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ABSTRACT

Reliable forest resource information is needed to assess the forest development status and design management
plans for forest maintenance and conservation. The forest field sample inventory is a vital forest resource in-
ventory method. Thus, forest inventory reliability depends on tree attribute estimation accuracy and the quantity
and quality of field samples. Simultaneous localization and mapping (SLAM)-based mobile laser scanners (MLSs)
are convenient inventory tools due to their mobility and global navigation satellite system (GNSS) signal in-
dependence. However, such scanners may be heavy, expensive and unable to verify results on-site. With the
improved SLAM algorithm and chip computing capabilities, a smartphone can deploy an online SLAM system,
which allows the smartphone to perform the relative positioning in forests without GNSS signals. Previous
research studies have demonstrated this simple, portable, and economical device for estimating the tree position
and diameter at breast height (DBH) through tree-by-tree measurements in real time. However, the device might
face a challenge in large-scale forest inventories because the image-feature-based backend may not work well in
forests that are not well constructed for traditional SLAM systems. In this paper, an online trunk-based backend
was designed to accurately estimate tree position and correct pose drift in large-scale forest inventories in real
time. Specifically, a trunk-based loop closure detection algorithm was designed for detecting whether an earlier
observed tree is re-observed to provide nodes and constraints for tree position graph optimization; this algorithm
uses the provided nodes and constraints to build and optimize the tree position graph and then correct the
current pose based on the optimized globally consistent tree position graph. This new backend was integrated
with the previous work as an executable program that can be deployed on a smartphone with an online RGB-D
SLAM system. The method was tested in 5 field sample plots (32 x 32 m), and the reference tree positions were
collected using terrestrial laser scanning (TLS) through multi-scan mode. The distance mean between the esti-
mated and reference tree positions was 0.133 m when using our new backend, and it was 0.759 m when esti-
mated with the RTAB-Map. The tree position estimates were unbiased and had root mean square errors (RMSEs)
of less than 0.09 m in the x-axis, y-axis and z-axis directions when using the trunk-based backend. However, the
estimates had biases of —0.125 m, —0.261 m and 0.262 m and RMSEs of more than 0.30 m in the x-axis, y-axis
and z-axis directions without the new backend. The results showed that the designed trunk-based backend allows
a smartphone with an online SLAM system to function as an accurate and efficient tool for large-scale forest
inventories. However, the method was tested only in 32 x 32 m square field sample plots. More tests must be
performed in larger plots in the future, although enough loop-closure constraints can theoretically guarantee the
accuracy of the tree position graph and current pose.
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1. Introduction

Forests cover approximately one third of the Earth’s land surface
and play a vital role in climate regulation and the global carbon cycle;
thus, they have attracted increasing interest from many researchers and
policymakers (Kohl et al., 2015; Trumbore et al., 2015). Reliable forest
resource information is needed for forest development status evalua-
tion, such as climate change impact evaluations and carbon stock es-
timations, and forestry departments use it as the basis for creating forest
development plans, such as forest cultivation and forest harvesting
plans (Keenan et al., 2015; MacDicken, 2015). The forest field sample
inventory is an important forest resource inventory method that pro-
vides forest area parameter data by summarizing the estimates obtained
from all field samples in an area, which means that the reliability of
forest inventories depends on the accuracy of field sample attribute
estimates and the quality and quantity of the field samples (Liang et al.,
2018a).

A forest field sample is usually a small representation of a forest
area, normally with a circular shape with a radius of 4-15 m (Liang
et al., 2016). The shape and area of a sample plot can vary according to
the needs of the study. Traditionally, the tree attributes in the plot, such
as species, diameter at breast height (DBH), tree height, and tree po-
sition, have been observed using simple tools, including callipers and
clinometers, which have shown low efficiency and strong subjectivity.
Moreover, it is hard to find a tool that can accurately estimate tree
positions. However, these characteristics have changed dramatically
since the emergence of light detection and ranging (LiDAR). In parti-
cular, terrestrial laser scanning (TLS), also known as a ground-based
LiDAR, has been proven to be an accurate and efficient tool in small
sample plots (Srinivasan et al., 2015; Liang et al., 2016; Liang et al.,
2018).

The quality and quantity of the field samples are also important
factors influencing forest inventory accuracy in large forest areas, and
they can be improved by increasing the number and size of sample plots
(Liang et al., 2018a). Practical considerations often limit the number of
plots due to the complexity of the forest topography, especially in
natural forests. Fortunately, the effects of numerical limitations can be
counterbalanced by increasing the sample plot size. However, the in-
ventories are also limited in terms of spatial coverage as efficient tools
for providing sufficient and accurate data are lacking. TLS can also be
used in large plots by collecting and merging different scans from
multiple sites (Liang and Hyyppa, 2013; Pueschel et al., 2013).

In a large-scale forest inventory, devices with convenient measure-
ment and efficient data acquisition methods are preferred. In recent
years, one or more lasers were installed on a mobile platform to enable
such a combined system, called a Mobile Laser Scanning (MLS) system,
to efficiently collect data during movement. In terms of the speed of
data collection, a previous study has proven that an MLS was several
times faster than a TLS (Liang et al., 2015). A typical MLS system is an
all-terrain vehicle (ATV) mounted with a global navigation satellite
system (GNSS) receiver, an inertial measurement unit (IMU), and a
laser scanner. The MLS can acquire the poses of the scanner by using
the mounted sensors during movement in a forest, which means that the
point sequence measured by the scanner can be transformed into the
same reference coordinate and merged into a single point cloud based
on the synchronized pose data (Qian et al., 2017; Bienert et al., 2018;
Liang et al., 2018b). One challenge of the MLS is that the vehicle is
difficult to manoeuvre in forests with complex ground conditions.
However, the emergence of backpack and handheld MLSs has improved
this situation (Ryding et al., 2015; Bauwens et al., 2016; Holmgren
et al.,, 2017). Another challenge is that the poor GNSS signals under
dense canopies make it difficult for the mobile scanning system to de-
termine the location, even if a high-precision IMU is used. Simultaneous
localization and mapping (SLAM) technology is one of the solutions
that use the data sequence acquired during motion for estimating the
relative poses in real time, and it is a vital solution for robot relative
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navigation (Bailey and Durrant-Whyte, 2006; Durrant-Whyte and
Bailey, 2006). SLAM-aided and SLAM-based MLS have been used in
forest inventories to obtain globally consistent point cloud data by
evaluating and optimizing the internal consistency of measurements
(e.g., image reprojection errors and distances between point clouds).
The difference is that the former used SLAM technology to aid the
GNSS + IMU positioning system for absolute positioning, while the
latter used only a SLAM-based system for relative positioning (Tang
et al., 2015; Pierzchala et al., 2018).

With the development of SLAM algorithms and the improvement of
chip computing power, the SLAM system can be deployed on a smart-
phone with simple sensors such as cameras and IMUs (Marder-Eppstein,
2016; Hyyppa et al., 2018). The time of flight (ToF) camera, as an al-
ternative to LiDAR, features low power consumption and small size, and
it can be embedded in smartphones to capture dense point clouds (Foix
et al., 2011). Tomastik et al. (2017) evaluated the availability of dense
point clouds acquired by a SLAM-based smartphone with a ToF camera
in small forest sample plots. Fan et al. (2018) provided a solution for the
real-time estimation of tree attributes such as DBH, height and tree
position using a SLAM-based smartphone in tree-by-tree mode in small
sample plots. This online SLAM solution used augmented reality (AR)
technology to display the observed results on the smartphone screen in
real time, which allows observers to evaluate the measurements in situ.
Obviously, the online SLAM-based smartphones are user friendly,
simple, economical and light compared to traditional MLSs. However,
the accuracy of such a device in a complex and large-scale forest in-
ventory requires further scientific assessment.

The graph-based SLAM algorithm is widely used in current SLAM
systems, which consist of two parts: a frontend and a backend (Grisetti
et al., 2010). The frontend is typically for feature-based visual odometry
(VO) or visual inertial odometry (VIO), which is used to estimate poses
in real time (Fraundorfer and Scaramuzza, 2011; Scaramuzza and
Fraundorfer, 2012); the backend is an optimization mechanism that can
correct the drifts generated during the frontend pose estimation process
by appearance-based loop closure detection and pose graph optimiza-
tion (Grisetti et al., 2010). For feature-based frontends and appearance-
based loop closure detection, good features are guaranteed to accu-
rately estimate the poses and build globally consistent maps that should
have localization accuracy, repeatability and distinctiveness. However,
in the same area, the observed corners and blobs, which are usually
used as features in SLAM algorithms, may be completely different from
different perspectives because forests are not well structured for typical
SLAM systems, which might present a challenge for the SLAM systems,
especially in large-scale or complex forests (Pierzchata et al., 2018).
Therefore, the SLAM-based device may not accurately measure tree
positions, which are directly linked to 3D forest structures.

Tree trunks have proven to be good features in forest inventories.
Chen et al. (2016) merged scans from an MLS with tree trunks as fea-
tures, which improved the positioning accuracy by approximately 50%.
Similarly, Kukko et al. (2017) used tree trunks as pose graph optimi-
zation nodes to correct MLS scan poses, which increased the planar
accuracy of the tree positions by at least 50%. Obviously, the graph-
based SLAM system, which takes tree trunks as features, may improve
the accuracy of pose and tree position estimates in large-scale and
complex forests. In this paper, a trunk-based backend was designed for
an online SLAM-based smartphone, and it made the smartphone cap-
able of positioning and estimating tree positions with high accuracy in
large-scale forest in situ inventories.

2. Pose graph problem

In this study, an online Red Green Blue Depth (RGB-D) SLAM-based
forest inventory system was deployed on a smartphone (Lenovo Phab 2
Pro) to collect tree attribute information tree-by-tree (Fan et al., 2018).
The graph-based SLAM system on the phone used a VIO as the frontend
and real-time appearance-based mapping (RTAB-Map) as the backend
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Fig. 1. The workflow of a typical smartphone-based forest inventory system.

(Labbé and Michaud, 2011; Labbé and Michaud, 2013; Labbé and
Michaud, 2019) and provided pose, image and point cloud data in real
time based on the mounted cameras and IMUs. The collected data was
used to estimate tree attributes, including DBH and tree position. A
typical smartphone-based forest inventory system structure is shown in
Fig. 1. An AR scene was constructed to show the measured tree in-
formation, and it provided a detection result mechanism for observers
through the smartphone screen (Fig. 2a).

The main problem with this feature-based SLAM system was that
the pose estimation errors could not be corrected in forests, although
the RTAB-Map, as the backend, could be used for online large-scale and
long-term operation (Labbé and Michaud, 2013). The pose estimation
error gradually accumulated and caused a large pose drift during the
observation process, especially for large-scale sample plots. As an ex-
ample, the position drift error exceeded 2 meters in a 1024-square-
meter filed sample plot (Fig. 2b). Furthermore, the drift also led to
inaccurately estimated tree positions (Fig. 3).

3. Materials and methods
3.1. Study area

The study area is located west of Beijing, China (N39°59” E116°11");
it is primarily a managed forest but also includes some recreational and
protected areas. Five square plots (32x32 m) were selected as sample
plots for this study. Table 1 provides basic descriptions of the study
sample plots.

3.2. The design of the trunk-based SLAM backend

In pose graph optimization, the poses are treated as nodes, and the
observed transformations between poses are considered edges (or
constraints) between nodes. Then, all the poses and constraints form a
pose graph that can be optimized to correct the poses. In the optimi-
zation, loop constraints are constructed by revisiting the areas that have
already been observed. Similarly, the tree position estimations in the
field sample are regarded as nodes. The relative position differences
between continuously observed trees are regarded as edges (or con-
straints) between nodes (Fig. 3). In addition, the loop constraints are
constructed by re-observing the trees measured earlier. Then, all tree
position estimations are corrected by optimizing the tree position
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Fig. 3. The tree position estimates using the RTAB-Map as the backend of the
SLAM system: the red plus signs indicate the stem references; the blue circles
indicate the estimations, and the green lines indicate the observation order of
the trees. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

Table 1
Summary statistics of plot attributes.
Plot Dominant Species Stem Density (stems/ DBH(cm)
ha)
Mean SD Min Max
1 Ginkgo biloba 723 20.30 5.18 14.5 3838
2 Fraxinus chinensis 732 18.13 235 124 25.6
3 Salix matsudana 537 21.67 527 131 35.0
4 Robinia 762 19.46 4.61 10.3 37.3
pseudoacacia
5 Robinia 703 18.63 3.65 11.2 284
pseudoacacia

graph, and the smartphone pose is corrected based on the resulting
global consistent tree position graph. During the process, two important
steps were completed: (1) loop closure detection for identifying earlier
measured trees and (2) tree position graph optimization for optimizing
all tree positions and correcting the smartphone pose based on the
optimized tree position graph.

3.2.1. The system structure

In this study, the traditional feature-based SLAM backend was not
used in the forest inventory system; only the VIO system was used to
estimate poses and obtain information such as tree positions and DBH
based on the work by Fan et al. (2018) (Fig. 4). The loop closure de-
tection provided new nodes and constraints for the tree position graph
optimization by considering the tree position and DBH of the detected
tree obtained by the inventory system as input. The tree position graph

Fig. 2. The AR scenes of observation: (a) the AR
scene of a measurement just after observation;
(b) the AR scene of the measurement after pose
drift; the yellow lines indicate the breast heights
and positions of the tree; the green circles in-
dicate the tree DBHs; the blue lines indicate the
sample area. (For interpretation of the references
to colour in this figure legend, the reader is re-
ferred to the web version of this article.)
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Fig. 4. The structure of the forest inventory system based on the trunk-based
backend.

optimization method was used to build and optimize the tree position
graph formed by all nodes and constraints and correct the current pose
based on the optimized global consistent tree position graph. Then, the
corrected pose was provided to the inventory system to adjust the AR
scene.

3.2.2. Loop closure detection

The loop constraints are important tree position graph components;
thus, some of the trees in a particular sample plot were observed
multiple times during the observation process to construct this type of
constraint. The task of the loop closure detection algorithm is to de-
termine whether a newly measured tree is one of the earlier measured
trees. We designed three features that can be constructed using tree
positions and DBHs for the newly observed tree and one of the earlier
observed trees to be tested to make this determination:

d; — dp
X lIx; — Xoll
X=|x%]|= llx; — xoll
X3 =1
> Ixip1—xil

@

where xis the DBH error between the newly observed tree and the
tested tree; x,and x;are the absolute distance and relative distance be-
tween the newly observed tree and the tested tree, respectively; d, and
d; are the DBH measurements of the newly observed tree and the tested
tree; xo and x, are their respective position measurements; and
Zf;; IIx;+1 — X;ll represents the sum of the distance differences between
continuously measured trees after the tested tree is observed. The three
features were considered as Gauss distributions with a mean of zero
based on the distribution characteristics of loop closure samples
(Fig. 5), and they were normalized to ensure that they have the same
variability:

i=0

b V2opBH
~ - x
X = x| = a2
X3 x
o3 2)

where oppy, 0, and o3 are the standard deviations of the DBH, absolute
distance error and relative distance error, respectively, which were
estimated based on previously collected loop closure samples. Then, the
model of logistic regression was designed as follows:

1

1+ ew1)712+w2)?22+w3)?§—1

PX) =
3
where w;, w, and w; are the parameters, and they were determined to
equal 9.861 and 0.03634 and 0.00008971, respectively, by fitting col-
lected loop closure samples (Fig. 6).

44

ISPRS Journal of Photogrammetry and Remote Sensing 162 (2020) 41-49

The loop closure detection workflow was designed as shown in
Fig. 7. When a tree was observed, the earlier measured trees that were
less than 3 meters from this newly measured tree were selected as
candidate trees for determining whether this newly measured tree was
one of the already observed trees. Then, the normalized features of all
candidate trees were calculated, and the probabilities of the candidate
trees being re-observed were calculated using the logistic regression
model. If the candidate tree with the highest probability had a prob-
ability greater than 0.5, then the tree was considered to be the same
tree as the newly observed tree, and a loop constraint between the last
observed tree and this candidate tree was provided for tree position
graph optimization. Otherwise, a new tree position node and non-loop
constraint between the new and last observed trees was provided.

3.2.3. Tree position graph optimization

Tree position graph optimization was used to optimize all tree po-
sition estimations and correct the current pose in real time. As shown in
Fig. 8, after the new node and/or constraint were provided by the loop
closure extraction, they were added to the tree position graph. The
graph was optimized if the new constraint was a loop constraint. Then,
the current pose was corrected based on the optimized tree position
graph.

The tree position graph consists of nodes representing the tree po-
sitions and constraints between the nodes representing the positional
changes between the continuously measured trees (Fig. 9). When op-
timizing the tree positions, all nodes are basically considered variables
to be optimized. The purpose of tree position graph optimization is to
minimize the differences between the constraints and the tree position
changes by adjusting the tree position estimates.

When the graph was constructed, the tree position graph optimi-
zation problem was described as a cost function

Z e(x;, Xj, Zij)TQije(Xi, Xj, Zij)
(ij)e¢

F(x) =
()]

where X presents all tree positions, X; and x; are the tree positions of the
ith and jth trees, respectively, z; and Q; are the observed tree position
coordinate difference and information matrix between the ith and jth
trees, respectively, and ¢ is a set indicating tree pairs observed by
neighbours.

e(X;, Xj, Zj) = Xj — X; — Z;j

(5)

is used to calculate the error between the expected tree position co-
ordinate difference and the observed value between the ith and jth tree.
Obviously, the cost function is a representation of the sum of all con-
straint errors; thus, the optimization problem was solved by minimizing
this function:
. .

X arginln F(x) ©)
F(x) is a sparse function that can be solved directly using sparse
Cholesky factorization. In addition, the information matrix Q; was
designed as a diagonal matrix formed by the vector z; = [x;, %, x3]" in
the optimization process:

Ix1 | 0 0
Qij = 0 |XZ| 0
0 0 |X3 |

@)

Fig. 10 shows the optimization result of the tree position graph
mentioned in Fig. 3.

Once the tree position graph was optimized when a loop constraint
was added, the current pose was corrected using the optimized tree
position graph. Before optimization, a coordinate system (auxiliary tree
position coordinate system, ATPCS) was established based on the newly
observed tree. The origin of this coordinate was the position of the
newly observed tree; the x-axis direction points horizontally to the
position of the last measured tree, the z-axis points vertically upward,
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Fig. 5. The distribution characteristics of different feature samples: (a) the histogram of the DBH errors; (b) the histogram of the absolute tree position drift distance;

(c) the histogram of the relative tree position drift distance.

Fig. 6. The classification result of the logistic regression model; red points in-
dicate positive samples; blue points indicate negative samples; the green surface
indicates the model. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

and the y-axis and the other two axes form this right-handed coordinate
system. The current pose was described in the ATPCS. After optimiza-
tion, the ATPCS was established based on the optimized tree positions.
Therefore, the current pose described in the ATPCS was converted to
the world coordinate system again, which was considered the corrected
current pose
= T\;/a’I:lw Ty (€))
where T, was the corrected current pose; T, is the transformation
matrix from the ATPCS to the world coordinate system (WCS), which
was determined after optimization; T, is the transformation matrix
from the WCS to the ATPCS, which was determined before optimiza-
tion; and the pose matrix T, was the current pose before optimization.
Fig. 11 shows the AR scenes before and after pose correction.

C )

I Selecting candidate trees from the earlier observed trees |

A newly observed tree

| Calculating features for the candidate trees |

1
Calculating the probabilities of the candidate trees being re-observed I

Identifying the candidate tree with the highest probability

4
The probability > 0.5 2

Yes No

v
Loop constraint ‘ New node and non-loop constraint

y
< Tree position graph optimization >

Fig. 7. The workflow of the trunk-based loop closure extraction.

3.3. Study methods

In this paper, the correction of the current pose mainly depended on
the optimized tree position graph, and the corrected pose affected the
optimization of the tree position graph thereafter. Therefore, the ac-
curacy of the tree position was used to indirectly evaluate the pose
accuracy, which is a major concern in forestry inventories. To accu-
rately evaluate the tree position measurements, references were col-
lected using a TLS (FARO Photon 120) through a multi-scan method
(Fig. 12). During the scanning process, artificial spheres were set up as
reference targets in the field samples to merge the acquired multi-scan
data. The merged point clouds were processed using the method pro-
posed by Cabo et al. (2018). The accuracy of the tree position was
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C Loop closure extraction
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Fig. 8. The tree position graph optimization workflow.
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Fig. 9. The basis of the tree position graph: the green circles indicate nodes; the
orange lines indicate non-loop constraints; the light blue line indicates a loop
constraint. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

Fig. 10. A typical optimization result of the tree position graph mentioned in
Fig. 3; the red plus signs indicate the stem references; the blue circles indicate
the optimized tree positions; the green lines indicate the observation order of
the trees. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

evaluated using the mean distance, bias and root mean square error
(RMSE), as defined in the following equations:

n
Zi:l ||Xi bl Xir”

mean = n (9)

2:’:1 (x; —

xir)

bias =
ias " 10)
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_ ZLI (i — xir)?
RMSE = \/ I — an

where x; is the ith measurement of the tree position, x;, is the ith re-
ference, nis the number of estimates, x; is a coordinate component of
the ith tree position measurement in the direction of the x-axis, y-axis or
z-axis, and x;, is the corresponding reference with x;. The mean distance
indicates the mean drift distance of the tree position measurements,
bias describes the difference between all estimates and references, and
RMSE indicates the variability of all position errors.

4. Results

Our estimates showed that the mean of the distances between the
tree position estimates and the references based on the RTAB-Map
method (0.759 m) was five times that of our trunk-based backend
method (0.133 m) (Table 2). The maximum distance estimated with the
former method was more than 2.0 m, while it was considerably lower
(0.32 m) in our method. Our comparative analysis showed that the
distance between the estimated tree position and the reference gradu-
ally increased as the observation process progressed when using the
RTAB-Map method, while it was less than 0.2 m and remained almost
stable during the process using the trunk-based backend (Fig. 13).

The tree positions acquired based on the RTAB-Map backend
showed a significant bias (Table 3) that exceeded 0.80 m in the x-axis
direction in plot 1. However, the tree positions based on the trunk-
based backend were unbiased, and the max bias was only —0.07 m in
the z-axis direction in plot 1. Fig. 14 shows the scatter plots of the tree
position estimate errors in all sample plots, which indicated that the
biases of the estimates based on two different backends had different
properties. The errors of the data acquired based on the optimized
backend method are concentrated near the reference point, while the
errors of the data obtained based on the RTAB-Map method are very far
from the unbiased point and not evenly spread around the reference
point (Fig. 14). The RMSEs of the tree position estimate obtained based
on the RTAB-Map backend in all plots were significantly larger than
those obtained by the optimized backend (Table 3, Fig. 14). The overall
RMSEs based on the RTAB-Map method were greater (0.3 m) than that
of our method, which was less than 0.09 m.

5. Discussion

The aim of this work was to design a trunk-based backend for op-
timizing the accuracy of the estimated tree positions and correcting the
pose drift in real time based on the optimized tree position graph. Then,
the designed system was deployed on a user-friendly smartphone with
an online SLAM system that could be used in large-scale forest in-
ventories with high precision and accuracy. The test results showed that
the mean distance between the estimated and reference tree positions
was 0.12 m. The tree position estimates were unbiased (—0.006 m,
0.001 m, 0.036 m in the x-axis, y-axis and z-axis directions) and had
RMSEs of 0.085 m, 0.086 m and 0.078 m in the three axis directions.

Many previous studies have attempted to improve tree position
estimate accuracy using different equipment and methods. Liang et al.
(2018) evaluated the availability of an MLS that relies on GNSS + IMU
positioning, in large-scale forest inventories under different stand
conditions; their results showed RMSEs higher than 0.5 m under any
stand conditions. Compared to the methods used in earlier studies, our
results were higher mainly due to the occlusion of the GNSS signal in
the forests. Tang et al. (2015) used a SLAM-aided positioning solution
with point clouds collected by a small-footprint mobile LiDAR to im-
prove the positioning accuracy of the GNSS + IMU system and reported
a trajectory RMSE of 0.32 m in the horizontal direction, which was less
accurate than our results. However, their test areas were larger than the
sample fields in our paper; therefore, it is impossible to determine
which method has higher precision. Pierzchata et al. (2018) used a
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Fig. 12. The TLS scanning scenario; the black lines indicate sample field
boundaries; the blue circles indicate tree positions; and the orange plus signs
indicate the scanning locations. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)

Table 2
Statistical results of the distances between the tree position estimates and the
references.

Plot Mean Distance (m) Max Distance (m)
RTAB-Map  Trunk-based Backend RTAB-Map  Trunk-based Backend
1 0.922 0.148 1.36 0.28
2 0.981 0.137 2.07 0.30
3 0.615 0.124 1.25 0.26
4 0.530 0.142 1.64 0.23
5 0.717 0.112 1.16 0.32
Total 0.759 0.133 2.07 0.32

stereo SLAM system to improve the positioning accuracy of the
GNSS + IMU system. Their results showed that the mean error of the
relative distance estimation between trees was 0.0476 m but that there
were four outliers. The accuracy of this study was higher than ours, but
our results did not contain any outliers.

Most current SLAM systems work based on features such as corners
and blobs. A good feature will help improve the positioning accuracy of
the SLAM system. A good feature should have localization accuracy,
repeatability, robustness and invariance. However, it is difficult to find
good features, especially in forests with complex vegetation. Chen et al.
(2016) used the tree position and DBH information contained in a
single scan to match scans and obtain globally consistent point clouds
that can be used to extract tree information. Their results showed a
mean error of 2.33 m, which was 50% better than the results for which
the scan matching procedure was not carried out; however, their ac-
curacy was still lower than ours. Kukko et al. (2017) added constraints
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Fig. 11. A typical sample of the AR scenes before
and after pose correction: (a) the AR scene be-
fore pose correction; (b) the AR scene after pose
correction; the yellow lines indicate the breast
heights and positions of the tree; the green cir-
cles indicate the DBHs of the tree; the blue lines
indicate the sample area. (For interpretation of
the references to colour in this figure legend, the
reader is referred to the web version of this ar-
ticle.)

(®)

between tree stem locations in the graph optimization to correct the
poses of the scans, which were then used to merge different scans; their
results showed mean distances of 0.070 0.46 m and standard deviations
of 0.005 0.008 m between the optimized and reference tree positions,
and these results were better than ours.

The ToF camera, which was used as a replacement for LiDAR, fea-
tures low power consumption and a small size, and thus, it can be
embedded in a smartphone to build an RGB-D SLAM system, which
allows the phone to be used for relative positioning and point cloud
acquisition for the surrounding environment independent of GNSS
signals. Tomastik et al. (2017) scanned sample fields with a smartphone
with an online RGB-D SLAM system, and the results extracted from the
scan point clouds showed a RMSE of 0.2 m for the better scanning
pattern, which was less accurate than our results. In addition, this
scanning device was less efficient than the laser scanner due to the
limited measurement distance of the ToF camera. Fan et al. (2018)
enabled a smartphone with an online RGB-D SLAM system to observe
tree positions, DBH and tree height tree-by-tree in real time. In their
tests, the plot grounds were mapped before observing the trees to re-
duce pose drift during of observation, and their results showed a RMSE
of 0.12 m in both the x-axis and y-axis directions, which was similar to
our results. However, the sample plots they used were much smaller
than those we used in this study.

Although the newly designed SLAM backend enables mobile phones
with SLAM systems to be used in large-scale forest inventories, it still
faces some limitations. For example, (1) our method requires access to
the trees that need to be observed tree-by-tree; thus, so it could be less
efficient than LiDAR-based MLS methods; (2) it is also challenging for
ground-based imagery to produce reliable and complete tree height
information due to canopy occlusion, especially in mature forests; (3) in
trunk-based loop closure detection, it must be accurately determined
whether a newly measured tree is one of the trees that has been ob-
served; however, the probability model we constructed could make
some errors, although this did not occur during this study; (4) this paper
used only the methods of detecting the DBH height from the ground and
estimating the horizontal position of trees described in Fan et al.
(2018), which may affect the optimization result of our backend; and
(5) our backend was tested based on the work of Fan et al. (2018), who
used the RGB-D SLAM system implemented by Google Tango tech-
nology, which has been terminated, to estimate the tree properties.
Unfortunately, these problems were encountered, but some of them will
be addressed in the future. For example, (1) as the amount of experi-
mental data increases, the probability model of loop closure detection
could gradually improve; (2) some new monocular SLAM systems for
mobile phones have been released, such as ARKit (Buerli and
Misslinger, 2017) and ARCore (Lanham, 2018), and it is believed that
forest inventory systems based on these technologies will be im-
plemented in the future; and (3) some other light, low-cost alternatives,
such as a Backpack-Mounted Omnidirectional Camera with Off-the-
Shelf Navigation Sensors (Campos et al., 2018), have been developed
and efficiently used in forest inventories.
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Fig. 13. Distance between the observed and reference tree positions during observation; blue points indicate the distance based on the RTAB-Map backend; red points
indicate the distance based on the trunk-based backend. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)

Table 3
Accuracy of the tree position estimates based on the RTAB-Map backend and the trunk-based backend.
Plot Bias (m) RMSE (m)
RTAB-Map Trunk-based Backend RTAB-Map Trunk-based Backend
X y Z X y z X y z X y Z
1 0.818 0.072 0.323 0.048 0.069 -0.077 0.842 0.198 0.403 0.087 0.097 0.089
2 —0.510 —0.708 0.327 —0.044 —0.037 -0.013 0.601 0.868 0.367 0.101 0.099 0.051
3 —0.534 —0.138 0.146 —0.002 —0.008 —0.061 0.639 0.246 0.172 0.061 0.059 0.105
4 0.049 —0.467 0.133 —0.028 0.001 —0.032 0.163 0.530 0.179 0.100 0.076 0.080
5 —-0.571 —0.010 0.358 —0.003 —0.022 —0.004 0.622 0.222 0.388 0.062 0.089 0.064
Total —-0.125 —0.261 0.261 —0.006 0.001 —0.036 0.610 0.498 0.323 0.085 0.086 0.078
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Fig. 14. Scatter plots of tree position errors in all plots; blue crosses indicate the
position errors based on the RTAB-Map backend; red crosses indicate the po-
sition errors based on our backend. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this
article.)

6. Conclusion

In this study, we designed a trunk-based SLAM backend that in-
cludes two steps: trunk-based loop closure detection and tree position
graph optimization. This backend was designed to assist in using a
smartphone with an online SLAM system for large-scale forest in-
ventories. This backend works based on recognizing trees that were
previously observed. After integrating the backend with the method of
estimating tree properties based on a smartphone with an RGB-D SLAM
system, the new backend was tested in five 32 X 32 m square field
samples. The results showed that the new backend can effectively im-
prove tree position estimation accuracy in large-scale forest inventories.
In addition, the improved AR scene with the corrected pose helped the
observers determine whether a tree was previously observed.

In the future, the backend should be tested under complex forest
conditions, such as areas with more shrubs, different tree species and
forests of different ages, and the new test data should be used to im-
prove the probability model in trunk-based loop closure detection. In
addition, an observation trajectory should be designed, because it af-
fects the loop closure node positions and thus affects the accuracy of the
optimized tree positions and the current pose.
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