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1 Unité Biogéochimie des Ecosystèmes Forestiers (BEF), Institut national de la recherche agronomique (INRA), 54280 Champenoux, France
jan.hackenberg@nancy.inra.fr

2 Laboratory of Forest Inventory (LIF), Institut National de l’Information Gographique et Forestire (IGN), 54000 Nancy, France

3 Office national des forets (ONF), 54000 Nancy, France

4 Laboratoire d’etude des Ressources Foret - Bois (Lerfob),Institut national de la recherche agronomique (INRA), 54280 Champenoux, France

Abstract

Quantitative structure models are geometrical representations of the above ground woody tree components derived
from high resoluted terrestrial Lidar point clouds. The QSM building methods are complex and sensitive to both
varying point cloud conditions as well as to different tree architecture. In respect to this sensitivity the methods tend
to require the adjustments of various user parameters. Higher dimensional parameter sets are difficult to set up by an
unexperienced user without expert knowledge. We present here an advanced version of a previously published method
in which all user parameters are estimated by the computer. Only such an approach enables efficient processing
on a large amount of trees in a pipeline scenario. Validation of the method’s results will be presented, relying on
destructively harvested data of 76 trees distributed among various species.

1 Introduction

Terrestrial laser scanning is used since the beginning of the millennium to extract tree or forestry plot variables
with computational geometry methods from high resoluted point clouds (Pfeier et al. [1]). Recent development in
the field of computational forestry revealed the capability of methods to extract an accurate and complete geometrical
description of stem and crown architecture (Côté et al. [2]. Raumonen et al. [3], Hackenberg et al. [4], Delagrange
et al. [5], Wang et al. [6], Mei et al. [7], Bournez et al. [8]). In forestry output data of those methods are commonly
named quantitative structure models (QSMs) which tend to consist of thousands of topologically ordered cylinders
per tree. In case the QSM quality is proven accurate by a comparison to destructively harvested ground truth volume
(Hackenberg et al. [9], Calders et al. [10]) the models can be used in various ways. Single branch parameters can
be extracted (Hackenberg et al. [4]) and biomass distribution among a tree can be analyzed (Calders et al. [10]).
The merchantable wood definitions vary in respect to different industry requirements. In general merchantable wood
is considered either the stem or combined stem and branch volume of all compartments up to a certain minimum
diameter (∼ 7 cm). The functionality required to build adaptable and simple functions to extract such tree components
from a QSM has already been applied (Hackenberg et al. [11]).

Extracted tree architectural parameters can be used to both predict tree species (Åkerblom et al. [12]) as well as to
build computational forests filled with natural varying artificial trees (Potapov et al. [13]). The latter approach relies
on stochastic structure models (SSMs) derived from QSMs. Forest growth related time series analysis can be applied
(Sheppard et al. [14]). In contrast to traditional measurement techniques with the here-on presented method hundred’s
or even thousands of accurate measures per tree can be performed within minutes. Insight into traditional forestry
research areas like the pype model theory (Shinozaki et al. [15]) or metabolic scaling theory (West et al. [16]) can be
gained by collecting and processing TLS data time and cost efficiently (Hackenberg et al. [9]).



2 Rationale

QSM methods tend to have a rather high dimensional parameter space leading to possible errors and bias by
wrongly performed user adjustment (Bournez et al. [8]). Optimal algorithm parameters are expected to vary according
to the tree architecture, to plot conditions as well as to the point cloud properties.

Different tree architecture as well as varying point cloud quality require the adjustment of the parameters. On
plot level data both different tree species as well as varying point cloud cover have to be expected thus requiring a
machine based parameter search to allow a fully automatic processing. The SimpleTree approach (Hackenberg et al.
[9]), based on the point cloud library (PCL) (Rusu and Cousins [17]) has been recently upgraded to satisfy those
requirements. The original code was transferred and extended as a plugin of the open source platform Computree
(Othmani et al. [18]). Rather than relying on user given parameters the modeling step estimates the best parameter set
by minimizing a common geometrical attribute, i.e. the squared euclidean distance between the cloud and the model,
in a least squares sense.

3 Data description

A database of 76 trees was used to train and validate the software module. It includes an open data set of 36 tree
firstly published in Hackenberg et al. [11] as well as 40 trees from Dassot et al. [19]. The database consists of mature
trees of 10 species. Both conifers (i.e. Pinus massionana (12), Pinus halepensis (1)) and hardwoods (i.e. Q. petraea
(29), Robinia pseudoacacia (4), Quercus pubescens (2), Fraxinus excelsior (4), Betula pendula (4), Tilia cordata (3),
Erythophleum fordii (12) and Alnus glutinosa (5)) species are included. All trees have been scanned from at least four
positions and above ground biomass and tree specific density were measured destructively, enabling the computation
of corresponding ground truth volume. The point clouds were extracted manually with the open source CloudCompare
software cc [20]. The data set included both leaf-off and leaf-on trees, most of the later being evergreen tree species.
To account for noise introduced by leaves or needles, two manually-controlled filters were applied for pre-processing
: PCL’s statistical outlier filtering as well as an unsupervised machine learning step based on Belton et al. [21] and
Rusu et al. [22] have been used to de-noise the tree clouds. Both filters are public available as well in the utilized Beta
32 of the SimpleTree plugin. Manual preparation of input data was already performed by Wang et al. [23] to assure a
minimal interference external errors caused by fully automatized processes.

4 Method description

4.1 General method description
The implemented algorithm is an advanced version of the so called sphere-following method described in Ja-

yaratna [24], Hackenberg et al. [9], Hackenberg [25]. The method is initialized at the cross sectional area of the stem
at the root of the tree, e.g. the lowest points of the tree cloud. Into this cloud slice a circle is fitted with the Maximum
Likelihood Estimation Sample Consensus (MLESAC) (Torr and Zisserman [26]) algorithm. The circle is enlarged
and transformed to a sphere. As the sphere is larger than the underlying stem segment, the intersection of the sphere’s
surface with the point cloud is a subcloud representing another cross sectional area of the stem. Into this subcloud a
new circle can be fitted and the procedure is repeated recursively. Two successive circles can be combined to build a
finite cylinder. The firstly detected circle’s center point is used as the start point of the cylinder. The second circle’s
center point defines the end point and its radius is utilized as the cylinder radius. In case a branch junction is reached
on the sphere’s surface multiple cross sectional areas are included. Euclidean clustering (Rusu and Cousins [17]) is
used to extract each single cross sectional area. The largest cluster is processed first, the circles fitted into the other
clusters are stored in a first-in-first-out (FIFO) queue to be processed later. After a sphere is processed, the points con-
tained inside the sphere are removed from the cloud to prevent the algorithm from jumping back and forth infinitely.
The recursion stops as soon as no more cross sectional areas are detected, e.g. the search sphere reaches the tip of a
branch.

Before the method is performed the major stem and branching structure is detected as discussed in Hackenberg
et al. [9]. This enables the method’s parameter adjustment to account for cylindrical objects with either a larger or a
smaller diameter.
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The topological tree structure is build and we perform three structural corrections if needed, in detail discussed
in Hackenberg et al. [9] (section Appendix D.1). The corrections can be referred to as ”removal of wrongly detected
cylinders”, ”geometrical correction of branch junction cylinders” and ”median diameter check between two branch
junctions”. In a second optimization procedure the initial detected cylinders are allocated with their closest points.
The cylinders are refined with a 3d MLESAC cylinder fit on those points.

A solution to find estimates of branches in highly occluded areas where only a partial point cover exists we rely
on a point density approach which we implemented unoptimized as published in Côté et al. [2].

4.2 Parameter discussion
The sphere following method relies on six parameters which are difficult to manually optimize. The factor with

which the circle’s radius is enlarged to the sphere radius (SphereMultiplier). The euclidean clustering relies on two pa-
rameters to subdivide the points on the sphere surface and build single cross sectional areas (epsClusterStem, epsClus-
terBranch). The choice of threshold is dependent from the previously mentioned stem and branch point detection.
The thickness of the sphere surface used to extract cross sectional areas (epsSphere). The distance to the fitted circle
for inlier points to be counted (circleInlierDistance) (Torr and Zisserman [26]). A minimum radius for the search
spheres to prevent the fitting into too small cylinders (minRadiusSphere). In the later applied cylinder refinement two
additional parameters are refined. The number of cylinder merges (numMerges) is optimized as well as the inlier
distance for the cylinder MLESAC fit (cylinderInlierDistance).

The six spherefollowing paramters can interact with each other. As an example the sphere radius is a product
of the previously fitted circle radius and the SphereMultiplier parameter. When this sphere radius is smaller than the
minRadiusSphere it replaced by minRadiusSphere. The interaction between SphereMultiplier and minRadiusSphere is
easy to understand. Now a varying sphere surface thickness epsSphere will influence the sample size from which the
next circle is estimated. As the sample size always has an impact on the fitted circle radius (and position), the sphere
radius resulting from the fit is influenced as well. For the other parameters the influence on the spheres positions
could be shown as well, but as the optimization is done by the machine, the user does not need to understand the full
interaction.

We like to describe a best configuration of spheres reached by an hypothetical best parameter set in an informatic
sense. A mathematical abstraction of a tree is the geometrical skeleton of the tree. In its simplest form it consists
of edges which are connected via their vertices. Those vertices represent the branch junctions. The combined set of
search spheres does need to include search spheres located on each on of those edges to perfectly describe the edges,
e.g. branch segments. This best case will never be reached due to the tree complexity, but on average the optimization
will reach a sphere cover close to this best case configuration. We will later see that the optimization will give the
branch junctions of the lower branch order a higher weight than over those representing the twigs.

The lastly applied cylinder refinement relying on the number of cylinder merges numMerges and the MLESAC
inlier distancecylinderInlierDistance can be considered independent, because it can be used also to improve the results
of other QSM methods. In our opinion this is especially interesting for methods fitting the tree skeleton and extrapo-
lating a single DBH measurement amongst the complete skeleton via Pypemodel theory related formulas (Côté et al.
[2], Delagrange et al. [5]).

4.3 Parameter Optimization
The computer has to evaluate the quality of different QSM models numerically to enable a parameter search

performed by the machine. An error term function in the field of optimization evaluates a relation between input and
output data. In the field of QSM building methods this can obviously be a global distance measurement between the
terrestrial point cloud and the resulting cylinder model. In Hackenberg et al. [9] for that purpose for each point pi the
minimal euclidean distance disti to the complete cylinder model was computed. The average of all points’ distances
was utilized as a model quality measurement. The larger this average distance, the worse the parameter set used for
building the model is qualified. Here-on we will rely on the minimization of the average squared distance rather than
minimizing the un-squared average distance

error =
1
n

n∑
n=1

disti2. (1)
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The optimization of the parameters is done using the Downhill Simplex method (Nelder and Mead [27]). The
method is capable of finding a parameter set with a local minimal cloud-to-model distance time efficiently minimizing
the impact of the dimensionality of the parameter space. It is however sensitive to the quality of required initial
parameters as it can also converge towards a non global but local minimum of the parameter space. The closer the
start parameter set is to the best possible configuration, i.e. the global minimum of the parameter space, the more
likely the founded local minimum equals the global minimum. Under the assumption that equation 1 is the best
numerical predicate for the fitting quality the global minimum corresponds to the best possible model in respect to the
applied method and the input data.

4.3.1 Finding initial values for the Spherefollowing method
A QSM describing stem and lower branch order in an acceptable way can be computed by applying non sensitive

thresholds. Non sensitive thresholds tend to be stable for larger components but will cause errors in the higher branch
order. A parameter set resulting in a QSM which already captures the lower branch order in an acceptable manner can
be considered a good parameter set for initializing the Downhill Simplex method.

The search spheres radii are dependent from the underlying branch or stem segment radius which tend to be large
for the lower branch order. As a consequence of the large sphere radii the distance between the cross sectional areas
is large as well and the clustering threshold epsClusterStem can be initialized with larger values as well. EpsClus-
terBranch needs to be initialized with smaller values as more cross sectional areas are expected in the same space
in higher branch orders. Both are dependent from the point cloud quality which can be described with the clouds’
average point to point distance µ and the standard deviation σ of the complete cloud distances. We developed em-
pirically formulas two derive three initial values to be tested for those two parameters. The sphereMultiplier and the
epsSphere can be tested with three hard coded values. The minRadiusSphere and circleInlierDistance do not need to
be tested at all, based on knowledge of previous works we initialize with fixed values. In table 1 all six parameters are
summarized with their initial values.

parameter start value
EpsClusterBranch n × (3 × (µ + 2 × σ)), n ∈ 1, 2, 4

epsClusterStem n × epsClusterS tem, n ∈ 1, 2, 4
sphereMultiplier 1.75,2,2.25

epsSphere 1,2,4
circleInlierDistance 3
minRadiusSphere 7

Table 1: Summary of possible parameter values for a save initiation of the Spherefollowing method.

We can build 81 combinations out of the described parameter values and test all 81 QSMs with our error term -
we perform a brute force voxel grid search.

4.3.2 Optimizing initial values for the Spherefollowing method
The best selected parameter set will be passed to the Downhill Simplex method for initialization. Here all six

parameters are treated equally, e.g. none will be fixed during the optimization. The Downhill Simplex method is
designed to move steadily from its start position to the next minimum in the parameter space. In our application this
means that the parameters will be adjusted to generate a QSM describing the lower branch order as well the higher
branch order in an acceptable manner.

Larger branch junctions though have a larger surface area, ergo are represented by more points. A larger branch
junction has therefore a natural larger weight in function 1 than smaller junctions being represented by only few points.
The fact that larger wood components are better optimized can be seen beneficial for most forestry applications.
The work flow of the Downhill Simplex method, being a fundamental optimization algorithm, is well described in
informatics literature. For our implementation we did rely on the description given by Press et al. [28].
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4.3.3 Refining the cylinder fit accuracy
Another parameter optimization follows, after the initial cylinders detected by the spheres are generated and

have been preprocessed. The positioning of cylinders has already been done by the Spherefollowing method. In
case tree parts are not represented well by points due to occlusion effects, fitting stability can be gained by merging
cylinders to increase the number of representing point. Cylinders contained in one segment are merged zero, one
or two times. The merged cylinders are then allocated with their nearest points. The nearest points of one cylinder
are used to perform a 3d MLESAC cylinder fit. This cylinder fit relies on one parameter, the cylinderInlierDistance.
The cylinderInlierDistance, e.g. the pendant to the circleInlierDistance, is initialized with 1,2,3,4,5 cm. Both the
cylinderInlierDistance as well as the number of merges are optimized in a grid search. The cylinder optimization
serves to improve estimated diameters. A statistical tool called allometric improvement (Hackenberg et al. [9]) is
finally used to correct wrongly fitted cylinders. The tools works deterministically and is parameter independent.
Obviously a statistical correction works best when the data quality is high, so the quality of the statistically improved
model in majority relies on the quality of a good geometrical fit.

5 Results

After preprocessing the input clouds with Beta 32 of the SimpleTree plugin the QSMs were build fully automati-
cally in a pipeline. Comparison to the destructively derived reference data reveals that the QSM models underestimate
the ground truth volume systematically with ∼ 5.20%. For a linear model between field and TLS data an adjusted
coefficient of determination (r2

ad j.) of 0.98 was calculated. We computed as a third common error measurement the
relative root mean squared error (rel. RMSE) of ∼ 17.73%. All quality measurements can be viewed in figure 1.

●●
●
●●

●●
●●●●●

●●

●

●

●●●
●●●

●
●

●●
●
●●●
●●

●
●●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●●●

●

●●
●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

Comparison TLS vs GT volume

no correction

VolumeField(m3)

V
ol

um
eT

LS
(m

3 )

0 5 10 15

0
5

10
15

rel.  RMSE(%)  41.160
adj. r^2               0.925
total error(%)    15.638
linear model 
1:1 line

●●●
●●

●●
●●●●●

●●

●
●●●●

●●●●
●

●
●●●●
●

●●●●●●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●●●

●

●●●
●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

Comparison TLS vs GT volume

allometric correction

VolumeField(m3)

V
ol

um
eT

LS
(m

3 )

0 5 10 15

0
5

10
15

rel.  RMSE(%)  17.734
adj. r^2               0.984
total error(%)    −5.195
linear model 
1:1 line

Figure 1: Comparison between QSM and field volumina. On the left is the uncorrected QSM, on the right the results include a statistical correction
routine.

Without the allometric correction the prediction quality is worse. Here the rel. RMSE is 41.16, the r2
ad j. 0.93 and

and overestimation of 15.64% has to be faced. Additionally we produce results for the same procedure, but replacing
the MLESAC routine for circles and cylinders with the random sample consensus (RANSAC) routine Fischler and
Bolles [29] as previously published. Numerical results of those modelings can be taken from table 2. We included a
runtime of the total pipeline on a workstation with an Intel(r) Xeon(R) CPU E5-1650 v3, 3.5GHz, 6 Core processor.
We know that each tree is modeled ∼ 300 times during the optimization process. Each QSM which is tested internally
during the optimization build from one parameter set is modeled on average in less than a second.
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Fit method statistical correction rel .RMSE (%) total error (%) r2
ad j. total runtime (h)

RANSAC no 35.364 8.067 0.930 4
RANSAC yes 20.740 -7.817 0.981 4
MLESAC no 41.160 15.638 0.925 5
MLESAC yes 17.734 -5.195 0.984 5

Table 2: Summary of QSM results comparing both the fitting method as well as the influence of the statistical correction.

6 Discussion

In previous works Hackenberg et al. [9] we already published a less advanced version of a parameter search. Start
parameters needed still to be given by the user and the optimization routine was an iterative, random brute force search
in a close neighborhood of the previously found best parameter set. In the SimpleTree standalone software manuscript
the start parameters were given by the inventor of the method having a ∼ 3 years experience of interacting with the
methods’ parameters. For the Q. petraea data set an in depth analysis was presented depicting that the r2

ad j. of the linear
model between field and QSM data could be increased from 0.75 - models build with the unoptimized parameter sets
- to 0.85 after parameter optimization. The overall r2

ad j. reached in Hackenberg et al. [9] for a combined data set of
101 trees was 0.91. Here we present validation on a data set of 76 trees. While being slightly smaller it contains more
tree species. More species mean more architectural variation which results in a more complex task to model. The r2

ad j.
is with a value 0.985 significantly higher then the one reached by the SimpleTree standalone software. The increase
in the r2

ad j. is in our opinion too large to be explained by a random effect caused by the changing data set.
Both the old and the new approach depict a bias. In the SimpleTree standalone software an overestimation bias of

8 % was encountered while we face today an underestimation of 5 %. As no RMSE was given in Hackenberg et al.
[9] we do not have a comparison value for this error measurement.

We conclude that our advances in the parameter optimization lead to a better QSM quality as both comparable
error measurements show beneficial changes in comparison to our previous work. Our change in the error term is
also in agreement with other publications in the field of computational geometry Mitra et al. [30]. Minimizing the
squared distance is the most common approach in case no wrong measurements are included in the data. Also the
minimization algorithm itself is an accepted and commonly used one. It is both designed and proven to find the next
reachable minimum from a starting position.

Another QSM building method which is both available for public usage as well as accurately validated on destruc-
tively harvested ground truth data is the one published in Raumonen et al. [3, 31]. The last peer-reviewed validation
of this method was done in a previous collaborative work Hackenberg et al. [9]. Here the Raumonen method reached
an r2

ad j. of 0.97 and a total bias of 8.8 %. Both error measurements are slightly weaker than the one reached in our
advanced approach. We still recommend using both approaches parallel if possible. If QSM’s from both methods on
the same data are in agreement with each other but deviate from ground truth it can be seen as an indicator for either
corrupt input data or ground truth. All other QSM building methods mentioned in section 1 have not been validated
on destructive volume measurements from a larger number of harvested trees.

Additionally to the accuracy improvements we consider the increase in automatism capabilities of major impor-
tance. Having all parameters being predicted by the machine enables the modeling of trees with varying point cloud
cover, varying tree architecture and varying size without having to adjust the modeling parameters.

The necessity of robust estimators for processing forestry plots is briefly discussed in Kankare et al. [32], a state-
ment which we agree on. For forestry application also specialized robust estimators have been developed (Olofsson
et al. [33]). We changed since our previous works (Hackenberg et al. [9]) the robust estimator method for circles and
cylinders from the original random sample consensus (RANSAC) (Fischler and Bolles [29]) to MLESAC. In contrast
to RANSAC, MLESAC methods optimize the maximum likelihood between the model and the model inliers via an
expectation maximization (EM) step. The EM step tends to utilize only 2 or 3 iterations. Our results show, that the
results are computed slower, but are more reliable with MLESAC. This is at least the case after applying the allometric
correction. Without the correction the RANSAC routine is superior in all three error-measurements making a final
judge call on the impact of the fitting routine more difficult. A potential explanation might be that the EM step fits in
majority better circles and cylinders, but can sometimes result in completely wrong fits which can be corrected more
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easily. We recommend using the MLESAC routine, but give in our implementation the user the choice to decide for
RANSAC.

While our optimization routine allowed significant improvements of the results, both the geometrical modeling
and allometric correction routine could be improved. We found out in Hackenberg et al. [11] that twigs tend to be
hugely overestimated. We also give results of the statistically unimproved QSM’s, but as all error measurements depict
worse model results a statistical improvement is still recommended. This is in agreement with research published by
other teams. Calders et al. [10] utilized traditional taper functions to correct wrongly fitted cylinders. We found out in
Hackenberg et al. [9] that the allometric correction can be considered superior to the taper approach. We are aiming
for another submission discussing benefits and downsides of two different statistical correction approaches. In case
no statistical correction is desired, a free tool from the AMAPstudio software suite Griffon and De Coligny [34] can
be used to import SimpleTree output and correct it manually.

We can see on the left of figure 2 a P. massoniana cloud showing few missing regions in the top of the crown.
The corresponding QSM depicted in the middle reveals a minor error in the stem modeling which could be corrected
manually. The QSM on the right of the figure, is the largest and most complex model we produced. It consists of ∼
50 000 cylinders and a manual correction is considered close to impossible at this level of detail.

User critics give a positive perception of our advanced modeling technique, already peer-reviewed visible in
Bournez et al. [8]. They also detected visually a potential underestimation of twigs, which is in agreement with our
total relative error. During development we could rely on a wider range of user feedback to improve robustness,
stability and usability of our plugin.

Figure 2: From left to right: a P. massoniana cloud in its denoised version, the corresponding QSM and the QSM of the largest and most complex
tree in our data set, a 13 m3 Q. petraea.
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[2] J. F. Côté, R. a. Fournier, G. W. Frazer, K. Olaf Niemann, A fine-scale architectural model of trees to enhance LiDAR-derived measurements
of forest canopy structure, Agr. Forest Meteorol. 166-167 (2012) 72–85.

[3] P. Raumonen, M. Kaasalainen, M. Åkerblom, S. Kaasalainen, H. Kaartinen, M. Vastaranta, M. Holopainen, M. Disney, P. Lewis, Fast
Automatic Precision Tree Models from Terrestrial Laser Scanner Data, Remote Sens. 5 (2013) 491–520.

[4] J. Hackenberg, C. Morhart, J. Sheppard, H. Spiecker, M. Disney, Highly accurate tree models derived from terrestrial laser scan data: A
method description, Forests 5 (2014) 1069–1105.

[5] S. Delagrange, C. Jauvin, P. Rochon, PypeTree: A tool for reconstructing tree perennial tissues from point clouds, Sensors (Switzerland) 14
(2014) 4271–4289.

[6] Z. Wang, L. Zhang, T. Fang, T. Mathiopoulos, S. Member, H. Qu, D. Chen, Y. Wang, A Structure-Aware Global Optimization Method for
Reconstructing 3D Tree Models from Terrestrial Laser Scanning Data, IEEE T. Geosci. Remote. 52 (2014) 5653–5669.

[7] J. Mei, L. Zhang, S. Wu, Z. Wang, L. Zhang, 3d tree modeling from incomplete point clouds via optimization and l 1-mst, Int. Jj Geogr. Inf.
Sci. 31 (2017) 999–1021.

[8] E. Bournez, T. Landes, M. Saudreau, P. Kastendeuch, G. Najjar, From tls point clouds to 3d models of trees: A comparison of existing
alogirthms for 3d tree reconstruction, ISPRS Archives XLII-2/W3 (2017) 113–120.

[9] J. Hackenberg, H. Spiecker, K. Calders, M. Disney, P. Raumonen, SimpleTree - An efficient open source tool to build tree models from TLS
clouds, Forests 6 (2015) 4245–4294.

[10] K. Calders, G. Newnham, A. Burt, S. Murphy, P. Raumonen, M. Herold, D. Culvenor, V. Avitabile, M. Disney, J. Armston, M. Kaasalainen,
Nondestructive estimates of above-ground biomass using terrestrial laser scanning, Methods Ecol. Evol. 6 (2015) 198–208.

[11] J. Hackenberg, M. Wassenberg, H. Spiecker, D. Sun, Non Destructive Method for Biomass Prediction Combining TLS Derived Tree Volume
and Wood Density, Forests 6 (2015) 1274–1300.
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