of large, labeled
datasets. Early works in forestry understandably relied
on less data-hungry architectures like PointNet and Point-
Net++ [7, 8, 33], with training data often limited to a few
hundred manually annotated plots [32].

More recently, efforts to aggregate multiple smaller
datasets have enabled the benchmarking of more powerful
architectures. For instance, Puliti et al. [47] combined 25
datasets to evaluate models like PointNet++[49] (as Ensem-



ble), MinkUNet[14], PointMixer[13], and DGCNN[57].
Xiang et al. [66] utilized the FOR-instance dataset [46]
to train an adapted MinkUNet[14] model. Despite these
advances, even these aggregated datasets are small and
heterogeneous compared to urban benchmarks like Se-
manticKITTI [29]. The intensive manual labor required for
annotation remains the primary barrier to progress, high-
lighting the need for a scalable alternative to labeled data
generation.

2.3. Simulation for Machine Learning in Forest Ap-
plications

Simulation is emerging as a viable solution to the data bot-
tleneck in forestry. Recent studies have demonstrated its
utility for a range of applications, from wildfire fuel identi-
fication [15] to validating the impact of point cloud density
on segmentation tasks [53]. Specifically for training deep
learning models, Bryson et al. [9] and Capua et al. [12] used
simulated point clouds to train networks for leaf/wood sepa-
ration. Crucially, the work of Schafer et al. [51, 52] showed
that models trained on simulated data for biomass estima-
tion perform comparably to those trained on real data, and
that synthetic data significantly improves results in limited-
data training scenarios. Lu et al. [40] aimed at simulating a
lidar dataset for wood/leaf segmentation, yet only focused
on backpack LiDAR and did not evaluate the dataset via
deep learning solutions. These studies validate the promise
of sim-to-real transfer in forestry. However, they have pri-
marily focused on element-level segmentation (leaf/wood)
and individual tree species classification. Our work ad-
dresses a more challenging task of coniferous species se-
mantic segmentation.

First, we present a methodology to generate a massive-
scale dataset for species-level semantic segmentation in a
complex boreal forest environment. Second, we release this
dataset as a public benchmark to promote research. Finally,
we move beyond by rigorously evaluating the performance
of PTv3 to a real world application and provided a quanti-
tative validation of sim-to-real transfer, demonstrating that
our simulated data can significantly improve model perfor-
mance in data-scarce, real-world scenarios.

3. Methods

3.1. Case Study
Our study focuses on the Quebec portion of the Boreal
Shield ecozone, specifically the closed-canopy forest sub-
zone between latitudes 48°N and 52°N. This region is domi-
nated by black spruce (Picea mariana) and balsam fir (Abies
balsamea), which form dense stands with characteristically
shady undergrowth. Together, these two species represent
over 60% of the forest composition in Quebec [17, 21]
and are the most prevalent coniferous species in the Boreal

Figure 2. Positions of pure Balsam Fir plot (1), pure Black Spruce
(2) and mixed plot (3), on bottom right, relative to Montmorency
forest (blue) and the Canadian boreal shield ecozone (top left).
Google Earth background.

Shield East ecozone [31].
Our study site is located within the Montmorency For-

est (48.28°N, 71.19°W), a research forest representative of
the southern edge of the Eastern Boreal Shield (Figure 2).
We established three 100m2 (10 m × 10 m) plots in ma-
ture stands, situated away from forest edges to avoid border
effects. The plots were selected to represent distinct com-
positions: one dominated by black spruce (51 trees), a sec-
ond by balsam fir (31 trees), and a third with a mix of both
species (43 trees).

3.2. Real Data Acquisition and Annotation

Field Inventory and ULS Data Collection. The publicly
available ALS data for the Montmorency Forest, acquired
in 2016 by Quebec’s ministry of forests, has a point den-
sity of approximately 2.5 points/m2. This density is too
sparse for the detailed structural and species-level analysis
required by our study. To create a reference dataset, we
conducted a field inventory and a high-density Unmanned
Aerial Vehicle (UAV) Laser Scanning (ULS) survey. First, a
complete forest inventory was performed for the three plots,
where the species and stem position (at breast height) of ev-
ery tree were precisely recorded using a total station and
GNSS. Subsequently, the ULS acquisition was carried out
over the plots. The acquisition occurred under sub-optimal
meteorological conditions, with winds of approximately 15
km/h and a 5-10 cm layer of snow on the ground. The
raw ULS data, which achieved an average density of ∼2900
points/m2, was post-processed using DJI Terra software. Fi-
nally, we completed data collection by acquiring spectral
measurements of the needles from both species to obtain
reflectance values.



Figure 3. Workflow for generating our virtual LiDAR dataset Quebec Simulated Forest (QC-SF).

Ground Truth Annotation Workflow. To generate the
ground truth labels for semantic segmentation, we fol-
lowed a multi-step workflow. First, the ground was au-
tomatically classified using the Simple Morphological Fil-
ter (SMRF) algorithm [45] implemented in the PDAL li-
brary [10]. Following this, each tree crown was manually
segmented from the non-ground points using CloudCom-
pare software. These individualized tree point clouds were
then cross-referenced with the field inventory data to as-
sign the correct species label (Picea mariana or Abies bal-
samea). Finally, remaining unclassified points located near
the ground were assigned to low vegetation class, while all
other points were left unlabeled.

Dataset Generation and Augmentation. The final step
was to process the dense, annotated ULS point clouds into
a dataset suitable for our experiments. To simulate a con-
temporary ALS acquisition and create our target data, the
ULS point clouds were randomly subsampled to a den-
sity of 50 points/m2. To augment the number of avail-
able real-world samples, we employed an iterative sub-
sampling strategy. For each of the three high-density plot
clouds, we repeatedly generated distinct 50 points/m2 sam-
ples without replacement until the original point cloud was
exhausted. This process yielded a final dataset of 158 real-
world point cloud samples, each containing approximately
20,000 points. The samples were distributed as follows: 58
from the pure black spruce plot, 58 from the pure balsam fir
plot, and 42 from the mixed-species plot.

3.3. Simulated Dataset
We introduce the Quebec Simulated Forest (QC-SF), a
synthetic LiDAR dataset composed of 50k procedurally
generated virtual forest plots for training and 10k for test-
ing. The design of QC-SF was guided by two primary prin-

ciples: 1) achieving a high level of realism to minimize
the simulation-to-real domain shift, and 2) ensuring max-
imum representativeness by including a wide range of real-
world forest conditions. The general workflow for generat-
ing plots is presented in Figure 3.

3.3.1. Forest Plot Modeling
Each virtual forest plot is composed of three primary com-
ponents: trees, low vegetation (understory), and ground. In
contrast to using purely procedural 3D models, like Xfrog
or Arbraro for trees, which can accelerate the modeling pro-
cess at the cost of realism, we prioritized authenticity. For
each component, we used models and data that were either
validated in previous scientific studies or derived from our
acquisitions.

To ensure plot diversity, we designed a three-
dimensional parameter space. Each generated plot occu-
pies a unique position in this space, defined by its specific
combination of: 1) tree density, 2) species mixture, and 3)
understory vegetation level. A representation of that vector
space is given in Figure 4.

Ground. We sourced our digital terrain models from two
distinct 1 km2 ALS tiles of forested areas. For the training
set, we used a tile from the LidarBC open access dataset
[2], selected for its wide variety of slope and terrain types.
For the test set, we used a geographically separate tile from
Quebec’s open forest dataset [1] to ensure model general-
ization. Ground surfaces for both were extracted using Sim-
ple Morphological Filter (SMRF) algorithm. For each plot,
a 20 m × 20 m patch was randomly sampled from the cor-
responding terrain tile set.

Tree Models. Our tree library is a modified version of the
3D models from Côté et al. [16], containing 229 unique tree



instances (145 balsam fir, 84 black spruce). Each tree con-
sists of two separate 3D meshes: one for the wood structure
(stem and branches) and another for the foliage (needles).
As the original models were highly detailed, we simplified
the meshes to a vertex spacing of approximately 5 cm (ef-
fective precision of typical ALS systems). The resulting li-
brary contains a wide distribution of tree sizes, from young
saplings to fully mature trees (Figure 5). To prevent data
leakage, the tree model library was partitioned into training
(80%) and testing (20%) sets.

Forest Spatial Structure. The spatial structure of each
plot was procedurally generated based on its assigned den-
sity and species mixture. For each tree to be added, a model
was randomly selected from our library (respecting the tar-
get species mix) and placed at random coordinates with
a random planar rotation. Following the methodology of
Schafer et al. [52], we did not enforce crown separation, as
overlapping crowns are a common and realistic feature of
boreal closed-canopy forests. Based on field studies [4], the
density of Black Spruce and Balsam Fir stands can range
from 1000 to 3000 stems/ha. Our dataset covers and ex-
tends this range, with plot densities varying from 5 trees
(125 stems/ha) to 128 trees (3200 stems/ha). The species
mixture is a continuous value from 0 (100% Balsam Fir) to
1 (100% Black Spruce).

Low Vegetation. We modeled 20 distinct levels of under-
story vegetation, corresponding to a Leaf Area Index (LAI)
ranging from 0.5 to 1.9 m2/m2, consistent with values re-
ported by Liu et al. [38]. These levels were achieved by
procedurally placing on the ground up to four layers of 50
cm turbid voxels (as AMAPvox [56]). The density of these
voxels was varied to meet the target LAI for each plot.

Optical Properties. To ensure accurate simulation of in-
tensity signal, we assigned spectral reflectance values to ev-
ery material at the 1064 nm wavelength. Where direct mea-
surements were unavailable, we referred to values from pre-
vious studies:
• Leaves: 0.48 for Balsam Fir, 0.32 for Black Spruce (from

field acquisition).
• Bark: 0.42 for Balsam Fir, 0.21 for Black Spruce (fig. 5

in [50]).
• Low Vegetation: 0.56 (avg. reflectance of plants at 1064

nm [43]).
• Ground: 0.44 (avg. reflectance at 1064 nm [24, 25]).

3.3.2. LiDAR Simulation
We performed the LiDAR simulations using HELIOS++
[62], a simulator designed for high-performance comput-
ing (HPC) environments [22]. We selected this software
as it offers an effective balance between simulation speed

Figure 4. Representation of the vector space of plot parameters of
QC-SF dataset. Each plot has a unique coordinate in the 3D space
defined by the 3 axis, namely, tree density, species mixture and
low vegetation level.

and physical realism, which was essential for generating our
large-scale dataset.

The simulation was parameterized to emulate a typical
aerial survey. We defined a virtual platform equipped with a
RIEGL VQ-780II sensor, with flight and sensor parameters
configured according to the manufacturer’s technical speci-
fications [3] and Natural Resources Canada’s guidelines for
ALS acquisitions [60]. Each flight line was simulated from
a 1 km above-ground altitude to achieve an average den-
sity of 16.5 points/m2. To replicate realistic coverage with
swath overlaps and reach our final target density, each plot
was surveyed with three simulated flight lines from varying
angles, resulting in a final density of 50 points/m2 per plot.

HELIOS++ estimated the LiDAR intensity using a Lam-
bertian reflectance model, as we provided reflectance val-
ues at 1064 nm for the scene materials. We chose not to
simulate platform or sensor noise, instead treating the ide-
alistic simulated data as a baseline and included acquisition
noise at the data augmentation step. This strategy allows
for a wider representation of acquisition noises. The simu-
lations were processed on the Digital Research Alliance of
Canada’s HPC servers. The computation required around
2000h split onto nodes of 128 GB of RAM and 32 cores.

4. Experiments
Using our newly created QC-SF dataset and the correspond-
ing real-world data, we designed two experiments: 1) a se-
mantic segmentation benchmark on the synthetic data, and
2) an evaluation of simulation-to-real transfer learning.

4.1. Semantic Segmentation Benchmarking
Setup. The first experiment uses the semantic segmenta-
tion labels of the QC-SF dataset to benchmark the perfor-



Figure 5. Examples of (left) balsam fir (Abies balsamea) and
(right) black spruce (Picea mariana) models from [19]. Colors
for visualization only.

mance of five deep learning architectures. These networks
were selected to represent the primary strategies in 3D point
cloud processing:
• Voxel-based Convolution: MinkUNet [14]
• Point-based Convolution: KPConv [54]
• Graph-based Convolution: DGCNN [57]
• Space-State-based: Point Mamba [37]
• Transformer-based: Point Transformer v3 [65]

All models were trained using a consistent data augmen-
tation pipeline as applied in the following order: random
point dropout, random cuboid dropout [69], random trans-
lation, random flips along the X and Y axes, random rota-
tion around the Z axis, random point jittering, and random
intensity jittering. Notably, the random point jittering was
designed to simulate sensor and platform noise, intention-
ally omitted during simulation (see 3.3.2), by adding Gaus-
sian noise with a standard deviation of 5 cm. All five of
our implementations are available publicly [link to GitHub
repository anonymized].

Result discussion. The results of the semantic segmen-
tation benchmark on the QC-SF test set are presented in
Table 1. Confirming its status as a state-of-the-art archi-
tecture, Point Transformer v3 (PTv3) achieved the highest
performance across all metrics, closely followed by Point
Mamba.

A detailed analysis reveals that the primary advantage
of PTv3 lies in its superior ability to segment ground and
low vegetation. Figure 6k shows the low number of seg-
mentation errors on the ground. This suggests its self-
attention mechanism is highly effective at capturing the

structural patterns and spectral differences that distinguish
these classes from the trees. While PTv3 performed well
on tree species segmentation (Figure 6), it was outscored by
Point Mamba on species segmentation. Especially, Point
Mamba proved to be better at identifying black spruce
(91.39% IoU).

In contrast, DGCNN’s performance lags significantly be-
hind the other models, as illustrated by Figure 6i, where seg-
mentation errors are significantly more visible than the three
other methods. This outcome is likely attributable to its lim-
ited receptive field; the network was trained on patches of
only 4096 points (the original implementation of [57] used
1024 points), representing a small fraction of a full forest
plot. As context is crucial for semantic segmentation [44],
this constraint likely hindered the model’s effectiveness.

Interestingly, as shown by the second row of Figure 6,
the majority of segmentation errors are concentrated at the
intersection of sub-canopy trees. This finding highlights
that networks struggle with the same complex scenarios that
make manual labeling difficult, namely, segmenting small,
overlapping tree canopies.

These findings align with related work in forestry, such
as the benchmarks by Puliti et al. [47], which also reported
lower performance for DGCNN compared to MinkUNet
on tree classification tasks. This underscores a critical
point: model performance is highly domain-specific. While
DGCNN may be on par with other methods on object-
centric benchmarks like ModelNet40 [54], our results show
that these capabilities do not necessarily translate to the
challenges of semantic segmentation in complex forest
scenes.

We provide in the Supplementary Material an in-depth
analysis of model performance regarding the simulation pa-
rameters: tree density, species mixture, and understory veg-
etation level.

4.2. Sim-to-Real Transfer Learning

Setup. Our second experiment aimed to evaluate the prac-
tical utility of our synthetic dataset. By assessing sim-to-
real transfer performance, our goal is to show QC-SF us-
age outside of the benchmarking. We selected Point Trans-
former v3 for this task, as it was the top-performing model
in our previous experiment. We compared three training
strategies :
• Sim-only: Trained on QC-SF dataset.
• Real-only: Trained on our real-world dataset of 116 sam-

ples (baseline).
• Mixed: Trained on a combination of the 116 real samples

augmented with 500 randomly selected virtual plots from
QC-SF. This ratio was choosen to avoid real data dilution.

Models were trained following our first experiment data
augmentation procedure.



Table 1. Semantic segmentation results on the QC-SF test set.

Method OA mIoU IoUGround IoUAB IoUPM IoULow veg

MinkUnet [14] 93.47% 87.26% 84.12% 89.40% 90.80% 84.70%
KPConv [54] 93.09% 86.51% 83.79% 89.65% 89.39% 83.21%
DGCNN [57] 91.15% 83.20% 80.96% 87.04% 85.12% 79.67%

Point Mamba [37] 94.48% 89.23% 85.74% 91.47% 91.39% 88.35%
Point Transformer v3 [65] 95.61% 91.66% 93.23% 91.40% 90.81% 91.20%

(a) Ground truth (b) MinkUNet (c) KPConv (d) DGCNN (e) Point Mamba (f) PTv3

(g) MinkUNet (h) KPConv (i) DGCNN (j) Point Mamba (k) PTv3

Figure 6. Semantic segmentation results of the benchmarked architectures on a plot from the test set of Quebec Simulated Forest (QC-
SF) Dataset. Top Row: (a) Ground Truth, and predictions of (b) MinkUNet, (c) KPConv, (d) DGCNN, (e) Point Mamba, and (f) Point
Transformer v3. Bottom Row: Visualization of segmentation errors for each respective model. Misclassified points are colored in red,
while correctly classified points are gray. Legend: Ground (blue), Balsam Fir (green), Black Spruce (yellow), Low Vegetation (red).

Ablation study on sim vs real samples. To determine the
optimal ratio of synthetic to real data, we conducted an ab-
lation study by training multiple instances of Point Trans-
former V3. Figure 8 shows the resulting mIoU as a func-
tion of the number of synthetic samples added to our 116
real training samples. We found that the ideal range is be-
tween 50 and 5,000 synthetic samples. Fewer than 50 sam-
ples were insufficient for the model to generalize effectively
from the simulation, while adding more than 5,000 sam-
ples skewed the training distribution too heavily towards
synthetic data, causing the model to disregard the features
learned from the real-world examples.

Result discussion. The results are detailed in Table 2.
The model trained exclusively on synthetic data (Sim-only)
performed poorly when tested on real scans, reaching only
26.33% mIoU. This model completely missed black spruce
(0.55% IoU) and low vegetation (0.36% IoU) classes, and
Figure 7c highlights the strong confusion between them.
This result highlights the existence of a significant domain
gap between QC-SF and our real-world dataset. Similar do-
main gap has been observed in previous studies [63, 64].

Table 2. Performance comparison of Point Transformer v3 trained
on simulated, real, and mixed datasets. Tested on the real-world
mixed plot (n°3)

Metric Sim-only Real-only Mix (Sim+Real)

OA 59.59% 62.57% 78.98%
mIoU 26.33% 46.39% 52.12%

IoUGround 26.64% 79.60% 81.23%
IoUAB 77.77% 44.10% 75.19%
IoUPM 0.55% 19.79% 20.62%
IoULow V 0.36% 42.05% 31.44%

In contrast, the baseline model trained on the small real-
world dataset (Real-only) scored better, reaching 46.39%
mIoU. As seen in Figure 7c, this model achieves strong
ground detection (79.60% IoU). If the global understanding
of the forest structure is present, the real-only model strug-
gles with species segmentation, explaining the low 19.79%
IoU score on black spruce class.

Our most significant finding is that training with a mixed



(a) Ground truth (b) Sim-only (c) Real-only (d) Mix (Sim+Real)

Figure 7. Semantic segmentation results of sim-to-real training strategies on real-world plot n°3. (a) Ground Truth, (b) Sim-only model, (c)
Real-only model, (d) Mixed (Sim+Real) model. Observation: Note the significant reduction of errors in the mixed model (d) compared
to the real-only model (c). Legend: Ground (blue), Balsam Fir (green), Black Spruce (yellow), Low Vegetation (red).

dataset, even in a few-shot context, gives a substantial per-
formance boost. As illustrated by Figure 7d, the mixed
model achieves an mIoU of 52.12%, an improvement of
nearly 6 points over the real-only model baseline. This con-
firms our hypothesis that synthetic data can effectively com-
pensate for real-data scarcity and validates that our model-
ing and simulation procedures produce meaningful virtual
LiDAR data.

The performance gain is most significant for the balsam
fir class, where the IoU increased from 44.10% to 75.19%,
an increment clearly displayed by Figure 7d. This indi-
cates that the simulated data provides robust examples that
help the model generalize better from limited real examples.
Furthermore, while the IoU for black spruce only rose by
1% from the baseline, we observed a 16% jump in its con-
tribution to Overall Accuracy, an improvement made clear
by comparing Figure 7a and Figure 7d.

However, we observed a trade-off in the low vegetation
class, where the mixed model’s performance (31.44% IoU)
dropped below that of the real-only model (42.05% IoU).
This is likely due to a specific domain discrepancy, as the
simulated understory does not account for the 5-10 cm snow
layer present in the real ULS data. Despite this, the overall
gain in mIoU underlines the strong contribution of the sim-
ulated data.

5. Conclusion
In this work, we addressed the critical bottleneck of labeled
data in forestry by introducing the Quebec Simulated For-
est (QC-SF), a large-scale, multi-task, synthetic airborne
LiDAR dataset. Representing the Eastern Canadian boreal
forest, QC-SF provides 60,000 fully annotated plots. Using
QC-SF, we evaluated 3D deep learning architectures on se-
mantic segmentation in a forestry context. Our benchmark
identified Point Transformer v3 as the most effective archi-
tecture for this environment.

We demonstrated the practical value of our synthetic

Figure 8. Sim-to-real transfer learning performance (% mIoU) as
a function of the number of synthetic training samples on a loga-
rithmic scale. The blue line shows the model’s score.

data through a sim-to-real transfer learning experiment. By
augmenting a small number of real-world scans with data
from QC-SF, we achieved an improvement of nearly 6% in
mIoU. This result validates our data generation framework
and confirms that high-quality synthetic data is a viable so-
lution for training powerful models, even when real-world
annotated samples are scarce. While this study focused on
semantic segmentation, the QC-SF dataset also provides in-
stance and wood/leaf separation labels. In future work, we
will provide evaluations for other vision tasks like instance
and panoptic segmentation. The QC-SF dataset will be con-
tinuously improved, and we plan to expand beyond our two
current species (Balsam Fir and Black Spruce) to better rep-
resent the boreal forest ecosystems.

QC-SF is a dataset designed to help develop computer
vision tools dedicated to forestry. Better computer vision
will ultimately allow more accurate ecological models, en-
abling land managers and foresters to implement more im-
pactful climate change mitigation techniques and better pre-
serve our boreal forests.
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jor. Photographic Interpretation of Forest Species in South-
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