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ABSTRACT

While mobile LiDAR sensors are increasingly used to scan in ecology and forestry applications, re-
construction and characterisation are typically carried out offline. Motivated by this, we present an
online LiDAR system which can run on a handheld device. Our system is capable of creating 3D
point cloud reconstructions of large forest areas, segment and track individual trees, and create an
inventory for the detected trees. Segments relating to each tree are accumulated over time, and tree
models are completed as more scans are captured from different perspectives. All the processing is
performed on-board in an online fashion, and immediate feedback can be provided to the operator via
a screen mounted on the device. This is a critical feature as it allows the operator to ensure the desired
area is mapped satisfactorily without any gaps or missing sections. We employ a pose-graph based
SLAM system with loop closures to correct for drift errors allowing us map large areas accurately.
Our mapping system also provides multi-session capability where data captured during different runs
times can be automatically merged in a post-processing step. In this work, we estimate the Diam-
eter at Breast Height (DBH) of individual trees an example parameter for the forest inventory. The
DBH parameter is estimated online by fitting a cylinder to each tree trunk through a least-squares op-
timization within an RANSAC loop. We demonstrate our mapping approach operating online in two
different forests (both ecological and commercial) with total travel distance spanning several kilome-
ters. Further, we also provide experimental results comparing our DBH estimation to ground-truth
measurements recorded manually in an ecological forest (Wytham Woods, Oxford). We demonstrate
that our DBH estimates are within ~7 cm accuracy for 90% of individual trees detected in the dataset.

1. Introduction

Researchers in ecology and forestry monitor the size and
growth of individual trees within a forest to infer arboreal
health. It is common to retrieve quantitative metrics such
as Diameter at Breast Height (DBH) using manual methods,
such as measuring tapes, to ensure consistency with previous
surveys. Such metrics go towards forming the forest inven-
tory and describes the state of the forest.

Over the last decade, 3D LiDAR scanners are being used
to map forests and extract various metrics from the point
cloud data. Automated methods have been developed for
tree segmentation and the construction of Quantitative Struc-
ture Models (QSMs) [14]. These models can be used to es-
timate the above-ground biomass and carbon stock by esti-
mating the volume of individual trees [2, 16]. These kind of
analysis has traditionally being done on high-quality point
cloud data captured with Terrestrial Laser Scanners (TLS),
which is typically expensive to obtain. Furthermore, com-
putation of these tree-scale metrics requires data processing
of a large-scale point cloud which is often conducted offline
as a post-processing step.
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In this work, we present an online forestry mapping sys-
tem capable of providing real-time feedback to the operator
on the ground. Our mapping system uses a hand-held Li-
DAR setup with on-board compute capability (See Fig. 2).
This provides an easier and more flexible surveying experi-
ence for the operator compared to traditional TLS systems.

The design of the mapping system takes into account the
challenges of typical forestry surveys. For example, we use
an elastic pose-graph structure as the underlying represen-
tation, which allows us to scale the mapping to large areas.
We also support multi-session mapping allowing the opera-
tor to survey the forest in multiple runs, which may be nec-
essary due to constrained battery powers or operator fatigue.
Furthermore, we present an online point-cloud processing
tool chain which can segment and track individual trees. The
ground surface can also be inferred, allowing us to estimate
the DBH of each tree (at 1.4m height) as the scanning pro-
cess is carried out.

The main contributions of this work are as follows:

¢ An online mapping system for forest environments us-
ing a handheld LiDAR capable of real-time feedback
for the operator to aid in the survey mission.

e Segmentation, tracking and estimation of DBH param-
eter for individual trees in the forest.

e A pose-graph based SLAM system with loop closure
integration to correct for odometry drift, and to main-
tain an accurate tree map over large areas.

e A multi-session mapping capability where data cap-
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2. Related Work

Advances in LiDAR technology have led to it being used
in non-traditional fields such as ecology, forestry and remote
sensing. Here, we review some of the state-of-the-art ap-
proaches for tree segmentation from LiDAR point clouds.
We first review techniques developed for high end Terres-
trial LiDAR scanners followed by more recent approaches
developed for mobile LiDAR scanners.

150 m

2.1. Tree Segmentation Using Terrestrial LIDAR

Many existing tree segmentation techniques operate on a
point cloud accumulated from multiple static scanning loca-
tions using a Terrestrial Laser Scanner (TLS), in post-processing.
Raumonen et al. [13] and Trochta et al. [19] clustered these
scans into smaller point clouds to work around large size of
these scans and to reduce memory consumption. They then
segmented tree-level clouds within each cluster by grow-
ing segments using assumptions of fixed inter-cluster dis-
tance and orientation to infer connectivity. Methods such
as [23] utilize concepts from graph theory to find the connec-
tivity between adjacent points and segment each tree. These
approaches, however, rely on multiple assumptions about a
tree’s architecture as well as assuming minimal interconnec-
tion between their crowns.

In[1] Burtet al. present a software package named treeseg
that uses region-growing technique is to segment individ-
ual trees. Key features in treeseg’s design are its indepen-
dence of forest type, scanning instrument and no assump-
tions about the tree structure.

2.2. Tree Segmentation Using Mobile LiDAR
Most of the above approaches are intended primarily for
Figure 1: Visualisation of the system output. Top: a high very high quality TLS point clouds. Their performance drops
level view showing a 150 m transect. The path taken by the when applied to noisier point clouds captured from Aerial
person carrying the sensor in Fig. 8 is shown in black. Centre Laser Scanners (ALS) and ground based mobile laser scan-
and Bottom: Detail of a section is shown with two different ners (MLS). However, the lower cost and increased portabil-
representations: one showing each tree segmented and indi- ity of mobile laser scanners in comparison to TLS outweighs
vidually coloure_d and the other shows a cylinder (primary axis makes them a desirable pick despite the measurement data
and diameter) fitted at breast height. being noisier. As a result several works have looked at tree
segmentation and automatic inventory generation systems
for these scanners.
tured during multiple runs can be merged in a post- Heo et al. [6] used mobile LiDAR to collect data in an
processing step. urban area, including parks and streets, to estimate the height
of trees and their DBH by calculating the height-above-ground
and using a least-squares circle fit approach [11]. They em-
phasised the advantage of using mobile LiDAR to reduce
shadow and occlusion effects, which are more prominent

We also performed a quantitative evaluation of our DBH ~ With terrestrial LIDAR systems, especially in an urban for-
estimates against measurements taken manually at our test €St env1ronment.1They utilised a Stencil LiDAR system pro-
site for comparison against a commercial tool (using the final duced by Kaarta™ which includes a Velodyne sensor.

e Demonstration of the system on challenging large scale
datasets from ecological as well as commercial forests
spanning several kilometers.

accumulated point cloud). We further perform some studies Similarly, Zhou er al. [24] collected LiDAR data with
to characterise the behaviour of different modules in our sys- a Velodyne VLP-16 LiDAR sensor. In offline processing
tem. the authors estimated the DBH of the trees. They removed

Video: https://tinyurl.com/ecnr-forest-mapping the points residing on the ground and estimated the DBH

using Random Sample Consensus (RANSAC) algorithm on

Uhttps://www.kaarta.com/
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Figure 2: The handheld device used in our system. The la-
belled components work together to provide online feedback
on the forestry data collection

the segments produced by an Euclidean-based clustering al-
gorithm [18].

Westling et al. [20] scanned individual avocado trees
with a 5 m spacing using a GeoSLAM Zebedee 1 handheld
device. The authors first voxelised point clouds and con-
ducted a graph-based search over the voxels to find all paths
connecting to a root voxel, which was considered to be the
tree node. The tree node is segmented from the ground by
comparing the height of points locally within a search radius.

More recently data driven and learning based approaches
have also been used for tree segmentation. Digumarti et
al. digumarti2018automatic train a random forest classifier
to segment individual trees into their component structures.
Convolutional Neural Networks (CNNSs), trained on simu-
lated tree data are used in [17] to segment trees from colour
and depth images. Windrim and Bryson [21] detect trees
in point clouds collected using ALS by encoding the point
clouds as a 2D raster image and detecting points of high den-
sity. This is followed by applying a segmentation network,
adapted from PointNet [12], to segment trees. Krisanski et
al. [9] further extend the idea of learning based tree seg-
mentation and present a sensor agnostic approach that works
point clouds of different densities.

The above presented approaches typically work as post-
processing techniques applied after data collection. This does
not allow the operator to perceive the reconstruction dur-
ing scanning. Our motivation is to develop a LiDAR-driven
technique which can reconstruct point clouds, extract indi-
vidual trees and estimate their structural parameters in dense
forests with rough terrain in real-time. A real-time mapping
system can ensure full coverage by providing feedback to the
operator, to help identify gaps in the scanned region, enable
rescanning and ensure that the environment is fully scanned
and processed at runtime.

Pose-Graph SLAM
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L Global Map J disk
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Figure 3: An overview of the system pipeline, the frequencies
of communication between blocks are given.

3. Approach

Our device consists of an Ouster OS0-128 LiDAR and
an Intel Realsense D4351, each with a built-in IMU ( Fig. 2).
However, we only use the data from the LiDAR sensor and
its IMU measurements for our LiDAR odometry and tree
tracking systems. The LiDAR has 128 beams and a 90° ver-
tical field of view (FOV). While it cannot completely cover
the environment vertically, the 90° vertical FOV is sufficient
to identify individual trees within about 20 m of the sensor.
The sensors used in systems such as Zeb-Revo or Zebedee?
have a narrow field of view and require the sensor to be either
rotated or oscillated to cover the environment entirely.

Our proposed system architecture is shown in Fig. 3. Due
to the system’s online nature, the pipeline is different from
many existing methods, and alterations have been made to
parallelise and speed up the overall pipeline.

In the following sections, we describe the algorithms and
methods used by each functional block within the system ar-
chitecture. We start with a LIDAR-inertial odometry module
to estimate the pose of the sensor which is accurate over short
distances (Sec. 4.1). The estimated odometry is fed to the
SLAM module (Sec. 4) which builds a pose-graph structure
as the sensor moves in the environment. Local maps cre-
ated by accumulating laser scans are attached to the nodes
of the pose graph. When a loop closure is detected on re-
visiting a place, the pose estimates are corrected for drift.
The pose-graph SLAM module allows us to scale the map-
ping to larger areas in the forest, and extend the mapping
capability to multiple-sessions.

Parallel to the pose-graph SLAM module, we process the
incoming LiDAR scans to segment and track trees. The Tree
Tracking block (Sec. 5), not used in the typical LiDAR for-
est inventory systems, segments, tracks and fuses each tree
detection. Finally, we also compute the DBH parameter for
each of the detected trees (Sec. 6). Advantages of using this
online fused data approach are that:

e Priorinventory data can be used to automatically iden-
tify trees.

Zhttps://geoslam.com/
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Loop Closure
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Figure 4: Pose-graph representation of the SLAM system.
Each node represents the pose of the sensor whereas the edges
represent the constraints coming from multiple sources.

e Success of the data collection can be evaluated online,
including the sensor’s coverage. This allows the oper-
ator to have a real time feedback of the reconstruction
and ensure that desired area is being mapped com-
pletely without any gaps/missing sections in the sur-
roundings.

e Data collection and analysis only takes the amount of
time needed to walk along a selected transect (a nar-
row section of land along which measurements are
taken).

4. Localization and Mapping

4.1. LiDAR Odometry

Our LiDAR odometry system [22] is a factor-graph based
windowed smoother which fuses Inertial Measurement Unit
(IMU) readings with measurements from a multi-beam Li-
DAR scanner mounted on a handheld device (Fig. 2). The
particular configuration used in this work, uses IMU pre-
integration to remove motion distortion from scans and to
initialise Iterative Closest Point (ICP) registration, specifi-
cally the implementation of Pomerleau [10], to determine the
relative transform for every 2 metres of distance travelled.

The IMU measurements and the relative transforms then
form constraints in a factor graph to estimate the poses in
a sliding window optimisation utilising iSAM2 [7] (as part
of the GTSAM library). Additionally, since IMU provides
gravity information, we can align the clouds with the gravity
direction. This alignment helps determine the base of trees
using the z direction. Evaluation of our LiDAR odometry
system is discussed in Sec. 7.1.

4.2. Pose-Graph SLAM with Loop Closures

The LiDAR odometry module provides accurate local
tracking over short distances (~100 m). However, as we travel
further, the pose estimated by the odometry system accumu-
lates drift. This drift will in turn effect other parts of the
pipeline, and can potentially result in incorrect association
of the previously generated maps and the trees segmented in
them.

We overcome this problem by implementing a pose-graph
SLAM system which corrects for odometry drift using loop
closure constraints. Fig. 4 shows the pose-graph structure
where nodes represent the pose of the sensor, and the edges
represent constraints from multiple sources. New nodes are

PG

@ e @
Loop Closure

o (o)) ()=o)

Figure 5: Mapping over multiple sessions as post-processing
step. Loop closures between the two sessions are computed (in
purple) and jointly optimized. A global map is then computed
using the jointly optimized poses.

added to the pose-graph as the device moves through the en-

vironment. We initialize a new node after traveling a dis-

tance of 5 m. With each node x; in the pose-graph, we asso-

ciate a local sub-map M, obtained by accumulating the Li-

DAR scans using the odometry estimate computed in Sec. 4.1.
Here, we assume that the drift accumulated within a local

map is small, and does not effect the tree segmentation and

tracking procedures. The point cloud of each local map is

transformed into a co-ordinate system whose origin corre-

sponds to a pose from the SLAM node.

The consecutive nodes in the graph are constrained with
LiDAR odometry (shown in orange), where as loop closure
constraints (shown in pink) are obtained on re-visiting a place
within the existing map. The entire pose-graph is optimized
at regular intervals, which ensures that the current pose es-
timates are computed with all the constraints in the graph.
During optimization, the loop closure constraints are respon-
sible for correcting the drift error.

In our online implementation, we detect the loop clo-
sures between non-consecutive nodes in the graph based on
their distances in the global coordinate frame. We consider
nodes within a distance of 3 m as loop closure candidates.
We then retrieve the local sub-maps associated with the cor-
responding nodes, and perform a scan matching step using
ICP. If a successful registration is obtained between the two
sub-map point clouds, we add a loop closure constraint in
the pose-graph given by the transformation estimated by ICP
procedure. Through the regular addition of loop closure con-
straints and reoptimization, the drift error is corrected.

Finally, we obtain the combined map of the environment
M by transforming the local sub-maps M, in to the global
frame using the pose of the corresponding node in the pose-
graph.

The pose-graph SLAM system with loop closure integra-
tion allows us to extend our tree mapping approach to larger
areas than was possible using LiDAR odometry only.

4.3. Multi-Session Mapping

While the pose-graph SLAM system in Sec. 4.2 allows
us to map large areas, forestry survey missions can require
multiple scanning sessions. This may be due to the lim-
ited battery capacity of the hand-held device, or to provide
a break for the operator to limit fatigue. In certain cases,
multiple operators would scan the forests separately to cover
larger areas. In all these scenarios, it becomes critical for an
effective mapping system to be able to merge maps gener-

Proudman et al.: Preprint submitted to Elsevier
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ated from multiple sessions.

To achieve multi-session mapping capability, we pro-
pose an approach where we exploit the pose-graph structures
built during individual missions, and merge them in a post-
processing step. At the of end of each session, we save the
pose-graph as well as the corresponding local maps to the
disk. Once all the sessions are completed, we use a place
recognition system by Giseop et al. named ScanContext [8]
to propose loop closure constraints between the different ses-
sions. ScanContext computes a compact descriptor for each
local map in our pose-graph. The descriptor captures the
distribution of the points in the 3D space and creates a dis-
criminative signature for the point cloud. We compute these
descriptors for each local map in all of the sessions, and
compares them to retrieve a set of loop-closure candidates.
The loop-closure candidates correspond to the places where
the local maps created during different sessions overlap with
each other. Note that our approach assumes that the individ-
ual sessions have an overlap with at least one other session
in the entire mission.

We retrieve these loop closure candidates for each ses-
sion pair, and finally create a combined pose graph consist-
ing of individual pose-graphs along with the inter-session
loop closures. An illustrative figure with two pose-graphs
PG, and PG, along with the loop closures between them is
shown in Fig. 5.We then optimize the combined pose-graph
to obtain the final poses of the missions in a common co-
ordinate frame. Finally, we obtain the combined map over
all sessions by transforming each local map into a common
coordinate frame. This is similar to the final map generation
step performed for a single pose-graph.

5. Tree Segmentation and Tracking

In parallel to the pose-graph SLAM process, we also seg-
ment and track trees from the LiDAR scans. The tree seg-
mentation and tracking uses the point clouds accumulated
with LiDAR odometry. The segmentation results are then
integrated into pose-graph SLAM system as illustrated in
Fig. 3.

To roughly extract the tree trunks, branches, canopy and
shrubbery in the original point cloud, Euclidean segmenta-
tion is carried out. Using the PCL library?, the cloud is first
downsampled using a voxel filter to lessen the radial varia-
tion of the point density and to speed up the segmentation
process as also done by [1].

After voxel filtering the point cloud, it is reformulated
into a k-d tree to quickly find the nearest neighbours of ev-
ery point. These points are clustered together into groups
of points which are within some distance threshold of each
other.

Note that the parameters of the voxel filtering and Eu-
clidean segmentation methods are tuned based on the Li-
DAR sensor’s characteristics to maximise the chances that
the point clusters contain individual trees.

3https://pointclouds.org/

Figure 6: Filtering process on the elevation map: Original ele-
vation map (top) is filtered to remove spikes (middle). Finally,
holes are filled using a morphological closing filter on the grid
map (bottom).

5.1. Elevation Mapping

To perform Base Segmentation of the trees being tracked,
we employ an open-source sensor-centric elevation mapping
framework* which is built upon a universal Grid Map li-
brary [5]. The algorithm, presented in [4], generates con-
sistent elevation maps of the environment surrounding the
sensor, at the same frequency of the LiDAR output (10 Hz).
In this work, we use a resolution of 16 cm for the grid of
32m X 32m.

Nevertheless, due to the presence of foliage and branches,
the terrain created by the elevation mapping software can
contain phantom spikes, making it difficult to detect the pre-
cise base of certain trees. To solve this problem, we compute
the slope of each grid cell. Cells with slope greater than a
threshold are removed. This removes the majority of spikes,
resulting in smooth terrain with some remaining holes. Fi-
nally, we utilise a morphological closing filter on the grid
map to fill the holes.

Applying the chain of filters is relatively time consum-
ing so we update the elevation map every 8 m of travel dis-
tance based on the state estimate from our LiDAR odome-
try. This travel distance allows online operation. We analyse
the computation time of each component including elevation
mapping in the next section. Fig. 6 shows this process.

5.2. Tree Tracking
To facilitate a formal definition of a tree the following
minimal, ‘tree descriptor’ ¢ was defined as follows:

e A unique id,
e Major axis of the tree incline (I a vector),
e Diameter at Breast Height (DBH) (D),

e 3D position of the tree base (b),

“https://github.com/ANYbotics/elevation_mapping
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e The minimum and maximum height of the point cloud
defining the tree (min & max).

Every tree descriptor is derived from a corresponding
point cloud of the tree points P (t = f(P)). These points are
accumulated over time, gathering information from different
angles as well as reducing the effect of occlusion and im-
proving the estimate of the tree descriptor as Heo er al. [6]
indicated.

Most of the descriptors characteristics are easily evalu-
ated with the exception of the major axis of the tree. We used
fitting of a line, to the set of tree points (P), to find this axis.
The algorithm is designed to ignore branches and any poten-
tially segmented crown or ground points and is described in
Sec. 5.2.1.

Internally, the Tree Tracker holds an inventory of n dis-
tinct trees T defined by a descriptor and set of tree points
T, ~t;,Pfor0<i<n.

Referring to the system diagram, Fig. 3, incoming clus-
ters C from the Segmentation block are either discarded or
assigned to a new/existing tree descriptor. If assigned to
an existing descriptor, the cluster of points is merged with
the corresponding set of tree points and the descriptor is re-
evaluated P,,,, = P,y U C, thor = f(Prow)-

An assign/discard decision is made by evaluating a tree
descriptor for each input cluster. A cluster is confirmed and
subsequently assigned only if it has characteristics within the
tolerances of given parameters. The parameter tolerances
that resulted in the most consistent tree assignment are:

e Requiring the major axis of the tree to be close to ver-
tical, ie. |I . [0, 0, 1]| < chreshold

e Requiring aminimum height, i.e. max—min < Ay eqno1d

Should a cluster satisfy the above properties we deem
that it contains points belonging to a tree. It is then com-
pared to the existing set of confirmed trees T" and merged if
a match is found. In order for a match between two clusters
to be found, their major axis must converge to within some
threshold distance at the base of the highest cluster or at a
plane segmenting them. Fig. 7 (left) demonstrates an exam-
ple of this.

Alg. 1 summarises the Tree Tracking pipeline. The eval-
uation of a match and the subsequent merge process is as-
sessed until no more matches are found for an input cluster.
This is important to ensure all potential clusters belonging
to a tree are merged.

5.2.1. Robust estimation of the tree’s major axis

As mentioned earlier, the calculation of the tree’s major
axis, or a clusters major axis, is done using regression on a
subset of the tree’s points, to find a line of best fit. Beginning
with regression utilising every point in the cluster gives an
initial estimate of the incline (I) and its intercept.

However, since the objective is to find the axis of the
tree’s trunk, least squares regression can be affected when

[ : T B
«» = Cluster 2 7- :

+ Axis calculated
from all tree points
(green)

“ Axis intercepts with 4
the segmenting plane

| Improved axis — |
(red)

Figure 7: An example of Tree Tracking. Left: The two clusters
C with their major axis shown and the plane of between them.
Right: Line of best fit on all tree points (green) and on the
points excluding branch and ground points (red).

the branches, ground or crown points are included in the seg-
mentation. Therefore, points that are a multiple of the stan-
dard deviation away from the calculated line or outside the
central 90% of the tree’s height are ignored. The regression
is re-calculated with the subset of points. This is iterated
multiple times with successively smaller tolerances on the
inclusion of points. This result is shown in Fig. 7 (right).

5.3. Base Segmentation

As the ground has not been removed prior to segmenta-
tion, points that are not necessarily portions of the tree have
the potential to be segmented. As a result of this the low-
est point in P (minimum z value) may not be an accurate

Algorithm 1: Tree Tracking Algorithm.

input: Set of point clouds C

output: Set of updated trees T'

begin

for Cluster C; C C do

Calculate the tree descriptor ¢, = f(C;)

if ¢, is classified as being a tree then

if a first match for t, is found in T (T;) then

merge cluster into the set of tree points
P; = P,|J C; and re-calculate the tree
descriptor #; = f(P;)

while a subsequent match for the
updated t; is found in T (T,,,) do

merge the two sets of tree points

P, = P,|J P, and re-calculate
the tree descriptor ¢ = f (Pj)

delete T,

tmp from T
end

end

else
| Push back the ¢, C; into the set T’
end

end

end

end
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estimate of the tree’s base. We segment the base as a result.

The two most recent overlapping elevation maps, from
Sec. 5.1, are converted into a point cloud so that a search
over these ‘ground points’ can be achieved. Points within a
2 metre radius of the lowest point in P are identified, using
a nearest neighbour method from the PCL library. From this
set, the closest point to the tree’s axis is found and set as the
tree’s base b.

6. Estimation of Diameter at Breast Height
(DBH)

To estimate the DBH of each individual tree, we employ
a procedure similar to that used in the literature for general
cylinder fitting [11]. This procedure is broken down into
three parts: firstly, segmenting the points at breast height,
secondly, projection of these points onto a plane, and lastly,
fitting a circle to the projected points.

Utilising the method described by Zhou et al. [24] and
Heo et al. [6], our system segments the LIDAR points, for re-
cently updated trees in T'. Points (.S'), from the accumulated
point cloud (P), that are located within a 10 cm height range
centered 1.4 m above the tree’s base are segmented. These
points are projected onto a plane with normal (fi) equal to
the tree’s incline (I) to ensure the set of points can be mod-
elled closely to a circle. The alternative is to use elliptical
fitting for trees angled from the vertical. In practice the sen-
sor only captures data from a single side of the tree, which
may cause overfitting when using an elliptical distribution,
especially for trees which have irregularly curved surfaces.

The potential problem with this method is that these points
are taken from the downsampled point cloud so are likely to
be inaccurate. However, an advantage of this method is that
points should cover a greater proportion of the tree’s surface
if the LiDAR sensor measured it from a set of different an-
gles.

RANSAC circle fitting is then used on the set of resultant
2D points, which is robust to potential outliers from errors
in segmentation [15].

7. Experiments and Evaluation

The described system was implemented in C++ and the
Robot Operating System (ROS) was used for communication
between the hand-held device and the software modules.

We evaluated our system at two locations. The first one
is an ecological forest called Wytham Woods in Oxford, UK.
The woods are spread over 400 ha in area and has been used
for ecology research for over 80 years. It is a Smithsonian
ForestGEO site; which is a collection of forestry plots lo-
cated world-wide used for collective ecology research. Within
this scheme, it has taken part in 3 mass censuses and about
16200 trees have been manually measured. The second lo-
cation for our evaluation is a commercial pine-tree forest in
one hour north of Helsinki, Finland spread over several kilo-
meters. These two locations differ in the type and densities
of trees as well as different profiles of the underlying terrain.

P
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Figure 8: Visualisation of the trees selected for measurement
within Wytham Woods, Oxford, as well as the path taken using
the handheld device. The location of the chosen transect is
51°46'60.59"'N, 001°20'21.47"W.

We also perform a quantitative analysis of our DBH esti-
mations by collecting ground truth data for a particular trans-
act at Wytham Woods. We selected 55 trees along a ~150 m
transect in the forest. The selected trees had various diame-
ters, ranging from ~10 cm to ~80 cm, which could be rea-
sonably measured manually at breast height and had clearly
visible bases.

The transact of the forest used for the evaluation is shown
in Fig. 8. The DBH of every tree was measured using a
tape measure at a height of 1.4 m from the ground prior to
the LiDAR data collection. Two types of LiDAR sensors
were used: The mobile LiDAR device specified earlier and
a Leica BLK terrestrial LIDAR? (for comparison). The path
taken by the mobile LiDAR can be seen in Fig. 8 and Fig. 1,
while a terrestrial LIDAR map was made along the central
path to generate the ground truth for evaluation of our Li-
DAR odometry system and to provide a performance base-
line.

7.1. LiDAR Odometry

To evaluate the odometry component of the system, we
used the reconstruction created by the Leica BLK as a prior
map. We then registered the individual point clouds from
the hand-held LiDAR against the prior map to generate an
accurate 6 degree-of-freedom ground truth trajectory at 10
Hz. The estimated trajectory from the lidar odometry system
(without access to the Leica map) was then compared against
the ground truth trajectory using Relative Translation Error
(RTE) at travel distances of between 10 metres and 50 metres
to produce Fig. 9.

We aim to accumulate and process LiDAR scans for in-
dividual trees as we walk up and pass them at ranges up to 20
m, thus having a rate of just a few centimetres on this scale
is satisfactory.

7.2. Tree Tracking

The Tree Tracking system performed satisfactorily within
the constraints of online performance and the density of fo-
liage and trees on the test transect. Occasionally, trees were

Shttps://leica-geosystems.com/en-gb/products/laser-
scanners/scanners/blk360

Proudman et al.: Preprint submitted to Elsevier

Page 7 of 13



Towards Real-Time Forest Inventory using Handheld LiDAR

: : :
w
ID—C 0.10
) 10 20 30 40 50
Travel Distance (m)

Figure 9: Relative translation error of the LiDAR odometry
at different subtrajectory presented as a series of boxplots.
Each box indicates the 25 and 75 percentiles of the estimation
errors, the horizontal line through the box the median, and the

whiskers are the maximum and minimum excluding outliers.

clustered together when they should not have been, this is
most often due to low hanging interconnecting branches or
foliage close to a tree’s base. Out of the 55 measured trees
3 of them contained points which belonged to other objects.
It was observed that this was also partially due to a tran-
sient effect in Tree Tracking in which assignment between
nearby clusters is uncertain when the tree is first detected.
This problem is shown in Fig. 10.

On the other hand, from the 55 measured trees, one failed
to be automatically segmented due to its small size, having
a DBH ~ 0.11 m. This indicates that our current hardware
setup and software configuration limits the performance of
the system detecting small trees with DBH below about 10
cm.

7.3. DBH Estimation with LiDAR360

To provide a baseline, we used the commercial package
LiDAR360, in particular its TLS forestry module , which is
designed for tree segmentation and DBH estimation, on both
our handheld LiDAR and Leica BLK datasets.

To evaluate the difference between the estimated values
of DBH and the manual ground truth measurements, we use
the Root Mean Square Error (RMSE) metric.

LiDAR360 successfully identified 53 of the 55 trees in
the Leica BLK data. The remaining two, unidentified trees,
were manually selected, then DBH estimation was done, ac-
cross all 55 trees, resulting in an overall RMSE of 0.046
m. The mobile LiDAR point clouds were accumulated, af-
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Figure 10: An example of tree tracking failing for trees in
close proximity, the ground points clearly interconnect the two
trees. Left: The two trees shown entirely. Center and Right:
Segmented tree with incorrectly assigned points.
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Figure 11: Estimation of DBH using the LIDAR360 Forestry
module (using the mobile LiDAR data). Left: Plot of the 55
measured trees vs estimated values as extrapolated from the
package. Right: Boxplot of the errors between the estimated
and measured values, RMSE = 0.056 m.
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Figure 12: Estimation of DBH using the designed system.
Left: Plot of 54 measured trees vs estimated values, one tree
was not segmented. Right: Boxplot of the errors between the
estimated and measured values, RMSE = 0.07 m excluding
the outliers and 0.14 m including them.

ter odometry, and also tested using the the same software.
Every tree was successfully segmented in the accumulated
point cloud and the resulting RMSE was 0.056 m.

The results for LIDAR360’s forestry module are shown
in Fig. 11. The graphical results for the terrestrial LIDAR
was similar to that of the mobile LiDAR so the graph is omit-
ted.

7.4. DBH Comparison with Proposed System

The results for our system are shown in Fig. 12, these
results contain data points for every segmented tree (54/55).
Three of the trees were poorly segmented which resulted in
outlier measurements in the figure. The RMSE of these es-
timates, not including the outliers is 0.07 m. The RMSE is
slightly higher than that of the commercial software, indicat-
ing reasonable performance of the system but some room for
improvement. Table 1 summarises the DBH estimates and
segmentation results for the proposed system and LiDAR360
using Leica BLK and accumilated mobile LiDAR data.

7.5. Timing Analysis

To demonstrate the key feature of our presented system,
that it can run online, we carried out an evaluation of the
computation time for each component. Fig. 13 demonstrates
the time required for the two major components of the system
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Algorithm  Detections RMSE (m)  Mode Data used

LiDAR360 53/55 0.046 Offline Leica BLK

LiDAR360 55/55 0.056 Offline  Ouster (accumilated)

Proposed 54/55 0.07/0.14  Online Ouster (live)
Table 1

Summary of the DBH results for the systems evaluated.
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Figure 13: Evolution of computation time, taken over the 622
sec to walk along the Wytham Woods transect, for the two
major components. Top: The total time for tree segmentation
and fitting. Bottom: Time for the elevation map filtering
process (computed every 8 m of travel distance). The mean
and standard deviation are shown by the red solid and dashed
lines respectively.

Process Tree Circle  Euclidean Base Total

Tracking  Fitting  Clustering  Segmentation  Time

Time (ms) 88 33 66 20 232

std (ms) +30 +8 +33 +6 +44
Table 2

Computation times for the Tree Tracking modules.

— (individual) scan processing in Tree Tracking and (accu-
mulated) elevation map filtering. A breakdown of individual
modules of the Tree Tracking pipeline is given in Table 2.

The Tree Tracking system takes about 0.23 sec (about 4
Hz) to process an individual scan, which is almost two times
faster than the output of our 2 Hz LiDAR odometry.

The elevation map filtering process takes 3.4 sec on aver-
age. The elevation map is processed every ~8 m and walking
speeds of ~1 m/s are expected. Therefore, on average, this
process takes less than half the time available. Future work
aims to optimise this block to run closer to sensor frame rate.

7.6. Mapping with Loop Closures

In this experiment, we demonstrate that our mapping sys-
tem is capable of scaling to larger areas of forest. We demon-
strate our approach on two additional large-scale datasets
recorded at Wytham woods, Oxford and a commercial forest
one hour north of Helsinki, Finland respectively.

Fig. 14 illustrates the mapping results from the Wytham
woods dataset. This dataset covers an area of about 0.5 ha
traversed in a lawn-mower pattern with a spacing of about
10 m. Several loop-closures have been detected towards the
end of each row allowing the SLAM system to correct for
drift error. Fig. 14 shows the point cloud reconstruction as
well as the extracted trees. We also see the terrain profile of

Point cloud

Extracted Trees

il

Figure 14: Mapping results on Wytham Woods dataset sur-
veyed in a lawn-mower pattern. Top: Accumulated point
cloud reconstruction and the extracted trees. Middle: Cross-
sectional views of the clouds shown above. Bottom: Zoomed
in view of the extracted trees, showing the path of the camera
in black.

the forest in the cross sectional view.

Fig. 15, we highlight the effect of the loop closures by
plotting the estimated trajectory using LiDAR odometry only
(in black), and the SLAM trajectory which uses loop clo-
sures (in green). This dataset was recorded the commercial
forest in Finland with the length of the total trajectory being
1.3 Km. The trajectory begins and ends at the same position
(indicated by Start/End) with several loops made inside the
forest area. The odometry estimate drifted over time, and ac-
cumulated an error of 25 m on returning to the start position.
In contrast, we see that SLAM trajectory returns to the same
location on finish indicating that there is no drift error. This
has been possible thanks to the corrections made due to the
loop closures.

7.7. Mapping over Multiple Sessions

In this experiment, we demonstrate the multi-session map-
ping capability of our system. We record the data in a com-
mercial pine tree forest in Finland over three sessions. In
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Start/End

——— Odometry

— SLAM with
Loop Closures

Figure 15: Effect of loop closures on the estimated trajectory
of the device. Odometry estimate (in black) and SLAM pose
estimate with loop closures (in black) for a 1.3 Km long tra-
jectory. The odometry estimate drift can be clearly seen at the
start/end position. The drift accumulated for this trajectory is
around 25 m.

7.8. Mapping with Different Sparsity Levels

In this section, we show that our mapping and segmenta-
tion pipeline can deal with different sparsity of LIDAR with-
out additional tuning. To test this capability, we recorded
datasets using Ouster LIDAR OS0-128 and Ouster LiDAR
OS1-64, which are 128 beam and 64 beam LiDARS respec-
tively. As seen in Fig. 20, OS0-128 provides a much denser
point cloud in comparison to OS1-64. The two sensors also
have different vertical field of views (FOVs) and maximum
ranges. The experimental results suggest that a narrow FOV
and range are sufficient for our application of estimating DBH
and the motion from odometry. Our algorithms have a voxel
filtering step at the beginning which ensures that the subse-
quent steps are robust to sensor changes.

8. Conclusion and Future Work

This paper presented a mobile LiDAR scanning system
for mapping large forest areas, automatic segmentation of
trees and the online estimation of their DBH. The architec-
ture of a tree tracking functional block was introduced to fa-
cilitate the online operation of this system. We tested the sys-
tem’s performance using data from a natural forest, Wytham
Woods, as well as a commercial forest one hour north of

Helsinki, Finland to prove that acceptable results can be achieved
online which compares favourably to the performance achieved
by a commercial software package conducted in post-processing.

each session, the human operator starts and ends at a op-
erator vehicle and walks down an access road to a plot of

trees. The first session inspected a relatively sparse forest
with clear separation between trees. The second was some-
what denser and overlapped with the first. Finally the third
area was very dense with un-thinned pine saplings. Fig. 16
illustrates our mapping results of our approach where the
area covered in the three sessions is shown. The total travel
distance of the combined missions is over 4 kms with each
session being roughly equal in length. Note that the three
sessions have overlapping areas which is recognized by the
loop closure module. An example of such a loop closure is
shown in Fig. 19.

This dataset consists of several challenging elements, in-
cluding long corridor like passages, dense forest patches with
limited LiDAR range due to occlusions, transitions in be-
tween areas with different densities. Further, as the dataset
is captured with a human operator walking on rough surface,
the sensor module is often subject to shaking and fast mo-
tions. Despite these challenges, our mapping system was
successfully able to map each of sessions as well as to merge
them together in a post-processing step.

The performance of the ScanContext 1oop proposal mech-
anism was impressive. Despite being originally developed

for automative localisation, it was still successful in our forestry

application. We noticed that loops could be found in the
forests with managed tree separation. Performance degraded
in unmanaged forests where trees were typically smaller sam-
plings and with little clear separation. A further study would
be necessary to properly evaluate place recognition algo-
rithms in this type of environment.

In this work, we focused on extracting tree trunks and
computing the DBH parameter. In the future, we would like
to extend the breadth of metrics used to characterise trees.
In particular, we would like to quantify information on the
branching of the tree, as well as properties related to the tree
crown. We plan to integrate information from the cameras
as well as extract semantics to estimate a richer set of quan-
titative and qualitative metrics for the forest inventory.

One of the limitations identified in the experimental anal-
ysis was the downgraded performance on small trees. We
like to address this issue by considering a adaptive segmen-
tation algorithm such as in [3] to improve performance on
the smaller trees.

Finally, by more fully using the screen we intend to pro-
vide feedback to the operator to better direct their actions
during operation.
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Figure 16: Mapping results on a large-scale dataset from a commercial pine tree forest in Finland. Figure shows the point cloud
reconstruction of the forest obtained by merging all the local maps after joint pose-graph optimization.

— Session 1
— Session 2

— Session 3

200 m

Figure 17: Pose-graphs from individual sessions visualized in
different colors. Loop closures both with-in the same session,
and in-between different sessions in shown in red. The total
travel distance of all the 4 km.

Session 1 Session 2

Figure 19: Example of a loop closure detected between Session
1 and Session 2. Top: The corresponding point clouds over-
laid on each other after ICP registration. Point cloud from
Session 1 is shown in red whereas white points are from Ses-
sion 2. Bottom: Corresponding camera images of the loop
closure candidates are shown. Note that the loop closures are
detected only from the LiDAR data, and the images are shown
for illustrative purposes only.

Figure 18: Zoomed-in view of a portion of the forest shown in
Figure 16 showing dense clusters corresponding to individual
trees. The trajectory traversed (green) and the detected loop
closures (red) are also shown. References
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