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Abstract— Data collection for forestry, timber, and agricul-
ture relies on manual techniques which are labor-intensive
and time-consuming. We seek to demonstrate that robotics
offers improvements over these techniques and can accelerate
agricultural research, beginning with semantic segmentation
and diameter estimation of trees in forests and orchards. We
present TreeScope v1.0, the first robotics dataset for precision
agriculture and forestry addressing the counting and mapping
of trees in forestry and orchards. TreeScope provides LiDAR
data from agricultural environments collected with robotics
platforms, such as UAV and mobile robot platforms carried
by vehicles and human operators. In the first release of
this dataset, we provide ground-truth data with over 1,800
manually annotated semantic labels for tree stems and field-
measured tree diameters. We share benchmark scripts for these
tasks that researchers may use to evaluate the accuracy of
their algorithms. Finally, we run our open-source diameter
estimation and off-the-shelf semantic segmentation algorithms
and share our baseline results.

The dataset can be found at https://treescope.
org, and the data pre-processing and benchmark code is
available at https://github.com/KumarRobotics/
treescope.

I. INTRODUCTION

Counting and mapping trees is a critical task for forestry
and crop management. In particular, diameters of trees corre-
late with the wood biomass [1] and are used to assess forest
growth, determine carbon sequestration potential, evaluate
fire risk management, and quantify timber yield [2]. Tra-
ditional methods for measuring tree diameters rely on using
manual tools such as calipers and measuring tapes [3], which
are time-consuming, labor-intensive, and prone to errors for
untrained users.

Robotics provides a unique opportunity to overcome the
limitations of traditional methods and revolutionize forestry
operations, measuring tree diameters and forest biomass
in a non-destructive and efficient manner. [4] Additionally,
robotic measurements can be performed at a much larger
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Fig. 1: Overview of the methods for TreeScope data collec-
tion. Top: Falcon 4 UAV [6] flying in under-canopy dense
forests. Middle: Our sensor platform mounted onto a small
cart and human-carried backpack. Bottom left: Forestry tree
instance segmentation for diameter estimation. Bottom right:
UAV flight in a pistachio orchard. TreeScope is the first
semantically segmented LiDAR dataset collected with
robotic systems in agricultural environments.

scale and with higher precision, improving the accuracy
of forest inventories and leading to more informed forest
management decisions [5], [6].

In forestry research, Terrestrial Laser Scanning (TLS) has
been commonly deployed to capture detailed under-canopy
scans, but TLS is a static platform with limited mobility
and is costly in terms of equipment and time to deploy and
process. [4]. Recent works have focused on segmenting trees
from Airborne Laser Scanning (ALS) data [4], [7], which
are LiDARs mounted onto small aircraft for over-canopy
data collection. However, these methods have limitations
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estimating the diameter at breast height (DBH) due to tree
canopy obstruction [8], [9]. Some works have utilized Mobile
Laser Scanning (MLS) platforms in urban environments or
small RC vehicles in agricultural settings [10], but these
techniques do not scale well as ground vehicles, which have
limited mobility and efficiency when traversing through a
cluttered forest on possibly undulating terrain [11].

Recently, autonomous UAVs have been able to fly reliably
under-canopy [6], [12], enabling fast collection of under-
canopy UAV Laser Scanning (ULS) data. Despite recent
innovations from the robotics industry (TreeSwift, Gaia AI)
and the research community [10], [13] in estimating biomass
volume from mobile platforms, there is minimal public data
or existing benchmarks to evaluate these algorithms.

TreeScope aims to address this gap with the following
contributions:

• We present the first LiDAR dataset of segmented
tree stem point clouds acquired from mobile robots
in forestry and orchard environments.

• We provide manually annotated semantic labels for the
tree stems, and ground-truth field measurements of
tree diameters.

• We share benchmark scripts to evaluate diameter
estimation algorithm and semantic segmentation
performance compared with the provided ground-truth
data, and share our baseline results with our bench-
mark diameter estimation algorithms [14] and state-
of-the-art segmentation networks [15], [16], [17].

Our goal is for this dataset to enable an accurate evaluation
of tree diameter estimation in robotic applications and the
development of point cloud segmentation algorithms for
agriculture by providing measurable performance metrics.

II. RELATED WORK

The availability of annotated 3D LiDAR datasets [18],
[19], [20] have accelerated the development of deep learn-
ing techniques for semantic segmentation for autonomous
driving applications [21], but these datasets are exclusively
collected in urban environments. Lately, there has been
increased interest among forestry researchers for LiDAR-
based data [22], [23] to develop deep learning techniques
for semantic segmentation and diameter estimation for agri-
culture.

A. LiDAR Semantic Segmentation

Recent works have focused on using TLS to perform
high-quality 3D reconstructions of forests for trunk and
crown semantic segmentation [3], [23]. Krisanski et al. [3]
present deep learning methods to accurately segment terrain,
vegetation, and stems, and evaluate them in a public TLS
dataset [24] and their own ALS, ULS, and MLS data. Burt
et al. [23] use geometric methods and unsupervised learning
to perform trunk and crown segmentation on larger-area
forestry point clouds gathered from TLS data.

However, most forestry segmentation techniques require
high-quality TLS point clouds and are rarely transferable to
noisier clouds acquired from other platforms [3]. Traditional

TLS systems are impaired by the occlusion problem [9],
which hinders comprehensive tree scans. Furthermore, TLS
is difficult to collect at scale in complex environments such
as forests due to its limited mobility and efficiency [11].
Notably, TLS is only feasible at the same scale as manual
field-based survey measurements, as a single hectare plot
takes 3 to 6 person days to scan [11]. TLS datasets are also
static, meaning they lack temporal context and spatiotempo-
ral features between frames that are advantageous for deep
learning models when trained with sequential datasets [21].

Additional works have demonstrated interest in decoupling
from over-reliance on traditional TLS platforms, by devel-
oping algorithms compatible with data acquired from aerial
and mobile platforms. Weiser et al. [22] presented forestry
data collected from heterogeneous platforms for tree segmen-
tation. They applied unsupervised learning and geometric
methods to segment TLS data and manual annotations to the
ALS and ULS point clouds [7]. Tatsumi et al. [25] present
methods for mapping trees with LiDAR-equipped iPhones to
enable time-efficient forest inventories.

B. Tree Diameter Estimation

Recent works have leveraged MLS data collection to
enable novel diameter estimation algorithms. Tremblay et
al. [13] deployed mobile robots MLS to measure tree
diameters in forests automatically and compared them to 943
ground-truth measurements. Proudman et al. [10] presents a
handheld MLS system that performs segmentation and DBH
estimation in real-time. Outside of the work done by Liu et
al. [6] and Chen et al. [14] from our research group, Hyyppa
et al. [9] is the only robotics study to use under-canopy ULS
manual flight data, for DBH and stem volume estimation on
a data sample of 85 trees over 0.2 ha of forest plots.

However, to our knowledge there are very few datasets
for laser scanning and robotics in forestry, especially with
under-canopy data [26]. Cao et al. [8] found that instance
segmentation algorithms performed poorly for understory
trees, and suggests that we need better under-canopy data
to improve segmentation techniques. Due to the difficulty
of obtaining annotated data from agricultural environments,
some works are focusing on generating synthetic forestry
datasets for robotic perception and machine learning devel-
opment [26]. Neuville et al. [27] note that the over-canopy
ULS has limitations in segmenting tree trunks and suggests
that UAVs that can both operate above and under the canopy
are a promising solution to gather data to tackle this issue.

To our knowledge, our work is the first dataset of
3D LiDAR segmentation in agricultural environments
gathered using robots, with our novel ULS and MLS
mobile platforms such as the Falcon 4 UAV and versatile
sensor platform. Furthermore, we provide a comprehensive
repository of field-measured ground-truth tree diameters
from diverse environments and corresponding individual
tree point clouds from heterogeneous platforms to enable
the development of diameter estimation algorithms. A
summary of the differences between our work and existing
literature is shown in Table I.
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Dataset Platform Size Terrain LiDAR Ground Truth Semantic Labels Size
RUSH06 TLS 0.5 ha Eucalypt Open Forest RIEGL VZ-400 N/A Tree cylinder 22 GB

RUSH07 [24] models
NOU-11 [23] TLS 1 ha French Guiana, Cayenne RIEGL VZ-400 N/A N/A 64 GB

KARA-001 [23] TLS 0.25 ha Karawatha Forest Park RIEGL VZ-400 N/A N/A N/A
BR01-08 ALS 12 ha Bretten and ALS: RIEGL VQ-780i DBH for 1060 Single-tree 105 GB

KA09-12 [22] ULS Hardtwald forest ULS: miniVUX-1UAV ALS/ULS for 1491 point clouds
TLS TLS: RIEGL VZ-400 TLS for 249 (includes canopy)

WY-01∗ TLS 2 ha Temperate broadleaf and TLS: RIEGL VZ-400 N/A Trees N/A
SE-01∗ [8] ALS Tropical rainforest ALS: Not Specified segmented

Hyyppä et al.∗ ULS 0.2 ha Boreal forest in Finland ULS: Velodyne VLP-16 N/A N/A N/A
[9] pine, spruce, birch

TreeScope ULS 4 ha of Pine, oak, maple, ULS: Ouster OS1-64 DBH for 1860 HDF5 labels 2.2 TB
MLS forests and cedar forests; MLS: Ouster OS0-128 MLS for 1860 for 3 classes

46 ha of Almond and and Velodyne VLP-16 ULS for 167
orchards pistachio orchards Height profiles for 97

TABLE I: Comparison of LiDAR datasets used for tree semantic and instance segmentation. TreeScope is the only
publicly available dataset acquired from robotics platforms that provides high-resolution LiDAR data, ground-truth DBH
measurements, diameter-height profiles, and annotated semantic labels from heterogeneous agricultural environments.
∗Dataset not publicly available.

III. METHODS

TreeScope provides sensor data and ROS bags collected
with robotics platforms from agricultural environments, and
manually annotated and field-measured ground-truth data.

A. Sensor Stack

We collected the data in this paper using two mobile
platforms with similar sensor configurations:

• Falcon 4 UAV: UAV laser scanning (ULS) data was
acquired in both manual teleoperated and autonomous
flight modes. This platform has a total weight of 4.2
kg and can perform flights under-canopy for up to
30 minutes of flight [6]. The UAV is equipped with
an Ouster OS1-64 LiDAR (Rev 6), with 64 vertical
channels, 1024 horizontal points, 10 Hz rotation rate,
120 m range, and 45◦ vertical FoV, and an Open Vision
Computer [28].

• Our sensor platform: Mobile laser scanning (MLS) data
was acquired with the sensor platform, which allows
for a platform-agnostic approach to collecting robotics
data, as it can be mounted on top of vehicles, small
carts, carried on a backpack by a walking person, or
even flown on small aircraft. This features an Ouster
OS0-128 LiDAR (Rev 6), with 128 vertical channels,
1024 or 2048 horizontal points, 10 Hz rotation rate, 50
m range, and 90◦ vertical FoV, an Intel RealSense D435
RGBD Camera, and a FLIR Boson Thermal Camera.

Both platforms featured an Intel NUC10i7FNH onboard
CPU, VectorNav VN-100 IMU, and a UBlox ZED-F9P GPS.
An overview of the platforms used for data acquisition is
shown in Figure 1. Unless noted, only the LiDAR and IMU
data are released in the dataset (except for the raw data).

B. Data Collection

Data was collected from a variety of forests and orchards:
• Under-canopy ULS in Virginia and New Jersey state

forests.
• ULS in Central California almond and pistachio or-

chards during canopy-on and canopy-off conditions.

• MLS data taken from our sensor tower platform (see
Figure 1) in forestry and orchard environments.

• Autonomous flight UAV sensor data for one hour of
flight in the Appomattox-Buckingham State Forest.

The tree species distribution for forestry datasets col-
lected in Virginia (VAT-0723, VAT-1022) consisted of loblolly
(Pinus taeda), Virginia pine (Pinus virginiana), pitch pine
(Pinus rigida), eastern white pine (Pinus strobus), chestnut
oak (Quercus montana), and white oak (Quercus alba).
The data collected in New Jersey’s Wharton State Forest
(WSF-19) consisted of pitch pine (Pinus rigida), various
oak, and Atlantic white cedar (Chamaecyparis thyoides).
The orchard datasets (UCM-0523, UCM-0323, UCM-0822)
gathered in Central California consist of almond orchards
(Prunus dulcis) and pistachio plantations (Pistacia vera).
Table II provides tree and data collection information for
each subset of TreeScope, and Figure 3 shows the DBH
distributions for each dataset’s field measurements.

The forestry data from the Appomattox-Buckingham State
Forest (VAT-0723) consists of 4 intensively managed plots
(IMP), which are subject to manual thinning after 10-15
years to study the effects of crowding and competition factors
on tree growth through metrics such as DBH, crown height,
and crown width. Lightly thinned (LT) plots cover 0.25 acres
and have 50% trees removed, and control plots (CT) cover
0.15 acres with no trees removed.

In some datasets, data is available from both platforms.
A trailing letter is added to subset name to differentiate the
LiDAR resolutions. (e.g., VAT-0723M for MLS).

C. Input Bags

The input ROS bags contain raw data from all onboard
sensors as described in Sec. III-A, including LiDAR, IMU,
RGBD image, and GPS data. Processed ROS bags are also
provided, which contain ground-truth lidar-intertial odometry
and velocity-corrected point cloud frames for every sweep
of the LiDAR provided by Faster-LIO [29]. We also provide
semantically inferred ground and tree point clouds in the
sensor and robot base frame, from our trained segmentation
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Fig. 2: Manual semantic annotations using our labeling tool.
Left: This top-down labeling approach allows us to label
accumulated scans on a layer-by-layer basis.
Right: Side-view of 40 accumulated scans from a forestry
dataset (VAT-0723) with tree trunks labeled in green.

network based on the RangeNet++ [15] architecture. In total,
there are over ten hours of raw data from the ROS bags.

D. Semantic Labels

Manually annotated semantic labels for tree stems, ground
points, and miscellaneous are provided for each data subset
and model resolution platform. We developed an open-source
in-house labeling tool that aggregates and undistorts LiDAR
frames based on LIO mapping1, allowing us to accrue multi-
ple scans within a single labeling process. The accumulated
point cloud is organized using a spherical projection model to
project it into the 2-D range image space. Then, it uses a top-
down labeling approach where scans are indexed based on
the z-axis height of capture, allowing for hierarchical labeling
of multi-structured data. The labeling process is shown in
Figure 2.

E. Ground-Truth Trees

Hand-measured ground-truth diameters are provided for
trees in each dataset as described in Table II. The diam-
eters are measured at the standard DBH at 4.5 ft (1.37
m) above ground, and the DBH distributions are shown in
Figure 3. Furthermore, measured tree heights are provided
for 97 forestry trees, and full diameter profiles at 1 meter
height intervals are provided for all 20 trees in the VAT-
1022 forestry dataset. For each tree with a ground-truth
measurement, individual tree point clouds are provided, as
well as diameter estimations from our benchmark methods
as described in Sec. V-B.

In the WSF-19 dataset, we measured the variance in field
measurements between two forestry conservation workers
when measuring DBH of the same tree. Across 695 trees
evaluated, there was an RMSE of 0.31 cm between human-
to-human measurements, equal to 1.5% of the DBH in the
sample size, indicating the field measurements have minimal
variance across different workers.

1Semantic Integrated LiDAR Labeling tool (SILL): https://github.
com/iandouglas96/sill.git.

Fig. 3: Ground-truth diameter distributions for each dataset.
Most forestry trees (VAT-0723, VAT-1022, WSF-19) have
similar DBH values, but due to the large sample size, there is
a wide distribution of min/max DBH. Orchard trees (UCM-
0523, UCM-0323) are planted in organized environments and
have less variance in DBH.

Fig. 4: Segmentation results from the RangeNet++ [15]
model. The inference mask (bottom) is compared on a pixel-
by-pixel basis to the ground-truth mask (middle) across the
test set to compute the segmentation performance metrics.
Top: Range image 2D projection of input LiDAR scan.
Middle: Ground-truth semantic labels (green pixels are tree
stems). Bottom: Segmentation inference from the model.

IV. DATASET APPLICATIONS AND METRICS

A. Semantic Segmentation

The annotated point cloud labels can be used to train
a segmentation network to provide semantic and instance
segmentation on tree stem and ground points. We use Inter-
section over Union (IoU) [30] as the performance metric for
semantic segmentation results. The per-class IoU equation is
given below in Equation 1, where cii, cij , and cki denote
truly positive, false positive, and false negative predictions
respectively.

IoUi =
cii

cii +
∑

j ̸=i cij +
∑

k ̸=i cki
(1)

Overall accuracy (OA) [30] is also used as a standard
benchmark in point cloud datasets. Note that the overall
accuracy is often skewed by the imbalanced distribution of
points across classes (see class distributions in Table III).

OA =

∑N
i=1 cii

N
∑N

j=1

∑N
k=1 cjk

(2)

B. Diameter Estimation

The input bags for this dataset, along with the indi-
vidual tree point clouds and corresponding DBH ground-
truth measurements, can be used to test the accuracy of
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Dataset Location Size Trees LiDAR Labeled Frames GT DBH Add. Sensors
VAT-0723U Appomattox-Buckingham CT: 0.12 ha loblolly pine OS1-64 (ULS) 183

77†‡ —VAT-0723M State Forest, VA LT: 0.2 ha OS0-128 (MLS) 145

Virginia, pitch, &
VAT-1022 Fishburn Forest, VA 0.5 ha eastern white pine OS1-64 (ULS) 201 20†‡ —

White & chestnut oak

WSF-19 Wharton State 3 ha pitch pine, various oak, VLP-16 (MLS) 52 1,539 —Forest, NJ Atlantic white cedar

UCM-0523U Merced County, CA 1 ha pistachio orchard OS1-64 (ULS) 400 70∗ ThermalUCM-0523M OS0-128 (MLS) 434
UCM-0323 Central CA 25 ha pistachio orchard OS0-128 (MLS) 242 154* Thermal

UCM-0822 Merced County, CA 20 ha almond orchard OS0-128 (MLS) 187 N/A Thermal, RTK

TABLE II: An overview of the data provided by TreeScope: ground-truth with manually annotated semantic labels and field-
measured DBH from LiDAR data acquired from UAV laser scanning (ULS) and mobile laser scanning (MLS) platforms.
†Tree heights provided.
‡Full diameter profiles are provided at 1 m height intervals to enable ground-truth volume benchmark.
∗Diameters measured at 0.3 m height for short orchard trees.

diameter estimation algorithms across a diverse set of trees
and environments. For this goal, the root-mean-square error
(RMSE) of the diameter estimation (d̂i) compared to ground-
truth data (di):

RMSE =

√√√√ 1

N

N∑
i=1

(di − d̂i)2 (3)

V. EVALUATION

We share benchmark scripts2 to help researchers evaluate
their methods using the metrics described in Sec. IV, and
provide examples of algorithms and baseline results in this
section.

A. Semantic Segmentation

We evaluate three state-of-the-art segmentation [15], [16],
[17] networks with the available open-source code from
the original authors on various data subsets of TreeScope
and report the baseline results in Table III. RangeNet++
[15] outperforms SqueezeSegV3 [17] across most categories
in terms of OA and IoU metrics. However, SqueezeSegV2
[16] has a significantly faster inference speed. For real-time
inference on high-resolution LiDARs such as the Ouster
OS0-128 on our sensor platform MLS platform, a lightweight
method like SqueezeSegV2 may be preferable for its faster
inference time despite its lower segmentation performance.

B. Diameter Estimation

We evaluate our two benchmark diameter estimation meth-
ods described in Sec. IV and report the results in Table IV.

1) Density-based clustering ring extraction (DBCRE):
DBCRE [31] uses unsupervised clustering DBSCAN [32]
on offline accumulated point clouds to perform instance
segmentation on the tree trunks. First, n sets of evenly spaced
control points on individual tree clusters are sampled, then a
k-d tree [33] is built out of the tree trunk instance to enable
fast nearest neighbor searches. Using the properties of k-d

2Benchmark scripts are available at https://github.com/
KumarRobotics/treescope/main/benchmarks.

trees [33], each set of n control points indexes a set of m
ring points that fall on the same height as the control points.
The selected ring points to the curvature of the tree trunks
as seen from the LiDAR’s perspective.

The diameter calculations are done per-frame to counteract
any odometry drift over time. The control points are accumu-
lated in space and re-clustered using DBSCAN to associate
them with the corresponding tree instances as clustered in the
initial step. Finally, for each corresponding set of ring points,
the diameter is estimated by fitting a circle or calculating
the largest chord of the ring segment. Further details of this
methodology is described in Section V of Prabhu et al. [31].

2) Semantic lidar odometry and mapping (SLOAM) :
SLOAM [14] is a real-time state estimation and mapping
software that models trees and ground points as cylinder
and plane landmarks respectively, and estimates pose trans-
form by performing data association with landmarks across
current and previous LiDAR sweeps to register the LiDAR
point clouds. Tree cylinder parameters are given by s =
(ρ, ϕ, ν, α, κ), where ρ is the distance between the origin
and cylinder, ϕ and ν are the angles between the cylinder
normal with the x and y axis respectively, α is the partial
derivative of the cylinder normal with respect to ν, and κ is
the inverse radius of the cylinder. Solving the geometric least
squares optimization shown in Equation 4 yields a cylinder
tree model s with diameter 2/κ. The full methodology is
described in Section III of Chen et al. [14].

argmin
ρ,ϕ,ν,α,κ

δi,k+1∑
j=0

d̂s(s, pj) (4)

As shown in Table IV, DBCRE outperforms SLOAM
across all datasets. SLOAM [14] requires dense point
clouds for accurate real-time clustering, so its accuracy was
significantly worse with lower-resolution LiDAR. However,
SLOAM has the advantage of being an online method that
can generate cylinder landmarks and diameter estimations
at 2 Hz, while DBCRE is an offline method that requires
accumulation of points over the entire ROS bag.
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IoU Class Distribution Inference Time
Dataset & Size Method OA Mean Tree Stem Ground Tree Stem Ground Misc [ms/Scan]

Fo
re

st
s

VAT-0723U RangeNet53++ [15] 0.875 0.662 0.684 0.451 0.245 0.096 0.659 47
64x1024 px SqueezeSegV2 [16] 0.615 0.429 0.451 0.395 0.245 0.096 0.659 12

SqueezeSegV3-53 [17] 0.866 0.657 0.661 0.462 0.245 0.096 0.659 93
VAT-1022 RangeNet53++ [15] 0.966 0.897 0.761 0.963 0.468 0.205 0.327 47

64x1024 px SqueezeSegV2 [16] 0.832 0.762 0.526 0.835 0.468 0.205 0.327 12
SqueezeSegV3-53 [17] 0.955 0.886 0.745 0.955 0.468 0.205 0.327 93

O
rc

ha
rd

s

UCM-0523M RangeNet53++ [15] 0.982 0.844 0.611 0.943 0.003 0.188 0.809 168
128x2048 px SqueezeSegV2 [16] 0.913 0.730 0.407 0.835 0.003 0.188 0.809 44

SqueezeSegV3-53 [17] 0.975 0.837 0.599 0.938 0.003 0.188 0.809 321
UCM-0323 RangeNet53++ [15] 0.905 0.687 0.508 0.690 0.010 0.097 0.893 168

128x2048 px SqueezeSegV2 [16] 0.692 0.561 0.238 0.527 0.010 0.097 0.893 44
SqueezeSegV3-53 [17] 0.912 0.692 0.523 0.682 0.010 0.097 0.893 321

TABLE III: Segmentation results on TreeScope with off-the-shelf networks. We report the overall accuracy, mean IoU, and
per-class IoU for each category. Note the datasets have a large variance in class distributions between object categories.
RangeNet++ [15] and SqueezeSegV3 [17] were both deployed with a 53-layer backbone. RangeNet++ has better performance
across most categories and data subsets. SqueezeSegV2 [16] has the fastest inference time.

Dataset Platform N Mean DBH DBCRE RMSE RMSE % SLOAM RMSE RMSE %

Fo
re

st
s VAT-0723U ULS 77 30.8 3.8 12.3% 9.8 31.8%

VAT-0723M MLS 77 30.8 3.5 11.6% 7.0 22.7%
VAT-1022 ULS 20 27.3 2.0 7.5% 7.5 27.5%
WSF-19 MLS 1539 23.1 2.3 9.9%

O
rc

ha
rd

s UCM-0523U ULS 70 16.3 2.3 14.1% 5.1 31.3%
UCM-0523M MLS 70 16.3 2.6 16.0% 3.8 23.4%
UCM-0323 MLS 154 27.8 6.1 22.1% 9.1 32.7%

TABLE IV: Diameter estimation results compared to ground-truth (all values in cm) on TreeScope using our benchmark
methods described in Sec. V-B. DBCRE [31] outperforms SLOAM [14] across all datasets, but SLOAM has the advantage
of being an online method that we have also used for autonomous flight.

VI. CONCLUSIONS

A. Contributions

This paper described TreeScope v1.0, a state-of-the-art
LiDAR dataset for under-canopy forestry and orchard trees.
Our goal is that TreeScope will allow researchers to develop
solutions for agricultural applications by providing diverse
data in challenging conditions that were not explored by
other datasets previously. We encourage researchers to use
this dataset to implement and test their semantic segmen-
tation and diameter estimation methods. Overall, we hope
that TreeScope will become a new standard for develop-
ing LiDAR-based algorithms for applications in agricultural
robotics.

B. Data Availability

The data will be fully open and available to researchers
and educators for non-commercial use under the Cre-
ative Commons Attribution-NonCommercial-ShareAlike
4.0 International License3.

We provide JSON files to describe ground-truth diameter
and height profiles, dataset metadata, and LiDAR sensor
metadata. We also provide HDF5 files with annotated seman-
tic labels for tree stem, ground, and miscellaneous classes
as described in Sec. III-D. As described in Sec. III-C, raw
and processed RxS bags are provided. Finally, we share

3Creative Commons Attribution Non-Commercial 4.0 License: https:
//creativecommons.org/licenses/by-nc-sa/4.0/.

benchmark scripts to allow quick comparison of semantic
segmentation and diameter estimation results against the
provided ground-truth data.

C. Further Work
This is Version 1.0 of TreeScope, as we intend to publish

further extensions of the work presented here. In the next
iteration of this dataset, we aim to augment the data with
canopy and branch semantic labels, which will enable robust
timber biomass volume estimation algorithms. As noted in
Table II, TreeScope’s raw data includes thermal and RGB
camera data that we have not evaluated in this paper. It is
our goal to include this data in multi-modal detection and
classification algorithms.
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[13] J.-F. Tremblay, M. Béland, F. Pomerleau, R. Gagnon, and P. Giguère,
“Automatic 3D Mapping for Tree Diameter Measurements in
Inventory Operations,” 2019. [Online]. Available: https://arxiv.org/
abs/1904.05281

[14] S. W. Chen, G. V. Nardari, E. S. Lee, C. Qu, X. Liu, R. A. F. Romero,
and V. Kumar, “SLOAM: Semantic lidar odometry and mapping for
forest inventory,” in IEEE Robotics and Automation Letters (RA-L),
2020.

[15] A. Milioto, I. Vizzo, J. Behley, and C. Stachniss, “RangeNet ++:
Fast and Accurate LiDAR Semantic Segmentation,” in 2019 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS),
2019, pp. 4213–4220.

[16] B. Wu, X. Zhou, S. Zhao, X. Yue, and K. Keutzer, “SqueezeSegV2:
Improved Model Structure and Unsupervised Domain Adaptation for
Road-Object Segmentation from a LiDAR Point Cloud,” 2018.

[17] C. Xu, B. Wu, Z. Wang, W. Zhan, P. Vajda, K. Keutzer, and
M. Tomizuka, “Squeezesegv3: Spatially-adaptive convolution for effi-
cient point-cloud segmentation,” in European Conference on Computer
Vision. Springer, 2020, pp. 1–19.

[18] J. Behley, M. Garbade, A. Milioto, J. Quenzel, S. Behnke, C. Stach-
niss, and J. Gall, “SemanticKITTI: A Dataset for Semantic Scene
Understanding of LiDAR Sequences,” 2019.

[19] Y. Pan, B. Gao, J. Mei, S. Geng, C. Li, and H. Zhao, “SemanticPOSS:
A Point Cloud Dataset with Large Quantity of Dynamic Instances,”
2020.

[20] N. Varney, V. K. Asari, and Q. Graehling, “DALES: A Large-scale
Aerial LiDAR Data Set for Semantic Segmentation,” 2020.

[21] B. Gao, Y. Pan, C. Li, S. Geng, and H. Zhao, “Are We Hungry for 3D
LiDAR Data for Semantic Segmentation? A Survey and Experimental
Study,” 2020.
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