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Abstract: Crown projection area (CPA) is a critical parameter in assessing inter-tree competition
and estimating biomass volume. A multi-layer seeded region growing-based approach to the fully
automated assessment of CPA based on 3D-point-clouds derived from terrestrial laser scanning (TLS)
is presented. Independently repeated manual CPA-measurements in a subset of the stand serve as
the reference and enable quantification of the inter-observer bias. Allometric models are used to
predict CPA for the whole stand and are compared to the TLS-based estimates on the single tree- and
stand-level. It is shown that for single trees, the deviation between CPA measurements derived from
TLS data and manual measurements is on par with the deviations between manual measurements
by different observers. The inter-observer bias propagates into the allometric models, resulting in a
high uncertainty of the derived estimates at tree-level. Comparing the allometric models to the TLS
measurements at stand-level reveals the high influence of crown morphology, which only can be
taken into account by the TLS measurements and not by the allometric models.
Keywords: crown projection area; terrestrial laser scanning; allometric models; inter-observer bias;
forest inventory; stand mapping

1. Introduction
The sustainable and precise management of mixed and uneven aged forest stands in a changing
environment requires an in-depth understanding of inter-tree competition and species mingling effects.
Competition among neighboring trees mainly depends on (1) the tree species; (2) the inter-tree distances
formed by the overall spatial tree pattern in a forest stand; and (3) tree parameters like diameter at
breast height (DBH), tree height, or crown projection area (CPA) [1–4]. The information needed to
assess these aspects is much higher compared to data provided by large scale forest inventories,
despite the fact that catalogues of key attributes surveyed in forest inventories have broadened and
that modern survey networks were developed towards multi-purpose forest inventories [5–7].
Thus, long-term forest monitoring plots still play a crucial role in forest research [8,9].
Traditionally, a full census is carried out on long-term observation plots. This procedure is time consuming,
cost-intensive, and prone to measuring errors [10]. Recorded tree locations are often erroneous because
position, distance, and angular errors propagate in consequence of multiple traverses subsequently aligned
over longer distances [11]. Tree crown measurements in old growth stands are labour-intensive and
imprecise [12] and may be subject to inter-observer bias [13].
Principally, a rapid and automated measurement of objects in the three-dimensional space and the
creation of dense 3D-point clouds at a millimeter-resolution are possible using terrestrial laser scanning
Forests 2018, 9, 237; doi:10.3390/f9050237

www.mdpi.com/journal/forests

Forests 2018, 9, 237

2 of 14

(TLS) [14–17]. Different algorithms for the automatic detection of individual trees in 3D-point clouds have
recently been developed and provide detection rates clearly exceeding 90% [10,16,18,19]. Existing studies on
automatic DBH measurement from TLS point-clouds have reported root mean squared deviations (RMSD)
between measured and fitted DBH values ranging from 0.7 to 7.0 cm [10,18,20–22]. Thus, the operational
use of these techniques for the automated mapping of forest stands can nowadays be justified [10].
TLS has been successfully used for the semi-automatic assessment of single tree crown
parameters [23–26]. However, a fully automatic assessment of CPA is still a challenging task,
especially in vertically structured stands, where individual tree crowns overlap, and in cases of
noisy point cloud data (e.g., due to wind induced movements of the tree crowns). Thus, estimates of
CPA are often derived in practice using allometric relationships between CPA and easy-to-measure
auxiliary variables, e.g., DBH [25]. Fitting such allometric models requires crown data measurements
for at least several sample trees. However, these measurements may be subject to inter-observer
bias [13], so the resulting models may also be biased.
In this research, a multi-layer seeded region growing-based approach is proposed for the fully
automated assessment of CPA based on 3D point-clouds derived from TLS. 3D point-cloud data
were collected via multi-scan TLS in a 4.08 ha forest stand located in the Lower Austrian pre-Alps.
Independently repeated manual CPA measurements for a sub-sample of trees serve as the reference
and enable quantification of the inter-observer bias.
We hypothesize that the proposed automatic method of CPA estimation outperforms standard
allometric equations, even when calibrated to local data. In addition, the novel technique avoids
uncertainties that usually arise from the inter-observer bias associated with traditional manual
measurements. Consequently, we expect that the proposed method can easily be adopted in forest
monitoring practice, in conjunction with TLS, without the need for further fieldwork and may therefore
become a useful tool for precision forestry applications and the monitoring of long-term research plots.
2. Data and Methods
2.1. Experimental Stand
The survey was conducted in a 4.08 ha stand located in the training forest of the University
of Natural Resources and Life Sciences, Vienna (BOKU), near the village of Forchtenstein in the
Lower-Austrian pre-Alps (approximately 47.68◦ N, 16.29◦ E). A detailed description of the stand is
provided by Ritter et al. [10].
The experimental stand is characterized by a high vertical structural diversity with respect to
tree heights, including a spatially irregularly distributed understory, and by a high species diversity.
Overstory trees are approximately 110 years old and are composed of 38% spruce (Picea abies (L.)
H. Karst.), 38% beech (Fagus sylvatica L.), 15% fir (Abies alba Mill.), 5% pine (Pinus sylvestris L.), 4% larch
(Larix decidua Mill.), and less than 1% of other broadleaf species. Natural regeneration occurs in
irregularly arranged clusters consisting of approximately 90% beech and 10% fir. Stem density is
438 trees ha−1 . DBH ranges from 10.0 to 67.3 cm, with a mean of 35.0 cm and median of 36.3 cm.
Tree heights range from 5.4 to 40.9 m, with a mean of 27.8 m and median of 29.7 m [10].
2.2. Data Collection
In the summer of 2015, a full census of live trees was performed. A total of 1789 trees with a DBH
greater than or equal to 10 cm were measured and recorded in a global coordinate reference system,
with an accuracy of ±1.02 m [10]. The DBH values of all trees were measured using a diameter tape,
and the basal area (BA) of each tree was calculated as BA = DBH2 × π4 .
In the winter of 2015/16, a full terrestrial laser scan of the test stand was performed using a
FARO Focus3D X330 (FARO Technologies Inc., Lake Mary, FL, USA) device [26]. Multi-scan mode
with a total of 117 scans obtained from different positions was used, and scanning positions were
approximately regularly spaced with a mean distance of circa 20 m between two neighboring positions.
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Exact scanning positions depended on a visual assessment of the local sighting conditions and were
defined in the field. The device’s resolution was set to r = 6.136 mm/10 m and the scan quality
parameter was set to 4×, producing moderate noise reduction. Styrofoam balls with a diameter of
15 cm were placed on top of monopods at a height of approximately 1 m, so that three Styrofoam
balls were visible from every two neighboring scan positions. Single scan raw data were aligned
by means of the Styrofoam balls using the software FARO Scene 6.0 (FARO Technologies Inc., Lake
Mary, FL, USA) [27]. The aligned scans were then further processed using the software packages
LAStools (rapidlasso GmbH, Gilching, Germany) [28] and R (Version 3.3.2., R Foundation for Statistical
Computing, Vienna, Austria) [29]. Finally, a dense 3D-point cloud (2.84 × 109 points) of the whole
forest stand was obtained and transformed into a global coordinate reference system (EPSG: 31256) by
means of 48 georeferenced and permanently marked reference points. For a more detailed description
of the procedures, please refer to Ritter et al. [10].
In addition, eight crown radii per tree (azimuth 0◦ , 45◦ , 90◦ , 135◦ , 180◦ , 225◦ , 270◦ , and 315◦ ) were
measured for a total of 132 trees located in the center of the stand using the “tangential-look-up-method”
(tangentiale Hochblickmethode) [13,30] in winter 2016/17. Crown radii measurements were
independently repeated by three persons to assess possible inter-observer bias.
2.3. Calculation of CPA from Crown Radii Measurements
The eight crown radii (r) per tree and their corresponding azimuths (ϕ) represent points on
the border of the trees’ CPA in polar coordinates. These were transformed to Cartesian coordinates
according to Equation (1).
x = xtree + r × cos( ϕ)
(1)
y = ytree + r × sin( ϕ)
x and y are the Cartesian x- and y-coordinates of a point on the trees’ CPA border, respectively,
and xtree and ytree are the Cartesian x- and y-coordinates of the tree, respectively.
The trees’ CPA was estimated using a convex hull [31] around the eight points on the border of
the CPA. The size of the convex hull was calculated using the R-package spatstat [32].
2.4. Allometric Models
Allometric models (Equation (2)) with two coefficients (β 0 , β 1 ) were first developed by Snell [33]
and Huxley [34]. Nowadays, allometric models are a common method for the estimation of CPA based
on easily measurable proxy variables like basal area (BA) [30].
CPA = β 0 × (BA) β1

(2)

The underlying differential equation (Equation (3)) reveals that the scaling coefficient β 1 describes
the relative growth ratio of CPA and BA. β 1 = 1 indicates isometric scaling, whereas β 1 < 1 and β 1 > 1
indicate negative and positive allometric scaling, respectively.
dCPA
dBA
= β1 ×
CPA
BA

(3)

The allometric model (Equation (2)) was linearized to:
ln(CPA) = ln( β 0 ) + β 1 × ln(BA)

(4)

and fitted to each of the three independent CPA measurement samples of 132 trees (38 deciduous and
94 coniferous) using ordinary least squares, separated for the two species groups. The fitted models
were used to obtain three independent predictions of the CPA for all 1789 trees in the stand.
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2.5. Multi-Layer Seeded Region Growing for CPA Assesment
Prior to the application of the multi-layer seeded region growing algorithm, the complete point
cloud was height-normalized and split into 65 tiles of a 50 m × 50 m edge length and with an additional
20 m buffer on each side using the LAStools software. These tiles were exported in xyz format so that
further data analysis could be processed in R.
The point cloud of each tile was stratified into horizontal layers, each having a vertical extent of
2.5 m. The bottom of the lowest layer was placed at 3.75 m above normalized zero height, so that the
central height of that layer was at 5 m. Additional layers were stacked without overlap or gap, until the
maximum of the tiles’ z-coordinate was included. Depending on the tile, this procedure resulted in a
set of 5 ≤ n ≤ 15 layers Li with i = 1, 2, . . . , n being the layer number in ascending order.
The points within the i-th layer where then projected on the horizontal plane. The resulting 2-D
point pattern was rasterized with a 25 cm × 25 cm pixel size and pixel values g( x ) according to the
number of points within each pixel using the “pixelate” function of the R-package spatstat [32].
A seeded region growing [35] algorithm was applied with seeds corresponding to the tree
positions estimated from the 3D point cloud using the two-stage density-based clustering technique
described in [10]. The matching of tree coordinates obtained by the full census and from the TLS data
was done by a sub-pattern assignment algorithm [10] implemented in the R-package spatstat [32].
For the whole stand, the automatic detection rate was 94.3%, and the corresponding overall accuracy
was 91.6% [10]. The 132 target trees, for which CPA was measured manually, were located in the center
of the stand. Due to the absence of disturbing edge effects, the automatic detection rate and overall
accuracy increased to 98.5% for these trees. Missed and falsely detected trees were manually corrected
using the full census data.
In the upper layers, trees were excluded from being used as a seed if their DBH [cm] was smaller
than 0.5 times the layer’s central height [m], (i.e., if DBH[cm] < 2.5 + 2.52 i ), implying the assumption
of a maximum possible height-diameter ratio max(h/d) ≈ 200.
If a seed falls within a pixel x having a value g( x ) > 0, this pixel forms an initial seed region
Aij with j = 1, 2, . . . , m being the seed number. All unallocated pixels y with a value greater than 0
(y ∈ { x | g( x ) > 0}) that share at least a single edge with a seed pixel jointly form the set:

Ti =

m

m

j =1

j =1

y ∈
/ ∪ Aij : N (y) ∩ ∪ Aij 6= ∅


(5)

where N (y) represents the set of the four direct neighbors.
In every step of the seeded region growing algorithm, all y ∈ Ti are assigned to their neighboring
region (Aij ). In case an unallocated pixel has more than one neighboring region, it is assigned to a
specific Aij according to the grid order (i.e., starting from the top left and then going row-wise down
to the bottom right). The new state of the regions Aij∗ serves as the input for the next iteration, and the
procedure is continued as long as there are unallocated pixels with a value greater than 0 that border a
region (i.e., as long as Ti 6= ∅). In order to avoid unrealistic large CPA estimates due to edge effects
near the stand border, the procedure was terminated after a maximum of 35 iterations.
The procedure outlined above was repeated for all n layers. The total region of tree j was then
given by A j = ∪in=1 Aij∗ , i.e., the spatial union of all corresponding Aij∗ .
The CPA of tree j was estimated analogously to the manual measurements, i.e., by the size of a
convex hull around A j . Finally, data from all 65 tiles were re-merged, yielding a representation of the
entire experimental stand.
A flowchart of the entire procedure is presented in Figure 1.
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Table 1. Cont.
p-Value

|z-value|
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13.532
observer
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TLS
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The TLS-based estimates of the total crown coverage were much higher compared to the estimates
based on the allometric models and, consequently, the TLS-based estimate of the total gap area was
much lower (Table 3).

Forests 2018, 9, 237

8 of 14

Forests 2018, 9, x FOR PEER REVIEW

8 of 14

observer 2

observer 3

TLS

r = 0.74
RMSE = 21.51
SE = 13.94
|bias| = 16.38

r = 0.226
RMSE = 13.04
SE = 12.34
|bias| = 4.22

r = 0.797
RMSE = 8.61
SE = 8.55
|bias| = 1.01

r = 0.801
RMSE = 9.21
SE = 9.09
|bias| = 1.48

r = 0.743
RMSE = 21.1
SE = 13.74
|bias| = 16.01

r = 0.23
RMSE = 13.22
SE = 12.65
|bias| = 3.85

r = 0.75
RMSE = 16.57
SE = 9.87
|bias| = 13.31

r = 0.766
RMSE = 16.23
SE = 9.93
|bias| = 12.84

r = 0.795
RMSE = 12.21
SE = 12.09
|bias| = 1.69

r = 0.333
RMSE = 17.4
SE = 13.89
|bias| = 10.48

r = 0.357
RMSE = 14.23
SE = 13.94
|bias| = 2.84

r = 0.392
RMSE = 14.5
SE = 14.31
|bias| = 2.37

r = 0.495
RMSE = 21
SE = 17.12
|bias| = 12.16

r=1
RMSE = 0
SE = 0
|bias| = 0

observer 1

r = 0.799
RMSE = 9.39
SE = 9.21
|bias| = 1.85

observer 2

20 40 60

observer 3

0
80
20 40 60
0

TLS

20 40 60

80

0

predicted CPA[m²]

80

0

20 40 60

80

observer 1
r = 0.798
RMSE = 8.69
SE = 8.58
|bias| = 1.39

0

20 40 60

80

0

20 40 60

80

0

20 40 60

80

0

20 40 60

80

observed CPA[m²]
Figure 4. Observed CPA vs. CPA predicted by allometric models that were fitted to the field data obtained
Figure
4: Observed
CPA
vs.different
CPA predicted
byand
allometric
models
were(TLS)
fittedCPA
to the
field data
independently
by the
three
observers
terrestrial
laser that
scanning
estimates
for
2
obtained
independently
by
the
three
different
observers
and
terrestrial
laser
scanning
(TLS)
CPA
n = 132 trees. RMSE, SE, and |bias| are estimates given in m . r = Pearson’s correlation coefficient.
estimates for n = 132 trees. RMSE, SE, and |bias| are estimates given in m2. r = Pearson’s correlation
coefficient.
Table 3. Total CPA, total overshadowed area, total gap area, and fractional crown cover estimated from
the terrestrial laser scanning (TLS) data and from the allometric models fitted to the field data of three
Table
3. Totalobservers
CPA, total
area,area
total
gap ha).
area, and fractional crown cover estimated
independent
(n overshadowed
= 1789 trees; stand
= 4.08
from the terrestrial laser scanning (TLS) data and from the allometric models fitted to the field data
2)
of three independent
observers
1789 trees;
stand(marea
= Total
4.08 ha).
Crown Coverage (%)
Total CPA
(m2 ) (n = Crown
Coverage
Gap Area (m2 )
observer 1
39 088 2
Total CPA
(m )
observer 2
39 888
observer
1
39
088
observer 3
66 327
TLS 2
45 175
observer
39 888

observer 3
TLS

66 327
45 175

21 124
Crown Coverage
(m²)
21 402
21 124
29 202
40 041
21 402
29 202
40 041

653
Total Gap19Area
(m²)
19 375
19 11
653575
5 134
19 375
11 575
5 134

51.8
Crown Coverage
(%)
52.5
51.8
71.6
98.2
52.5
71.6
98.2

CPA maps derived from the TLS data and the different allometric models are presented in Figure 5,
providing a graphic representation of the results from Table 3. While single tree CPA is represented by
CPA maps derived from the TLS data and the different allometric models are presented in Figure
polygons of different shapes in the map based on the TLS data, it is represented by circles in the maps
5, providing a graphic representation of the results from Table 3. While single tree CPA is represented
derived from the allometric models as these models do not yield any information on the shape of the CPA.
by polygons of different shapes in the map based on the TLS data, it is represented by circles in the
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of the CPA.
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4. Discussion
4.1. Multi-Layer Seeded Region Growing versus Other Modelling Approaches
Multi-layer seeded region growing is a rather simplistic approach to CPA modelling compared
to other, more complex approaches like quantitative structure models (QSMs) (e.g., [11,22,36–38]).
However, these complex approaches depend on the availability of high quality data and their
implementations are (still) only semi-automatic so that manual intervention is needed. In contrast,
the approach presented in this research is fully automated and can deal with more noisy data. Due to
non-optimal scanning conditions (i.e., wind) and small errors resulting from the co-registration, the point
cloud used for this research is somewhat noisy, especially in the canopy. Moreover, the distance between
two neighboring scanning positions is rather long (approximately 20 m), so that shading and self-occlusion
become an issue, especially for smaller branches. However, sampling a 4.08 ha stand with a total of 1789
trees requires a fully automated approach and some concessions in regard of the sampling density due to
working time limitations.
A possible problem of the classic seeded region growing algorithm [35] is the assignment of pixels
to a seed region in case of more than one neighboring region, as that is simply done according to the grid
order. Consequently, results may differ depending on the grid order. However, this possible problem
was a non-issue for the dataset used in this research, as the grid-order dependent differences were <0.5%
for individual tree crowns and stand-level estimates. Thus, an improved version of the algorithm [39],
avoiding the grid-order dependency at the costs of computation intensity, was disregarded.
A further possible limitation of the region-growing algorithm occurs when neighboring tree
crowns overlap. In that case, single pixels may contain points belonging to two (or more) different
trees. Therefore, assigning these pixels to two (or more) regions is desirable. However, it is impossible
with standard region growing algorithms. Fuzzy logic-based approaches [40,41] may provide a
possible alternative here. However, they were disregarded from this study as trials have shown no
better results than for the much simpler approaches. Combining the seeded region growing results
from the multiple layers helps to overcome this problem and also yield overlapping CPAs (Figure 5,
top row and Table 3).
4.2. Sensor
A terrestrial laser scanner was used to obtain the point cloud. Principally, it should be feasible to
use the proposed algorithm together with point cloud data obtained with other sensors, such as mobile
laser scanners [42,43] or close range photogrammetry [44–48], as long as a comparable point-cloud
density is achieved. For point clouds with a lower density, e.g., obtained from airborne laser scanning
(ALS), other approaches are required [49–53].
4.3. Inter-Observer Bias
In this research, a remarkable inter-observer bias was noticed between observer 3 and observers
1 and 2 together, while there was no statistically significant bias between observers 1 and 2.
These findings correspond with the results of Röhle [13], who reports inter-observer biases of up
to 87.2%. Interestingly, however, between 28% (foliated stand) and 72% (defoliated stand) of the
observers yielded approximately unbiased results. Röhle [13] concluded that visual assessment of
tree crowns under defoliated conditions is especially difficult and that the inter-observer bias is either
almost non-existing or very pronounced, depending on the individuals. Thus, the inter-observer
biases illustrated in this study can be regarded as a rather typical phenomenon for manual CPA
measurements. Reproducibility of the results from manual CPA measurements, therefore, seems very
questionable if different observers are involved. The usage of sensor techniques like TLS will certainly
be advantageous from this perspective. However, we did not actually test for a possible intra-observer
bias in case the same observer performs the repeated measurements. Hemery et al. [54] reported crown
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radii measurements “to be repeatable to the nearest 10 cm”; however, they did not report the sample
size nor how often measurements were repeated.
4.4. Allometric Model-Fits
The linearized form of the allometric model (Equation (4)) was used for ordinary least squares-based
model fitting. While the model fit is unbiased on the log-scale, the retransformation to the normal scale
introduces a small transformation bias (Figure 4, main diagonal). Alternative approaches for model fitting
(e.g., non-linear least squares techniques) were disregarded due to the small size of the transformation bias.
The allometric models yielded reasonably good results with a strong correlation and small
absolute bias when comparing the observed and predicted values from a single observer (Figure 4,
main diagonal). This is not surprising as the models were fitted to these data. However, when comparing
the predicted values of one observer to the observations of one other (Figure 4, beside the main diagonal),
it becomes apparent that the allometric models can only be as good as the field data used for model
fitting, as a possible observer related bias from the field data measurements propagates into the
allometric models. Thus, caution and independent control measurements must be advised if field data
is collected to fit allometric models.
4.5. Crown Morphology
TLS-based estimates of fractional crown cover (Table 3) and related metrics (i.e., crown cover area
and gap area) show a remarkable difference compared to the estimates based on the allometric models.
However, one has to be reminded that the allometric models used in this study do not reflect the
crown morphology. Instead, a tree’s CPA is represented by a circle, i.e., the most compact geometric
form in two-dimensional space. Recent studies [55,56] have shown that, especially in mixed-species
stands, crown plasticity enables trees to optimize canopy packing, to reduce inter-tree competition,
and to maximize the utilization of available photoactive radiation. Obviously, the CPA map (Figure 5)
derived from the TLS data represents a much more efficient usage of the growing space than the maps
derived from the allometric models. Furthermore, the unanimous perception of all field crews was a
closed canopy cover with only two considerably large gaps (one near the eastern stand border and
one in the western part of the stand, near the southern border). This corresponds very well with the
TLS-based CPA map (Figure 5, top row) and contradicts the CPA maps derived from the allometric
equations (Figure 5, rows 2–4).
CPAs derived from the TLS data show a surprisingly regular form for trees located near the stand
border. This happened if the region growing algorithm was terminated because the maximum number
of iterations was reached. Limiting the maximum number of iterations was necessary due to edge
effects. In the neighboring stands, no initial seed regions were defined. Consequently, without limitation
of the iterations, the canopy of trees outside the stand would be assigned to trees near the stand borders.
Measuring tree positions to define initial seed regions in a buffer zone around the experimental stand
would be necessary to avoid these kind of edge effects.
5. Conclusions
It has been shown that multi-layer seeded region growing based on TLS-derived point clouds can
be used to asses CPA on single trees and on stand-level. For single trees, the deviation between
CPA measurements derived by TLS and manual measurements is on par with the deviations
between manual measurements by different observers. Considerations regarding working time
and reproducibility suggest an advantage of TLS over the manual measurements.
Allometric models can only be as good as the field data used for model fitting, as a possible
inter-observer bias from the field data propagates into the models. Thus, caution and independent
control measurements must be advised if field data is collected for model fitting. Due to the fact that
the allometric models do not reflect the crown plasticity, estimates of fractional crown cover and related
metrics on the stand-level differ remarkably between TLS and allometric models. In mixed-species
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stands (like the experimental stand) where crown plasticity is pronounced [55,56], TLS is, therefore,
clearly the preferable method.
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