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Mobile laser scanning (MLS) provides kinematic means to collect three dimensional data from surround-
ings for various mapping and environmental analysis purposes. Vehicle based MLS has been used for road
and urban asset surveys for about a decade. The equipment to derive the trajectory information for the
point cloud generation from the laser data is almost without exception based on GNSS-IMU (Global
Navigation Satellite System – Inertial Measurement Unit) technique. That is because of the GNSS ability
to maintain global accuracy, and IMU to produce the attitude information needed to orientate the laser
scanning and imaging sensor data. However, there are known challenges in maintaining accurate posi-
tioning when GNSS signal is weak or even absent over long periods of time. The duration of the signal
loss affects the severity of degradation of the positioning solution depending on the quality/performance
level of the IMU in use.
The situation could be improved to a certain extent with higher performance IMUs, but increasing sys-

tem expenses make such approach unsustainable in general. Another way to tackle the problem is to
attach additional sensors to the system to overcome the degrading position accuracy: such that observe
features from the environment to solve for short term system movements accurately enough to prevent
the IMU solution to drift. This results in more complex system integration with need for more calibration
and synchronization of multiple sensors into an operational approach.
In this paper we study operation of an ATV (All -terrain vehicle) mounted, GNSS-IMU based single scan-

ner MLS system in boreal forest conditions. The data generated by RoamerR2 system is targeted for gen-
erating 3D terrain and tree maps for optimizing harvester operations and forest inventory purposes at
individual tree level. We investigate a process-flow and propose a graph optimization based method
which uses data from a single scanner MLS for correcting the post-processed GNSS-IMU trajectory for
positional drift under mature boreal forest canopy conditions. The result shows that we can improve
the internal conformity of the data significantly from 0.7 m to 1 cm based on tree stem feature location
data. When the optimization result is compared to reference at plot level we reach down to 6 cm mean
error in absolute tree stem locations. The approach can be generalized to any MLS point cloud data, and
provides as such a remarkable contribution to harness MLS for practical forestry and high precision ter-
rain and structural modeling in GNSS obstructed environments.
� 2017 The Author(s). Published by Elsevier B.V. on behalf of International Society for Photogrammetry

and Remote Sensing, Inc. (ISPRS). This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The greatest advantage of MLS as compared to TLS (Terrestrial
Laser Scanning) is the immensely faster data collection on complex
environments, for example road asset mapping and forestry (Cabo
et al., 2016; Liang et al., 2014). This is guaranteed by the kinematic
approach allowing free and rapid selection of viewpoints, or trajec-
tory of viewing/measurement to be more accurate expression, for
the best visibility towards the targets of interest. The greatest chal-
lenge for MLS is that the positional accuracy achievable even with a
state-of-the-art integration of Global Navigation Satellite System
(GNSS) receiver and Inertial Measurement Unit (IMU) does not
necessarily suffice. Even with an expensive high quality IMU, if
the satellite visibility is obstructed, the localization error can
quickly grow to several tens of centimeters and even to meters,
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which results to multiple copies of objects appearing in the result-
ing point cloud for each time they are captured with the sensor. In
other words, the trajectory errors propagate directly to the pro-
duced point cloud data deteriorating its quality. This problem is
present in a milder form even with perfect satellite visibility as
positioning errors of a couple of centimeters persist. If no further
corrections, or other means of overcoming the problem, are applied
to the data, object ambiguity may prevent modeling of object
dimensions accurately and reliably with automated processing.

Forestry is one of the fundamental areas for the MLS research at
the FGI. In this study we aim at having a practical method for oper-
ational 3D forestry capable enough for accurate tree data extraction
for individual treemodeling and forest inventory purposes. Also, the
method to be universal enough for possible adaptation and use in
diverseMLS applications in urban and industrial contexts is of great
interest. The purpose of this study is to investigatewhether the data
provided by a single scanner MLS system suffices for feature detec-
tion and matching, and whether we can discover such constraints
that the 6D pose graph optimization is suitable to be used to correct
the MLS data for GNSS-IMU trajectory drift. We pursue to improve
the internal andabsolute accuracyof thepoint cloudsproducedwith
MLS closer to the level attainable with TLS (cf. Olofsson et al., 2014;
Liang et al., 2016) so that the most important forest (tree map) and
tree parameters (e.g. DBH, height, stem curve) can reliably be
extracted with improved spatial output efficiency. Though tested
only in forestry data, we foresee possible applications for the
method in improving the data integrity in urban and road environ-
ment as well, as such data often suffer from similar GNSS signal loss
scenarios. Urban and industrial modeling for buildings, structures
and road assets, even road surface data could greatly benefit from
an automated data improvement method.

2. Trajectory optimization problem

To correct the trajectory for the geometric inconsistencies
induced by errors in the GNSS-IMU observations we turn to
robotics, where Simultaneous Localization and Mapping (SLAM)
algorithms are widely used to provide localization information in
various environments without reference coordinates (Frese and
Hirzinger, 2001; Thrun, 2002; Durrant-Whyte and Bailey, 2006;
Bailey and Durrant-Whyte, 2006). The procedure is roughly divided
into two steps. First, an initial positioning with uncertainty is
obtained. For that purpose Liu et al. (2010) and Elseberg et al.
(2013) use vertically aligned 2D laser scanners, whereas Alismail
et al. (2014) and Zhang and Singh (2014) employ external angular
measures with a 2D laser scanner to perform the localization.
Lehtola et al. (2016) use data from a single rotating scanner, and
in contrast Bosse et al. (2012) use an IMU. Second, the positioning
uncertainty is corrected by using data overlap from the sensors
observing the environment, e.g. cameras or laser scanners (Liu
et al., 2010; Elseberg et al., 2013; Alismail et al., 2014; Zhang and
Singh, 2014; Lehtola et al., 2016; Bosse et al., 2012). Our previous
works experimentingwith data from an ATV platformused an addi-
tional scanner operated for horizontal scanning. Those works inves-
tigated use of 2D SLAM (Tang et al., 2015), and proposed IMLE
(ImprovedMaximum Likelihood Estimation) with experiments fus-
ing with GNSS-IMU data (Qian et al., 2017), and scan matching
using a priori tree map (Chen et al., 2016) for planimetric trajectory
improvement in boreal forest. In the approach introduced and
reported in this paper, the initial trajectory is obtained solely from
a GNSS-IMU system, and we investigate whether a merely GNSS-
IMU positioned MLS system provides suitable data overlap and
robustness for successful trajectory optimization without a need
for additional sensors to the MLS system. This would keep future
systems aimed at forest data collections simpler to use and less
costly to acquire and adopt into practice.
In the context of forestry the representation of interest is a tree
map (i.e. a 3D map with spatial location of detected trees), which
consists of sparse features ideal to be dealt with the graph-based
SLAM. The nodes of a graph represent the system poses and the
detected features and edges connecting the nodes represent con-
straints measured by odometry or laser scanner (Bailey and
Durrant-Whyte, 2006). Computationally, the graph SLAM (Thrun
and Montemerlo, 2006; Carlone et al., 2014) uses sparse matrices
to represent a graph of observation interdependencies, i.e., as an
extended incidence matrix. An extension of the graph-based SLAM
to 3D scans and poses with six degree of freedom was introduced
by Borrmann et al. (2008) and Nüchter et al. (2010). However, this
was implemented using the Iterative Closest Point-based (ICP)
technique (Besl and McKay, 1992), which may not be ideal way
to optimize a tree map representation.

Another reason for using the graph-based SLAM (Kümmerle
et al., 2011) is that pose graph optimization enables combining
of various constraints to the trajectory, e.g. tree models. The errors
in the GNSS-IMU based initial trajectory drift slowly enough (see,
e.g. Kaartinen et al., 2015) so that it can be used for georeferencing
the scanner measurements. Then, the measured trees give us easily
discernable features, which can be combined with the 6D pose
graph optimization algorithm embedded with a suitable model
to correct errors in the initial trajectory solution.
3. Test site, MLS system and data preparations

3.1. Evo research forests

The study area is located in Evo, southern Finland (Lat 61� 110

4800 Lon 25� 60 2700), and representing Boreal Forest Zone forests
dominated by Scots pine (Pinus sylvestris), Norway spruce (Picea
abies) and birch (Betula L. sp.). The area in Evo is mainly managed
forests, but includes recreational and protected areas as well. The
study area includes about 120 square sample plots of 32 m in size
scattered over 25 km2 of area. For this study we selected data from
three test areas comprising larger plot entities of 4 (2 by 2) stan-
dard plots adjacent to each other (see Fig. 2). The forest in area A
(plots 1001–1004) consists of 342 trees, area B (1048–1051) 319
and area C (1108–1111) 362 trees. All of the areas have terrain
suitable for an all-terrain vehicle (ATV) movement.
3.2. RoamerR2 mobile laser scanning system

RoamerR2 is a single scanner mobile laser scanning (MLS) sys-
tem developed at Finnish Geospatial Research Institute FGI for col-
lecting 3D point cloud data for object reconstruction and
environmental modeling. In this study we operated it on top of
an ATV for mobility on the forest floor, and to collect tree map
and individual tree level inventory data from the ground. The
MLS concept is based on the idea of detailed, but fast data collec-
tion and flexible mobility around objects of interest to get full cov-
erage stem and canopy data for reliable inventory and complete
modeling in structurally complex environments. GNSS-IMU posi-
tioning also enables direct georeferencing of the obtained data
without the necessity of external targets.

RoamerR2 MLS system consists of a tactical grade GNSS-IMU
system providing 200 Hz system position and orientation data
and a single phase shift ranging laser scanner collecting 3D point
cloud data. For forestry application the scanner is mounted for ver-
tical cross-track profiling (Helical scan mode), and Fig. 1 shows a
typical ATV installation for the RoamerR2 system. The GNSS
antenna (NovAtel Pinwheel GPS-702-GG) is seen on the top with
the scanner (FARO Focus3D 120S) in upright vertical position for
canopy and stem mapping. The tactical grade IMU (NovAtel SPAN



Fig. 1. RoamerR2 mounted on the rear rack of the ATV. The scanner provides with
cross-track data collection up to 100 m range and the GNSS-IMU system observes
the system trajectory and orientation for kinematic mapping of the surroundings
into a 3D point cloud.
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UIMU-LCI) is seen below the scanner and is connected to the GNSS
receiver (NovAtel Flexpak6) observing Navstar GPS and GLONASS
constellation satellites.

The sensor head is elevated to about 2 m above the ground
using a GlobalTruss segment mounted on the rear rack of the
ATV. The scanner has a 50 degree blind angle beneath (See
Fig. 4). The collected laser measurements are stored on 32 GB SDHC
(10) card on the scanner and positioning data is stored using a
tablet computer (Panasonic Toughpad FZ-G1, Windows 8, 8 GB
RAM, 1 TB SSD). The laser scanner sends TTL level timing signal
to the SPAN system event logger for mutual synchronization
(3.3 V TTL pulse for start of each scan). The scanner measures pre-
cise ranges up to 100 m by measuring the phase difference of the
emitted amplitude modulated beam and the scattered returning
signal. Such ranging principle has its shortcomings in vegetation
and as a result the point observations from the tree stems through
dense canopy is somewhat reduced. Also partial hits on thin
branches and no-return sky generate measurement noise that
needs to be removed prior to further data processing.
3.3. Point cloud data acquisition

The experimental data comprises three boreal forest test areas
(A, B, and C) that were capturedwith the RoamerR2 system in Octo-
ber 2014 as a part of an extensive data collection campaign to cover
all the forest study plots in the Evo research forests. TheMLS trajec-
tory snakes through the plots to cover all the trees from multiple
directions and to collect complete terrain data (as seen in Fig. 7).
Table 1 gives some plot and data collection characteristics showing
the average data collection speed to be about 1 m/s. The scanner
scan frequency was set to 95 Hz and point measurement speed to
488 kHz, while 5 Hz satellite and 200 Hz IMU observations were
recorded with the positioning system. Thus the profile spacing in
the point cloud data was ca. 1 cm and the angular resolution
1.2 mrad (0.07�). The scan data was split into file blocks of 3000
profiles in each at the data collection to permit batch processing
for the data preparation phase. Fig. 2 represents an illustration of
the point cloud data for dataset B colored by the point elevation.
The yellow circles in the figure are 50 m in diameter and are used
as data buffer around the actual 32 m by 32 m field plots shown
in white squares.
4. A method for trajectory optimization

4.1. Outline of the method

The proposed processing pipeline is shown in full in Fig. 3. The
steps are from data collection, georeferencing, ground classifica-
tion and other preparations for the raw point cloud data to trunk
detection, trunk feature association, generating the graph repre-
sentation of the features and the trajectory, optimization and
finally georeferencing of the point cloud using the optimized tra-
jectory. The following sections describe in detail the steps taken
to reach the final optimization result.

4.2. Pre-processing of the MLS data

The initial trajectories (position and attitude) of theMLS system at
each site were calculated from the GNSS-IMU data with Inertial
Explorer (NovAtel Inc., Canada)post-processing software. Base station
data for differential correction of theGNSS-IMUdatawas downloaded
from virtual data service (Trimnet, Geotrim, Finland). The recorded
laser measurements were then georeferenced based on the time syn-
chronization and trajectory data using proprietary Matlab tool.

Next the georeferenced point clouds were processed with
TerraScan (TerraSolid, Finland) to remove measurement noise
and to extract the ground points. Points with intensity value less
than 1000 (full range 11 bits, 0–2047) were removed from the fur-
ther processing as experience has shown that these data points are
mostly noise. Points from dark objects are also typically worse in
ranging quality compared to higher reflectance surfaces. Next, iso-
lated points, a result of failed ranging, were removed using two-
step filtering requiring each point to have at least one neighbor clo-
ser than 10 cm to remove single noise points, and after that clus-
tered noise patterns were removed by demanding at least 30
points to be found within a 1 m point neighborhood.

Ground classification was based on triangulation method
implemented into TerraScan (Axelsson, 2000) with parameters
set to 65� maximum terrain slope, 20� iteration angle, and 20 cm
iteration distance. The seed points for the ground classification
were the lowest points within 5 m radius from the original noise
filtered point clouds.

To enable easy finding of tree stems, a horizontal slice of the
point cloud following the terrain elevation with a constant offset
from the ground is extracted. The assumption here was to have
slices from the trees to constrain the horizontal drift, but also to
provide ability to tie the elevation uncertainty as the slices are rel-
ative to the instantaneous local ground eliminating the effect of
drift. Fig. 4 shows an example of the outcome of the pre-
processing step for a single data block.

4.3. Stem extraction

The horizontal slice of the point cloud at a constant offset from
the ground is used as an input for the graph optimization pipeline,
which is built with the help of the Point Cloud Library (PCL) (Rusu



Fig. 2. Top view of the dataset B (plots 1048–1051 are delineated by white squares). Data was collected driving within and around the plot area as much as the terrain
permits. This dataset contains about 385 million 3D points. There is a steep slope in the north-west corner of the plot.

Table 1
Test area and data collection characteristics.

Dataset Trees Trajectory length (m) Trajectory length (s) Date

A (1001–1004) 342 1898.7 1580 30.10.2014
B (1048–1051) 319 915.8 1247 22.10.2014
C (1108–1111) 362 1014.1 1195 15.10.2014
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and Cousins, 2011). Following steps are taken to find the stem
features:

1. To get rid of points not from trees each scan line is processed
separately and all points not part of a sufficiently large group
of spatially close points are removed.

2. Spatially close points from neighboring scanner profiles (scans)
are combined into groups and points not belonging to a suffi-
ciently large (in both number of points and in volume of bound-
ing box surrounding them) group are removed

3. Each group of points is then processed separately to check if
they represent a tree object. If enough points are closer than a
preset threshold to an arc of a circle and the arc of points is long
enough it is selected to represent a tree trunk and a feature
object located at the determined circle center is created.

In this work, a horizontal slice of data at 3–3.5 m height from
the detected ground was used as an input for the tree stem detec-
tion, and is shown in purple in Fig. 4. This offset was selected to
maximize the number of observations of tree stems and to mini-
mize the detrimental effect of the low vegetation on the point mea-
surements and of the effect of wind on the location of the
instantaneous tree trunks. The height component for the observa-
tion is selected to be the middle point of the slice of points used for
circle fitting. This ensures that as long as the ground detection is
reliable, the observations of a specific tree should have comparable
height values. As parameter settings for this phase, the stem obser-
vations with smaller than 10 cm diameter were discarded from the
optimization, and 30% arc length of a full circle was required for an
acceptable feature detection.

4.4. Matching of the stem observations

To find stem observations corresponding to a particular tree the
features are clustered together with euclidean nearest neighbor
search with additional conditions from temporal distance and esti-
mated stem radius. A stem observation is added to a cluster if it
passes the following tests:



Fig. 3. Proposed processing pipeline for MLS data improvement in boreal forest inventory operations.

Fig. 4. Preprocessing result for a single block of ATV mounted RoamerR2 forestry data. Ground (brown) and 0.5 m thick tree trunk slices from 1 to 3.5 m height from the
ground are shown in greenish and reddish colors. The slice at 3–3.5 m height from ground, shown in purple, was used in this study). The black streak on the ground is caused
by the sensor blind angle, and is about 1.5 m wide.
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Ddij < Ddmax ð1Þ

jri � rjj < a�maxðri; rjÞ ð2Þ
with some existing member of the cluster, and passes the test

Ddij < b� Dtij ð3Þ
with each member of the cluster. Ddij is the planar distance
between the centers of feature circles representing the tree stems
i and j, r denotes their circle radii and Dtij is the time difference
between the observations. Constants a, b and the maximum dis-
tance allowed Ddmax, are parameters of the observation clustering
algorithm. The first two tests ensure we cluster together nearby
observations of trees with similar stem radii. The last test ensures
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that observations of similar tree stem observations close to each
other (small Dtij as the scanner sweeps by) are not grouped
together; in effect it sets the maximum for the allowed trajectory
drift. In the following experiments Ddmax was set to 1.0 m, constant
a was set to 0.1 (10% difference in the estimated stem radiuses
allowed) and b was set to 0.05 m/s (less than 0.05 m/s average drift
between the observations).

4.5. Correction estimation for the trajectory

Corrections for the trajectory are estimated with the help of
pose graph optimization. Pose graph optimization is commonly
used in the robotics to perform simultaneous localization and
mapping (SLAM) for mobile robots. For pose graph optimization
the trajectory is formulated as a graph where the poses at consec-
utive timestamps (200 Hz in our case) and the detected features at
certain time instance (captured as a mean of the feature points’
timestamps) form the nodes, and the edges (or constraints)
between the nodes are formed from the measured relative trans-
formations between them. The problem can be formulated as
follows:

FðxÞ ¼
X

i;j2C
eðxi; xj; zijÞTijXi;jeðxi; xj; zijÞ ð4Þ

x� ¼ x
argminFðxÞ; ð5Þ

where xi and xj represent nodes, zij is the edge (or constraint)
between them and e(xi, xj, zij) is the error function, which tells us
how well the current node poses satisfy the constraint zij. Xij is
the information matrix (goodness) of the edge. Optimization aims
at finding poses to the nodes that minimize the errors caused by
the constraints. The edges can also be considered to be nonlinear
springs, which pull the nodes to different directions and the optimal
solution is the one with minimal energy. The problem is highly non-
linear with multiple local minima but with sufficiently good initial
guess it can be solved numerically with least squares optimization.

In this work general graph optimization framework g2o devel-
oped by Kümmerle et al. (2011) with switchable constraints add-
on developed by Sünderhauf and Protzel (2012) is used for solving
and applying corrections to the initial trajectory. To make the opti-
mization robust to errors in the tree detection or wrong association
of the tree detections switchable constraints are used. For a switch-
able constraint the result of the constraints error function is mul-
tiplied with a switch variable sij 2 [0,1]. The use of switchable
constraints requires use of additional parameter Nij, which is the
information value of the switch value and is used for penalizing
deactivation of the constraint. This is a necessity as otherwise com-
putationally the best solution would be to deactivate all the con-
straints as then the error would be zero. With switchable
variables the optimization can be formulated in following where
cij is the initial value (1) of the switch variable sij, and instead of
optimizing only the poses we jointly optimize the switch variable
s as well.

Fðx; sÞ ¼
X

i;j2C
ðsijeðxi; xj; zijÞÞTXijðsijeðxi; xj; zijÞÞ þ ðcij � sijÞTNijðcij � sijÞ

ð6Þ

x�; s� ¼ x;s
argminFðx; sÞ; ð7Þ

In effect when some constraint disagrees too much (error
caused by it is large and the other constraints do not allow the pose
to move to reduce the error) with the other constraints the switch
variable is driven towards zero to make its impact smaller (or to
deactivate it altogether when sij = 0. In pose graph based SLAM
two types of edges are commonly used; (1) odometric edges con-
necting the consecutive poses and (2) loop closing edges connect-
ing spatially close but temporally far nodes. Odometry (visual or
wheel based) is often used for calculating the relative transforma-
tion of the odometric edges. Laser scanner(s) or camera(s) observ-
ing the environment are then used for detecting movement by
finding a transcurrent measurement to previously observed mea-
surements through feature/landmark detection or pure scan
matching. These detections are used for creating additional edges.
While not error free, the explicit detection and handling of loop
closures can greatly reduce the errors accumulated in the
odometry.

In our case the initial trajectory computed from the GNSS and
IMU measurements with Waypoint Inertial Explorer is used for
generating the constraints between consecutive nodes with the
information estimate for the constraints derived from the standard
deviation in the position and orientation estimates. The standard
deviation estimate is scaled based on the measurement distance
to reach the value used. The scaling is needed because if the spatial
length of the edge is not taken into account, relatively many nodes
are created when the MLS moves slowly or is stationary. In such a
case the applied corrections to the trajectory largely only affect
these regions of the trajectory instead of spreading evenly. Similar
effect could have been reached by only creating nodes to the pose
graph when there is sufficient distance between the poses of the
initial trajectory. The features detected from the point cloud are
used as the loop closing edges and are used for correcting for the
drift in the initial trajectory estimate.

As a last step, the corrected trajectory is aligned with the initial
trajectory by connecting the optimized trajectory nodes to the cor-
responding nodes in the initial trajectory with the initial trajectory
nodes and the optimized trajectory edges set to be fixed. The stan-
dard deviation of the initial trajectory is used to create information
matrix for each edge connecting the optimized and initial trajec-
tory so areas where GNSS signal is good, or show some confidence
at least, (low standard deviation) are weighted more. This should
result the best possible absolute positioning accuracy for the opti-
mized trajectory as a whole.
5. Results

To test the trajectory correction pipeline for MLS data it was
applied on data collected from three (3) independent boreal forest
test plots. For evaluation the tree features extracted from the point
clouds before and after the optimization were compared to the ref-
erence positions of the trees measured with terrestrial laser scans
georeferenced with target spheres with known coordinates from
geodetic network built for each plot. With errors in a range of 2–
3 cm for the RTK-GNSS measurements, the absolute accuracy of
the measured tree trunk positions should be of similar magnitude
while the internal accuracy of the reference scans for the plots is
estimated to be around 10 mm.

In the reference data only the planar locations of the tree trunks
were available so only the planar corrections obtained could be
compared to the reference. The results in Table 2 compare the
obtained absolute coordinates of the detected trees to the refer-
ence. In Table 3 the positions of the detected trees are aligned with
reference using simple 2D translation and rotation to see what the
internal accuracy of the resulting point cloud is, and to reveal how
much the global shape of the data is distorted. The rigid transfor-
mation for the alignment was found by minimizing the squared
distance between the reference trees and the centroid of the corre-
sponding tree observations from the optimized MLS data.

The initial mean distance tells that the GNSS-IMU system used
could maintain absolute accuracy surprisingly well in the tested
boreal forest conditions; the worst mean distance of 0.65 m was



Table 2
Planar accuracy of the initial and optimized test data. ‘Observations’ column gives the number of observations NObs used for evaluation while the ‘Trees’ column tells the number
of individual trees NTrees of which these observations were from. Distance is calculated between each observation and its reference pose. ‘Distance mean’ and ‘Distance STD’ are
calculated over the observations of each tree and the number listed is the average of these values.

Dataset Trees Observations Distance mean (m) Distance STD (m) Distance max (m)

NTrees NObs Initial Optimized Initial Optimized Initial Optimized

A (1001–1004) 130 508 0.646 0.466 0.222 0.008 1.537 0.945
B (1048–1051) 109 312 0.182 0.070 0.084 0.007 0.662 0.192
C (1108–1111) 152 455 0.359 0.206 0.077 0.005 0.779 0.408

Table 3
Planar accuracy of the test data aligned to the reference locations. ‘Observations’ column gives the number of observations NObs used for evaluation while the ‘Trees’ column tells
the number of individual trees NTrees of which these observations were from. Distance is calculated between each observation and its reference pose. ‘Distance mean’ and Distance
STD’ are calculated over observations of each tree and the number listed is the average of these values.

Dataset Trees Observations Distance mean (m) Distance STD (m) Distance max (m)

NTrees NObs Initial Optimized Initial Optimized Initial Optimized

A (1001–1004) 130 508 0.434 0.059 0.19 0.008 1.232 0.247
B (1048–1051) 109 312 0.178 0.058 0.075 0.007 0.616 0.187
C (1108–1111) 152 455 0.182 0.038 0.073 0.004 0.523 0.138
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found for dataset A. For the other two areas B and C the initial tra-
jectory was of even better quality. Internal consistency, i.e. initial
standard deviation of the tree stem locations was about 0.2 m for
dataset A and better than 0.1 m for the datasets B and C. This
shows that even if the absolute solution for the trajectory is
shifted, the GNSS-IMU positioning could maintain reasonable
accuracy over periods of 1200 s (see also Table 1) under the boreal
forest canopy. The standard deviations for the optimized data show
significant improvement in the internal accuracy down to a mil-
limeter level, though some larger mismatches remain. Maximum
errors are reduced approximately 50% or more from the initial
state.

When the optimized datasets were aligned with the reference
data we could see the conformity of the data: the proposed method
could correct the data down to a centimeter level over the whole
plot area (Table 3). However, the location and orientation of the
optimized data as a whole may drift from the correct as the trajec-
tory is in practice not fixed to any known point during the opti-
mization. This is not a problem for a plot level tree mapping and
inventory analysis. When other sources of data are fused into the
process, a few landmarks may be necessary to guarantee mutual
match - or alternatively the optimized MLS data is matched again
to some additional 3D data set, e.g. point cloud data from TLS or
ALS.

To evaluate the quality of the correction in elevation compo-
nent, we compare the difference in elevation of the MLS trajectory
at each location where it crosses itself (in planar) with an assump-
tion that the sensor altitude should be more or less the same at a
certain location. In practice there may be a small additional uncer-
tainty due to system/ATV tilt on sloped terrain. The results are
summarized in Table 4.

The results show a vast overall improvement in the geometric
conformity of the point clouds in all the three cases. The most sig-
nificant improvement is larger than an order of magnitude
Table 4
Elevation residual at trajectory crossings.

Dataset Crossings Distance mean (m)

N Initial Optimized

A (1001–1004) 80 1.404 0.119
B (1048–1051) 15 0.209 0.060
C (1108–1111) 25 0.507 0.054
decrease in the standard deviation of the distance between the
observations and the reference. The small STD value tells us that
the individual tree observations align well with each other, which
is also evident in Fig. 6. It is also seen from Table 2 that the larger
the initial drift the more probably the absolute position residual
remains off.

When comparing the unaligned and aligned optimized data, the
best performance is found for the dataset B where there is only
small difference between the two. In that data set the error esti-
mate for the initial trajectory was much smaller (30–50%) than that
for the other two trajectories. The difference between the two
other datasets with worse accuracy in the initial trajectory is
understandable as no trajectory correction can help with global
absolute positioning if the GNSS data is not accurate at any location
on the plot.

As can be seen from Fig. 5 the proposed optimization improves
significantly the internal consistency of the data. From the red lines
in the plots we could see the significant improvement in the inter-
nal quality of the data. The method could also solve for large short
term positional drifts reliably.

Absolute position of the optimized data is highly dependent on
the GNSS visibility on the plot. The thicker the canopy the more
likely the absolute positioning of the MLS data requires in practice
a few known points to make an alignment for mutual match with
any additional data. For plotwise data analysis however the known
points are not needed. The result also shows that in the boreal for-
est plots with 800–900 full-grown trees/ha the GNSS-IMU posi-
tioning gives on average better than 65 cm absolute accuracy
over time periods of 1200 s.

Errors in the elevation are generally larger than that for the pla-
nar coordinates, and gives typically average errors doubled to the
horizontal counterpart, maximum error being initially as large as
4 meters. As expected, the elevation performance of the GNSS-
IMU system is more hampered on the lack of GNSS signal than that
Distance STD (m) Distance max (m)

Initial Optimized Initial Optimized

0.910 0.252 3.930 1.336
0.210 0.063 0.697 0.276
0.312 0.070 1.02 0.294



Fig. 5. Planar distances of the tree stem observations to the reference tree positions as a function of time. Left column shows results for the unaligned data, whereas the right
column shows the readings for the data aligned with the reference.
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of the horizontal position. Optimized elevation shows an order of
magnitude worse accuracy in comparison to the horizontal residu-
als, being an average around 10 cm.

The constraints in the elevation direction are formed indirectly
through using the offset from the detected ground, and as the
detection algorithm fails to correctly find the ground level at times
(mostly due to fast elevation drifting), the process results in pairing
features captured from wrong elevations. In addition, the terrain of
the test plots is uneven so height difference of several centimeters
during the trajectory crossings can be expected, even for accurate
trajectory, as the MLS system can have different orientation due
to the sloped terrain. Thus the analysis may include to some extent
additional uncertainty into the elevation performance estimation.

Fig. 6 demonstrates the initial condition of the data for the test
area C and the effect of the performed optimization. In Fig. 7 the
optimized point cloud from plot B is illustrated showing the final
data product to be input for further tree inventory and modeling
processing. Though there still remain minor errors in the data,
individual tree level data processing is expected to be reliably per-
formed without a fear of confusing nearby tree copies. Terrain data
has obvious gaps from the scanner blind angle, and from the shad-
owing caused by the terrain undulation, tree stems and under-
growth. The shadowing defects are however largely compensated
by the multi-pass data collection.
6. Discussion

For some cases the optimization method could not solve for the
elevation errors to a sufficient confidence. This seems to be espe-
cially related to cases where the applied ground classification
method fails to extract the ground points correctly from the point
cloud data due to measurement noise patterns and especially to
data distortions due to fast elevational drifts. The ground classifica-
tion method searches for the ground by triangulation starting from
low points in the data, and has an assumption that at certain spa-



Fig. 6. Captures of the point cloud data illustrating the drift in the initial trajectory solution (left) and after (right) the trajectory optimization for the test area C (1108–1111).
Top row shows the data from the ground following slices at 300–350 cm above the ground representing the raw tree stem observations. Bottom row shows a section of the 3D
point cloud from the area with each data block colored distinctly for illustration of the progress of the data collection. The initial data shows multiple copies of each tree (a,c).
After the trajectory optimization the measurements taken up at different times align with each other (b,d).
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tial location there is only one ground surface layer present. How-
ever in practice there are cases where the MLS trajectory has large
short term elevation drift and the ATV is simultaneously making a
sharp turn. This results in representation of multiple layers of
ground points at relatively short time periods in the overlapping
data. Also at some cases the noise filtering could not handle all pat-
terned noise, and those remaining below the actual ground cause
the local ground detection to fail, or to produce odd shaped ground
artefacts. As the ground classification is performed over a data
block (ca. 32 s of data in each) at a time, such situations ruin the
ground detection integrity. This has direct effect on the stem fea-
ture quality and the method’s ability to solve for the elevation cor-
rection at such locations reliably.

To overcome this, we need to modify our ground classification
to cope with short term drifting, improve noise removal, but also
sensor upgrade may provide improvement to this problem. The
most straightforward approach would be processing the ground
detection on sub-block partitions of data, representing e.g. 10–
15 s of traverse in each, or even on each profile, and extract the
stem features accordingly.

On average 33% of the constraints added by the tree detections
were switched off during the trajectory optimization (Constraints/
Disabled constraints; area A: 1494/467, area B: 1155/429, and area
C: 1261/382). This is a significant part of the feature mass, and
reduces the level of correction attained, which may have of critical
influence on robustness in cases where the number of features is
reduced due to object visibility or in presence of scarce features.
Visual analysis shows that nearly all of these feature detections
were correct in planar, but many had some noticeable mismatch
error in the vertical direction caused by inaccuracies in the ground
detection. Experimenting with different optimization parameters
revealed that making the switches more resistant to closing
improved the planar accuracy (up to 50% reductions in the residual
errors) but either made the trajectory height component jittery or
left most of the height uncorrected altogether. Settings chosen for
the results shown in this paper were a compromise to keep the tra-
jectory smooth. Currently switches get closed easily and this
removes some correct constraints also, but this is preferable as
we can still correct most of the errors, and as even one bad con-
straint left switched on can ruin large part of the trajectory.

There is recognized to be room for improvement in the method.
Currently only a small subset of the original points is used, and the
use of circle matching for stem features may not be optimal as tree
stems rarely are perfectly circular. An additional step to refine the
trajectory by matching the points of temporally different parts of
the point cloud with iterative closest point (ICP), or some other



Fig. 7. Optimized point cloud for the forest plot B shows the accurately matched tree stems ready for further stem modeling and inventory work.
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similar algorithm could possibly largely remove the remaining
errors. Using the method as an initial step to correct the trajectory
for the larger positional and angular errors is beneficial as iterative
closest point algorithm is prone to settling for local minima instead
of finding the correct transformation. By starting from an opti-
mized solution close to the correct one the chances for finding con-
verging fine-tune corrections to the trajectory locally using ICP are
expected to greatly improve.

7. Conclusions

We have developed a process pipeline for MLS data from boreal
forests to correct trajectory data for errors induced by obstructed
GNSS signal under mature boreal forest canopy and report results
achieved using the method. The experiments were conducted on
data from ATV mounted RoamerR2 MLS system, which allows for
efficient collection of 3D tree inventory data from the ground.
The point cloud data was obtained with cross-track vertical laser
scanning and post-processed GNSS-IMU positioning. We present
the processing pipeline and report optimization results for the data
from three test plots of nominal size 64 m by 64 m, and analyze the
results against tree location reference derived from TLS data geo-
referenced to spherical landmarks with known locations on each
plot.

The results show that the method could vastly improve the
quality of the produced optimized point cloud. The internal consis-
tency of tree stem locations is reduced to millimeter level in terms
of distance residual standard deviation: for plot A 0.008 m, for B
0.007 m and C 0.005 m. The methods ability in providing correc-
tion in absolute coordinates is found slightly weaker, but this is
of secondary importance from individual tree modeling point of
view. There were no absolute landmarks used to constraint the
optimization from locational drifting, and the results show that
with the larger the initial drift the larger the remaining absolute
positional offset may be expected.

The attained level of correction in the internal accuracy of the
point cloud enables us to use all of the non noise measured points
when extracting individual tree inventory parameters, such as
diameter-at-breast-height and tree height. The improved point
cloud data permit stem curve modeling of individual trees unam-
biguously. We could also expect more accurate object level match-
ing to be successful after running the optimization method on
forest MLS data as the ambiguity in pairing adjacent tree stems
is significantly reduced.

The applied feature detection is less accurate in constraining
the elevation direction than what is achieved in the planar domain.
For correcting the elevation the features in use also require us to
trade-off some of the performance for planar corrections as use
of them causes a large part of the constraints to be disabled during
the optimization. Use of additional features, such as ground
batches and horizontal structures, which could better tie the cor-
rection for error in elevation to the optimization pipeline, is a
straightforward task and should enable us to remove the remain-
ing major errors in the near future.

By incorporating a separate set of features to correct for the ele-
vation drift, the tree features currently used could be reserved for
only constraining the horizontal drift of the trajectory. This would
decrease the number of disabled constraints and enable us to cap-
italize most of the detected stem features in making the optimiza-
tion more accurate. A ground detection algorithm better suited to
handle raw data with considerable elevation errors and below-
ground patterned noise within relatively short periods of time is
needed.

The proposed method is based on sparse features and graph
optimization, and is tested on MLS data on forestry application
with supposedly the most challenging GNSS signal loss conditions.
However, the method could be also used in any general MLS case,
e.g. for correcting urban and road asset point cloud data as similar
pole features are abundant in those environments. Additional fea-
tures, such as building and other structural corners, provide robust
constraints for trajectory optimization in built and industrial envi-
ronments that often pose a challenge for the GNSS based position-
ing. Thus the proposed method is seen to provide an important
asset for a diversity of MLS data applications.

The phase-shift ranging scanner mounted on RoamerR2 and
used in the experiments for this paper generate noise in dense veg-
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etation, and does not provide a reliable ranging counts from within
or behind the canopy hampering the desired tree and ground mod-
eling. It is also to be noted that since the data collection for this
study the instrument manufacturer has released a major firmware
update to improve the ranging performance of the scanner. Use of
laser scanner based on pulsed time-of-flight ranging, such as Riegl
VUX-1HA currently in use with the next generation AkhkaR3 and
RoamerR3 systems of the FGI with multiple echo detection, should
also improve performance of the method in terms of data process-
ing, and adaptation of the proposed method for a backpack map-
ping will be the topic of the following paper.

The amount of the laser points on stems was adequate for fea-
ture detection, and further for solving the corrections for the tra-
jectory drift accurately. The ranging noise combined with the
angular resolution of the scanner prevented the use of faraway fea-
tures and ground points as the points have large distance between
each other and begin to be filtered away in the noise removal step.
In future research we aim to investigate the use of the method on
forestry and urban data collected with AkhkaR3 backpack laser
scanning system. In the forestry context we will also compare
how the resulting tree parameters extracted from an MLS point
cloud optimized with the proposed method compares to the tree
parameters extracted from point measurements gathered with ter-
restrial or UAV based methods.
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