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ABSTRACT:
Terrestrial Laser Scanning (TLS) is an effective tool in forest research and management. However, accurate estimation of tree parameters still remains challenging in complex forests. In this paper, we present a novel algorithm for stem modeling in complex
environments. This method does not require accurate delineation of stem points from the original point cloud. The stem reconstruction
features a self-adaptive cylinder growing scheme. This algorithm is tested for a landslide region in the federal state of Vorarlberg,
Austria. The algorithm results are compared with field reference data, which show that our algorithm is able to accurately retrieve the
diameter at breast height (DBH) with a root mean square error (RMSE) of ∼1.9 cm. This algorithm is further facilitated by applying
an advanced sampling technique. Different sampling rates are applied and tested. It is found that a sampling rate of 7.5% is already
able to retain the stem fitting quality and simultaneously reduce the computation time significantly by ∼88%.

1. INTRODUCTION
Terrestrial Laser Scanning (TLS) has been established as an efficient tool for acquiring 3D data used for a multitude of applications. For example, Buckley et al. (2008) described the usage of
TLS data in geology, Ghuffar et al. (2013) used TLS data in combination with airborne laser scanning (ALS) data to monitor displacements of a landslide, Zogg and Ingensand (2008) used TLS
for deformation monitoring of a bridge, Martı́nez et al. (2012)
used TLS data to extract building facades, and Eysn et al. (2013)
used TLS data for extracting tree models in a forest. However,
for forestry applications several publications can be found in literature, using TLS data for extracting single tree parameters such
as diameter at breast height (DBH) (Kankare et al., 2015), stem
and branch models (Bremer et al., 2013), tree biomass (Calders et
al., 2015), forest structure (Reid et al., 2014) or the forest terrain
(Moskal and Zheng, 2011), just to name a few.

stem reconstruction is done by a self-adaptive cylinder growing
scheme. This algorithm is tested for a landslide region in the
state of Vorarlberg, Austria. The derived results are compared
with field reference data. The derived stem models will be used
for assessing tree biomass, which will be used as a reference for
calibrating ALS-based biomass regression models (Hollaus et al.,
2009). Furthermore, the derived stem curves will be used as a basis for predicting slope movements leading for example to tilted
or curved tree trunks.
In the following section 2 the study area and the used data are described, in section 3 the developed method for extracting the stem
shape is presented. Finally, in section 4 the results are presented
and discussed in section 5.
2. STUDY AREA AND DATA

The current study is focused on the use of TLS data for deriving forest parameters of landslide-affected forests. Such forests
are often characterized by steep terrain with multi-layered canopy
structure including dense understory, mixed forests and complex
stem shapes. Thus TLS measurements in such forests are still
challenging and often lead to an incomplete coverage of the 3D
forest scene, especially in the upper tree canopy. Additionally,
the measurements are often influenced by wind.

2.1

These facts lead to a limited usability of available approaches,
such as convex hull method (Wezyk et al., 2007), alpha shapes
method (Rutzinger et al., 2010), circles fitting on cross-section
area (Olofsson et al., 2014), and even robust cylinder fitting method
(Liang et al., 2014), which are often applied for managed forests
that are less complex than unmanaged ones.

2.2

Therefore, the objective of this paper is to present a novel algorithm for stem modeling in complex forest environments. The
∗ Corresponding

author

Study area

The study area is located in the federal state of Vorarlberg, Austria
(Figure 1). The study site is inside a small forest over the main
body of a landslide. The ground condition is complex featuring steep terrain, dense understory and dead tree branches. Tree
stems are overall curved due to the effects of soil movements.
The dominating tree species is Norway spruce (Picea Abies).
Study data

The TLS was carried out using a Riegl VZ-2000 (RIEGL Measurement Systems, Horn, Austria) in October 2015 under leaf-on
conditions. Table 1 shows basic specifications of the scanner. It
was not possible to set up the scanner from various directions
because of the difficult terrain conditions. In total, seven scans
were conducted in order to achieve a good TLS point coverage
of all trees (Figure 1). Several trees were covered by TLS multiscanning, whereas some were only measured from one scanning
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Figure 1. Study region in the state of Vorarlberg, Austria. The red rectangle covers a small transection which approximately equals to
an area of 31 m × 19 m. The blue dots indicate the locations of seven TLS scans.
position. The seven scans were registered using Riegl’s RiSCAN
PRO software (http://www.riegl.com). The registered data was
partitioned according to a defined polygon to cut off the points
distributed outside the study site. No sampling or filtering was
applied to original data at this stage. In total, more than 200 million points were exported.
In addition to the TLS measurements, the DBH (i.e. diameter at
the height of 1.3 m above ground) of 27 trees were manually measured using a measuring tape and were served as reference data.
The average DBH in this study site is 32.8 cm and the standard
deviation is 14.3 cm.
Table 1. Specifications of the scanner Riegl VZ-2000
Specifications

Riegl VZ-2000

Max. vertical field of view (◦ )

100

◦

Max. horizontal field of view ( )

360

Accuracy (mm) at 150 m range

8

Points per second (max)

296000

Beam divergence (mrad)

0.3

◦

Max. resolution ( )

0.0015

3. METHODS
3.1

Terrain Points Removal

The terrain points are estimated and removed firstly. In this paper,
the determination of the digital terrain model (DTM) is done by
a hierarchical approach (Pfeifer and Mandlburger, 2009). Starting from a thinned point cloud (lowest points within 3 cm raster
cells), the lowest points within 4 × 4 m2 raster cells were used
for a robust moving planes interpolation. For filling the gaps in
the derived model a triangulated model is used, which is derived

from the lowest points within 4 × 4 m2 raster cells. The derived
elevation model is used for normalizing the elevations of the point
cloud.
3.2

Stem Detection

Stem detection delineates and labels the point cloud into different trees, thus is important for the latter stem fitting procedure. At
the same time, it is also a challenging task because the geometry
of tree stems and the point density can vary significantly. Normal vectors have been proven to be a promising technique to find
points that belong to a stem in the forests (Liang et al., 2012). A
point with a small z-component of its normal vector usually lies
on a vertical structure. Nonetheless, the estimated normal vectors
in complex environment can be implausible. For example, miscellaneous branches will affect the calculation of normal vectors
and aggregated foliage points could lead to a ’false’ structure.
Stem points are generally distributed vertically in space, thus
when projecting them onto horizontal plane, the corresponding
cells will have larger density than others (Figure 2). Such property allows the separation of stem points from other points. Olofsson et al. (2014) used a similar strategy for circles detection with
Hough transformation. In complex forests, a potential issue is
that tree stems are not rigorously vertical. The projected points
may not perfectly form a circle, which poses a problem for circle
detection. Furthermore, branchy and leafy trees will also result in
plenty of points around the stem when projecting the point cloud.
It is difficult to separate points associated with branches and leafs
from the stem solely based on projected cells.
In this paper, we combine the normal vector and projection density method to preliminary estimate the stem locations. To simplify the processing, we only use points between 2 m and 4 m
above the ground to detect the stem. Such a subsection will also
diminish the impacts from dense low vegetation and tree crowns.
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Figure 3. (a) Point cloud of a height section. (b) RANSAC cylinder fitting. (c) Direct cylinder fitting.
In this study, we apply the RANSAC algorithm to the cylinder
fitting problem. RANSAC is able to identify inliers and outliers,
thus diminish the impact of outliers (Figure 3). When solving the
nonlinear least square fitting problem for cylinder, 7 points is the
minimum amount of points that is required to achieve a unique
solution (Beder and Förstner, 2006). Therefore, for each iteration, 7 points are randomly selected to generate a unique cylinder.
P = 1 − (1 − (1 − )m )M
where
Figure 2. Point cloud around a tree projected onto horizontal
plane with 2 cm × 2 cm cells.
We firstly calculate the normal vectors from locally approximated
planes. Then, all points are projected onto the horizontal plane
with 2 cm × 2 cm cells. Instead of counting the amount of points
in each grid, the average absolute z-component of normal vectors
divided by the amount of points is assigned to each cell. As mentioned before, one would expect a small z-component value and
a large quantity of points if the majority of points are from a vertical structure. Therefore, the calculated new value that assigned
to each cell should be significantly small if the grid belongs to
a tree stem. A proper threshold is selected to remove grids with
large calculated value.
Our method assumes that at least part of the stem points are recognized and grouped. Given that, we can simply enlarge the x-y
extent of every group by a certain factor (e.g. a factor of 1.5
in this study) for every group, to retain all surrounding points
from the point cloud if only parts of the stem are detected by
the aforementioned approach. The range extension will probably
also incorporate points from branches, foliage and even understory. Nonetheless, our subsequent stem modeling technique is
able to eliminate such effects.
3.3

Stem Reconstruction

3.3.1 Starting cylinder In a preparation step, each stem is divided into height sections. We chose 20 cm as the section height
because a large value will not be able to retain the actual stem
shape if the stem does not grow vertically. The section that contains the most points is selected as the starting section.
When modeling tree stems, cylinder is the frequently used geometric primitive (Markku et al., 2015; Kelbe et al., 2015). In view
of this, we also fit circular cylinders to stem points. Thus, the critical question is how to achieve a robust cylinder fitting. Liang et
al. (2012) and Liang et al. (2014) applied Gaussian mixture error model and re-weighted method to solve the non-linear least
square problem. Meanwhile, the RANdom SAmple Consensus
(RANSAC) (Fischler and Bolles, 1981) algorithm was also explored to acquire a robust fitting, although it was applied to circle
fitting for stem cross sections instead of cylinder fitting (Olofsson
et al., 2014).

(1)

P = the probability to achieve a good model
 = percentage of error points in data
m = minimum amount of points required
M = minimum number of iterations

The frequency of iteration that is required by the RANSAC algorithm is given by formula 1. In this study, 487 iterations are
needed in order to achieve a good model at the probability of
99.9999%.
In each iteration, the distances between all points to the cylinder
are calculated. We define an asymmetric distance to identify inliers and outliers (Figure 4). The asymmetric thresholds are set
because LiDAR pulses are not able to penetrate into stems, thus
no points should be spread inside the cylinder. Therefore, the fitting can be regarded as geometric primitive inscribing. However,
this assumption often does not hold under certain circumstances,
such as due to co-registration error, textures on tree barks, long
ranges or wind effects. In this regards, we set a 1 cm distance
criterion inside the cylinder and a 2 cm limitation outside the
cylinder. Further, the amount of points inside should be less than
20% of the points outside. Such asymmetric thresholds are useful to prevent the common overfitting issue when direct giving an
asymmetric limitation, such as ± 2 cm (dotted circle in Figure
4). Consequently, we consider an inner cylinder (Figure 4). This
simple idea is also an effective way to eliminate the impact of
branches and leaves. One can conceive a cylinder that always fits
itself inside the tree stem, thus is unaffected by branches or any
points that away from tree stems.
After all iterations, the cylinder that contains the largest number
of inliers will be selected as the determined cylinder. The radius
of the determined cylinder is then enlarged by 0.5 cm to compensate the asymmetric distance threshold (Figure 4). It is worth
mentioning that, such compensation is more likely because of the
tree bark or the texture on the stem surface, not the deficiency
of our algorithm. The asymmetric thresholds enforce the fitted
primitive lies inside the stem points (i.e. inscribing), which is
plausible because in practical, laser pulse cannot penetrate into
stem.
3.3.2 Cylinder Growing Once the starting cylinder is determined, a cylinder growing strategy is applied. A set of candidate
cylinders are generated to represent the next section of the tree.
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Figure 5. (a) Cylinder smoothing with moving windows. (b)
Truncated cone.

Figure 4. Plan view of cylinder fitting. Dotted circle stands for
the over-fitted cylinder.
The stem radius is decreased in 5% steps down to 80% for upper
parts, and increased until 150% in the same way for lower parts,
based on the assumption that tree stem will be thinner in higher
parts. The axis is rotated by 20% of local maximum deviation angle allowance in the vertical direction until reaching such maximum allowance, which is determined proportionally to the height
of a section. A maximum 20-degree shift is allowed for the lowest part. This criterion is plausible because tree stem tends to be
straight in the top. After the vertical shift, a 360-degree rotation
on the horizontal plane is followed for the stretched vertex, with
30 degrees each time. The criterion of finding qualified points
is the same with the starting cylinder fitting procedure. Similarly, the best candidate is determined as the one retained the
most amount of inlier points. The cylinder growing is stopped
on the upper part of the tree where not enough points exist, and
downwards until reaching the ground.

cloud will speed up the processing while at the same time retain the quality of stem reconstruction. Point cloud sampling was
performed with a sampling routine presented in Puttonen et al.
(2013), namely leveled histogram sampling. The routine was
selected based on its speed and effectiveness. The leveled histogram sampling aims to collect scanned points evenly from a distribution describing the point cloud with a selected metric. Here,
the 3D distance of the points from the scanner was used. The
algorithm requires two control parameters, the sample size and
histogram bin width. For bins with high point number, the point
selection is performed in uniform fashion as individual points are
not assumed to have critical information in them. Bins with low
number of points are included as such. The total number of selected points in all bins will correspond with the required sample
size in the end.
In this study, 100 histogram bins were selected. These corresponded approximately to 0.40 m bin widths on average for the
tested scans. Sampling times varied from 5 to 13 seconds for the
tested sampling ratios from 0.5 to 50%.
4. EXPERIMENTS AND RESULTS

3.3.3 Post Processing The cylinder fitting and growing allow
the reconstruction of each tree stem with cylinders in every 20 cm
section. The fitting is robust in terms of disturbances of points
from branches, leaves or random noises. However, the cylinders
may not be well sealed at the section connection parts (Figure 5).
We apply a moving technique to further smooth the connection
parts.

10 rounds of algorithm running were tested, for data with sampling rate of 0.5% to 100% (Figure 6). The overall results are
demonstrated in Figure 6. The computation time and number of
reconstructed trees are normalized to full data processing time
and 27 trees, respectively (left axis in Figure 6). An overview of
reconstructed tree stems in the test field in shown in the Figure 7.

Figure 5 shows the scheme of moving window processing. A
window with 20 cm height is moving to the connection part of
two cylinders. Such a window will contain part of the data from
section 1 and part from section 2. All contained data are tested
against cylinder 1 and cylinder 2, respectively. The radius of one
of the two cylinders which better fits all contained data will be
selected. For example, in Figure 5, the cylinder 1 fits the data in
the window better than the cylinder 2, thus its radius is chosen for
this node. In this way, a truncated cone (Figure 5) is generated to
replace the original cylinder. Therefore, each node at every 20 cm
height is described by it spatial location and an assigned radius.

Due to the fact that stem detection significantly depends on the
data density, and the thresholds used in the detection algorithm
vary from each dataset, therefore stem detections are done separately. The computation time is thus only considered for stem reconstruction part, with same parameters and processing applied.
Meanwhile, we only compare the results of DBH in this study.
The average root mean square error of DBH compared to manual
measurement is 3.7 cm, while the average median error is 1.2 cm,
with the algorithm results smaller than field data. Trees with significant errors, e.g. the 3σ rule, are marked as detection failure
and excluded from comparison.

3.3.4 Sampling Technique LiDAR point cloud usually contains a large amount of data. How to efficiently process them
is still a challenging task. In this study, we further integrate
an advanced sampling method to test whether sampling of point

5. DISCUSSION
We have mentioned before that our method is specifically designed to overcome the difficulties when dealing with complex
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Figure 6. Results of stem detection and reconstruction for data with 10 sampling rates.

Figure 7. Overview of reconstructed stems in the test site.
environments. For example, in the forest with translational landslide activities, tree growths are affected by the soil movement.
The growth anomaly is reflected on stem shapes (Figure 8) and
cross-sections (Figure 9). Subsequently, the stem detection becomes a demanding task. Further, the irregular shapes make the
stem reconstruction more difficult.
The advantage of our RANSAC based cylinder fitting strategy is
that it does not require accurate stem delineation, which is a difficult task in complex environments. The robust inner cylinder
fitting (Figure 4) is able to eliminate the effects from branches
and leaves. Figure 9 shows an example of a small curved tree in
our study site. The stem points are only roughly delineated and
some low vegetation and small braches are still retained. However, the stem reconstruction works well and is not affected by
outliers. In addition, the irregular shape of the stem is successfully and smoothly restored. This is because our cylinder growing
strategy always takes the advantage of the previous robustly determined cylinder, beginning from the starting cylinder which is
determined by the RANSAC algorithm.
The results shown in Figure 6 indicated that a sampling rate at
7.5% achieved the best reconstruction quality in terms of RMSE
error of DBH with 1.9 cm. The median errors are overall persistent, whereas the RMSE errors are increasing surprisingly when

Figure 8. Tree grow anomaly induced by translational landslides.
more data than 7.5% are involved in the calculation. This indicates that some large DBH deviations occur when more data are
used. This could very well originate from the reason that more
random noises are included inside the tree stem, and yet our algorithm is tending to find the inner cylinder inside the stem points
(Figure 4). We further introduced a criterion that the amount of
points inside should be less than 20% of the points outside. Such
a criterion is set because theoretically LiDAR is not able to penetrate into tree stems and no points should be spread inside the
stems. Nonetheless, in fact, points could potentially be present
inside tree stems because multi-scans co-registration errors, wind
effects or random errors. Therefore, if the amount of points inside

This contribution has been peer-reviewed.
doi:10.5194/isprsarchives-XLI-B3-411-2016

415

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLI-B3, 2016
XXIII ISPRS Congress, 12–19 July 2016, Prague, Czech Republic

Our tests with different sampling rates show that the combination
with a proper sampling technique will significantly reduce the
processing time, while at the same time retain the reconstruction
quality. LiDAR usually provides a large amount of points which
may be redundant for certain applications. Hence, a data reduction method such as down sampling, seem in general advisable to
promote the processing efficiency.
6. CONCLUSION

Figure 9. 2D representation of a tree stem cross-section and cylinder fitting. The red circle stands for direct fitting and the yellow
one is the inner one that determined by our algorithm.
a tree stem is too large, our algorithm tends to underestimate the
DBH due to the fact that we inscribe an inner cylinder to eliminate the impact from braches and leaves.

In this study, we present a novel tree stem detection and reconstruction method in complex environments (i.e. canopy structure,
steep terrain, amount of undergrowth, occlusions of the TLS point
cloud, shaped tree stems). Our method only requires a rough estimation of stem locations, which can be done automatically based
on normal vectors and point projection density. The RANSAC
based method is able to cope with the effects of tree branches,
leaves and other outliers. A robust cylinder growing strategy is
developed to restore the actual shape of tree stems. This algorithm is tested for a small forest in a landslide area. A further leveled histogram sampling method is also tested. We found that for
the test dataset, a sampling rate at 7.5% achieved the best result
with RMSE of DBH of 1.9 cm. In the meanwhile, the calculation
time is reduced significantly by 88%.
We further addressed some difficulties and limitations of our algorithm, in modeling tree stems over landslide regions. In the
form demonstrated here, our method tends to slightly underestimate the diameter because we inscribe a cylinder inside the
stem points, whereas the actual shape of tree stem could deviate from circular cylinder, especially in landslide region where
the soil movement changed the wood formation mechanism, thus
induced tree growth anomaly. Next development step of our approach should be focusing on dealing with such growth anomaly
on cross-sections.
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Figure 10. Example of one reconstructed tree stem.
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