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ARTICLE
Approaches for estimating stand-level volume using terrestrial
laser scanning in a single-scan mode
Rasmus Astrup, Mark J. Ducey, Aksel Granhus, Tim Ritter, and Nikolas von Lüpke

Abstract: The most efﬁcient way to obtain stand inventory data with terrestrial laser systems (TLS) is with the single-scan mode,
which involves taking one scan at a single point. With a single-scan setup, there will be a nondetection of trees in a plot and the
representation of the individual trees will be incomplete. We explore how stand-level volume estimates, based on the single-scan
mode, perform compared with standard inventory estimates. We base our study on 166 plots in 12 mature stands dominated by
Scots pine (Pinus sylvestris L.) and Norway spruce (Picea abies L. Karst) in southern Norway. First, we compare individual-tree volume
estimates from TLS with estimates from volume functions and measurements from harvesters. We show that individual-tree
volumes can be estimated with high precision and accuracy with TLS in single-scan mode. Secondly, we test three approaches for
correction of nondetection relying on model-based estimates of the detection probability obtained by point transect sampling
estimators. We show that all three approaches adjust for nondetection and yield stand-level volume estimates that are similar
to those obtained by ﬁxed-area sampling. In conclusion, our results indicate that stand-level volume estimates, based on
single-scan mode TLS data, perform well compared with standard inventory estimates.
Key words: Lidar, TLS, forest inventory, volume, distance sampling, nondetection, angle count sampling.
Résumé : Le mode de balayage unique avec le lidar terrestre, c'est-à-dire un seul balayage en un seul point, représente la façon
la plus efﬁcace d'obtenir les données d'inventaire des peuplements. Avec le mode de balayage unique, certains arbres ne seront
pas détectés dans une placette et la représentation des arbres individuels sera incomplète. Nous explorons comment les
estimations de volume à l'échelle du peuplement fondées sur le mode de balayage unique performent par rapport aux estimations de l'inventaire standard. Nous basons notre étude sur 166 placettes dans 12 peuplements matures, dominés par le pin
sylvestre (Pinus sylvestris L.) et l'épicéa commun (Picea abies (L.) Karst.), situés dans le sud de la Norvège. Tout d'abord, nous
comparons les estimations du volume d'arbres individuels réalisées avec le lidar terrestre aux estimations obtenues avec des
fonctions de volume et des mesures provenant des abatteuses-tronçonneuses. Nous montrons que le volume d'arbres individuels
peut être estimé avec une grande précision et exactitude avec le lidar terrestre en mode de balayage unique. Deuxièmement,
nous testons trois approches pour corriger la non détection en s'appuyant sur des estimations basées sur des modèles de
probabilité de détection obtenue grâce aux estimateurs d'échantillonnage par virée de placettes circulaires à rayon variable.
Nous montrons que les trois approches règlent le problème de la non détection et produisent des estimations du volume à
l'échelle du peuplement similaires à celles obtenues par l'échantillonnage par placettes à rayon ﬁxe. En conclusion, nos résultats
indiquent que les estimations du volume à l'échelle du peuplement basées sur les données du lidar terrestre en mode de balayage
unique, performent aussi bien que celles de l'inventaire standard. [Traduit par la Rédaction]
Mots-clés : lidar, lidar terrestre, inventaire forestier, volume, échantillonnage selon la distance, non détection, échantillonnage
par balayage sous angle constant.

Introduction
Recently, terrestrial laser systems (TLS) have emerged as promising tools for assessing forest inventory parameters such as
individual-tree stem volume, taper, stem quality (Thies et al. 2004;
Maas et al. 2008; Moskal and Zheng 2012), and biomass (e.g., Yao
et al. 2011; Hauglin et al. 2013). Further, the obtained data can be
used for full-tree structural modeling (Raumonen et al. 2013).
However, TLS has yet to become an integrated part of main stream
operational forest inventories. To become a widely adopted tool in
operational ground-based forest inventory, TLS-based approaches
will have to achieve at least the same efﬁciency as standard
ground-based inventory methods and (or) provide more valuable
data than can be obtained with standard approaches. In operational forest inventory, the goal is to draw inferences about the

parameters of interest over a large area (stand, ownership, region,
or even country). Sampling locations are typically numerous and
ﬁxed in advance, usually by a random or systematic scheme that is
central to the inventory design, which should not be altered subjectively in the ﬁeld (Schreuder et al. 1993).
TLS data can be obtained with either a single- or a multiple-scan
mode. In a single-scan mode, the scanner is placed at a single
point and the obtained data will, at best, make one side of a tree
visible in the scan. However, a typical scan will often contain
many trees that are partly or fully obscured by other objects (e.g.,
trees, rocks, ground vegetation). In a multiple-scan mode, a number of scans is carried out and co-registered to a common format
to obtain a more complete representation of a single tree or a plot
with several trees. The use of multiple scans provides more complete information, but it is also laborious and costly due to the
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personnel and time requirements. On the one hand, it has to be
ensured that the scans can be co-registered to the originally designed sample location, and on the other hand, masking of trees
should be minimized. This requires setting up registration targets
and identifying lines of sight. Due to the complex logistics and
cost associated with the multiple-scan mode, Liang and Hyyppä
(2013) investigated the utility of the so-called multiple single-scan
mode in a forest inventory setting. In this mode, the inventory
plot is covered by several scans but these are analyzed individually
rather than as a co-registered point cloud as is the case in the
multiple-scan mode. This approach reduced the work load compared with that of the multiple-scan mode; however, it is still
more laborious than the single-scan mode. Additionally, even
with multiple co-registered scans, some trees are masked by other
objects in the scans and are therefore not included in the extraction of trees from these scans (e.g., Ducey et al. 2013; Trochta et al.
2013). Consequently, recent studies have been undertaken to investigate the most efﬁcient number of scans for area-wide stem
mapping (Trochta et al. 2013). Most of the algorithm development
for extracting tree features from TLS point clouds has been based
on multiple co-registered scans (e.g., Thies et al. 2004; Hauglin
et al. 2013; Raumonen et al. 2013) and the same is true for the
measurement of research plots with TLS.
In an operational forest inventory setting, using the single-scan
mode will be less costly and thus allows for many more sampling
points than using the multiple-scan mode or the multiple singlescan mode. However, when using a single-scan setup, nondetection of trees may potentially cause problems in satisfactory
feature extraction. Observed nondetection rates of trees in singlescan mode vary between 0% and 46%, depending on the plot size
and forest type (Maas et al. 2008; Lovell et al. 2011; Liang et al. 2012;
Liang and Hyyppä 2013; Trochta et al. 2013). To successfully utilize
single scans in operational forest inventories, the estimates will
have to be corrected for nondetection of trees, and it must be
possible to extract the individual trees from data where, at best,
one full side of the tree is visible in the TLS point cloud. Theoretically, it is possible to derive corrections for nondetection based
on geometry (e.g., Jupp et al. 2007; Strahler et al. 2008) and calculated obstructions. However, as discussed by Ducey and Astrup
(2013), such approaches have a small probability of working in
practice because it is difﬁcult to capture all of the factors related
to instrumentation, obstruction, and postprocessing algorithms
in the derivation. Hence, Ducey and Astrup (2013) investigated the
problem of nondetection in conjunction with TLS and developed
an empirical approach using distance sampling (Buckland et al.
2001, 2004), which showed promising ﬁrst results for estimating
number of trees per hectare. Problems with nondetection in forest inventory are not limited to TLS applications; three studies
(Bäuerle et al. 2009; Bäuerle and Nothdurft 2011; Kissa and Sheil
2012) applied distance sampling in a transect design, and Ritter
and Saborowski (2012) and Ritter et al. (2013) recently also approached the nondetection problem in angle count sampling
(ACS) for dead wood within a distance sampling framework. To
our knowledge, these represent the only other examples of distance sampling in forestry. ACS with correction for nondetection
could also be a potential approach for making inference from
single-scan mode TLS data. An initial investigation of simulating
ACS with TLS data was carried out by Lovell et al. (2011); it was
shown that there is a severe nondetection problem with ACS and
that, to a certain degree, this problem can be overcome when
conducting a manual inventory as the observers can slightly adjust their position for a better view. A stationary instrument such
as a laser scanner does not have this advantage, so the problem is
more pronounced here. Lovell et al. (2011) proposed a geometric
correction (Jupp et al. 2007), assuming that tree positions have a
Poisson spatial distribution and that all trees have the same diameter at breast height (DBH), which obviously is not realistic in
most cases. Generally, stand volume is the variable of highest
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interest in operational forest inventories. Unless precise and accurate estimates of this variable can be obtained from TLS in a
single-scan mode, this technique has only a small chance of being
applied in practice.
In this study, the objective is to investigate how stand-level
volume estimates, based on single-scan mode TLS data, perform
compared with standard ground-based inventory estimates. To do
this, we investigate the following two main obstacles for the use
of the single-scan mode. (1) Can the single-tree volume be extracted with satisfactory accuracy and precision? (2) Can a standlevel, nondetection-corrected volume estimate be produced? We
investigate the individual-tree volume estimates through a threeway comparison between TLS-based estimates, standard volume
function estimates, and measured stem volumes from harvesters.
Further, we investigate whether the errors in TLS-based singletree volume estimates are correlated to variables such as tree
species, volume, and distance from the scanner, which potentially
could impact how the data can be used to make inference to the
population. To produce nondetection-corrected stand volume estimates, we rely on extending the work of Ducey and Astrup (2013)
on distance sampling for TLS and that of Ritter and Saborowski
(2012) and Ritter et al. (2013) for ACS.

Study sites and data acquisition
We carried out our study in 12 mature forest stands in southern
Norway. The study sites were dominated by Norway spruce (Picea
abies L. Karst) and Scots pine (Pinus sylvestris L.), with varying mixtures of broadleaved species of which birch (Betula pubescens Ehrh.
and Betula pendula Roth.) was generally the most abundant
(Table 1). Additional broadleaved species, occurring in modest proportions, were aspen (Populus tremula L.), rowan (Sorbus aucuparia L.),
willow (Salix caprea L.), grey alder (Alnus incana (L.) Moench.),
black alder (Alnus glutinosa (L.) Gaertn.), and Norway maple (Acer
platanoides L.). All 12 stands were scheduled for harvest within
6 months after the ﬁeld sampling; however, stand 11 was not
harvested (Table 1). Seven of the study stands (stands 1–7) were
located in mature spruce-dominated stands in Vestfold County
and were also included in the study of Ducey and Astrup (2013).
These stands occurred on sloping terrain, with slopes ranging
from 10% to 30%. Compared with the regional average (Granhus
et al. 2012), these stands exhibited average to high stand density
and basal area (Table 2). The remaining ﬁve pine-dominated
stands were located in the counties of Østfold (stand 8), Akershus
(stand 9), and Buskerud (stands 10–12). Stand 8 had a rather low
density and basal area due to a recent heavy thinning, while the
other four pine-dominated stands had an average to high density
for mature pine stands. The terrain in stand 8 was undulating,
with slopes commonly near 15%. In stand 9, the terrain conditions
differed the most, varying from ﬂat to weakly undulating terrain
in about two-thirds of the stand, while the remainder was located
on a hillside with slopes up to 30% and with some prominent rock
outcrops as commonly observed in Norwegian forests. In stand 10,
the terrain was gently sloping at ca. 10%–20%, while stands 11 and
12 were located on a ﬂat river plateau.
Data acquisition was carried out in the summer of 2009 in
stands 1–8 and in the fall and winter of 2010 in stands 9–12 using
the same laser scanner in all stands (tripod-mounted FARO LS 880,
www.faro.com). Within each stand, the ﬁxed-area inventory plots
(250 m2, radius = 8.92 m) were located by projecting a 20 m × 20 m
grid onto each stand followed by random selection of 8 to 25 of the
grid positions within each stand, which were used as centers for
the plots. DBH and tree height were measured for all trees with
DBH ≥ 10 cm within the ﬁxed-area plots. DBH was measured in the
two cardinal directions with a caliper, while tree heights were
recorded with a Vertex II hypsometer. All trees were numbered
with spray paint that was clearly visible in the TLS data. The TLS
data were obtained by positioning the scanner on the center of
Published by NRC Research Press
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Table 1. Information on the data base: tree data were assessed on plots with a radius of 8.92 m through ﬁxed-area sampling (FAS) and harvester
measurements (harvester).
No. of plots

Total no. of trees on all plots

Stand
no.
Stand

Dominant
TLS (distance ≤ TLS (8.92 m <
species
FAS TLS Harvester FAS 8.92 m)
distance ≤ 15 m) Harvester Harvester type

Aggregate

1
2
3
4
5
6
7
8
9
10
11
12

Spruce
Spruce
Spruce
Spruce
Spruce
Spruce
Spruce
Pine
Pine
Pine
Pine
Pine

H480 C
H480 C
H480 C
H480 C
H480 C
H480 C
H480 C
758
754
360
—
758HD

Lardal 3664
Lardal 3684
Lardal 3721
Lardal 3726
Lardal 3731
Lardal 4373
Lardal 4375
Aurskog
Trøgstad
Tyristrand
Wangestad 1
Wangestad 2

8
12
12
12
12
8
8
13
16
24
12
25

8
12
12
12
12
8
8
13
16
24
12
25

8
12
12
12
10
8
8
13
15
23
0
23

160
252
305
302
382
182
197
206
77
352
108
348

145
208
255
245
285
109
173
133
32
317
99
310

146
183
238
234
263
35
122
51
29
377
85
299

136
209
253
222
233
152
167
161
65
316
0
284

John Deere 1470E
John Deere 1470E
John Deere 1470E
John Deere 1470E
John Deere 1470E
John Deere 1470E
John Deere 1470E
John Deere 1270 D
John Deere 1070 D
Valmet 911.3
—
Timberjack 1270 D

Note: From the terrestrial laser scans (TLS), the data of all detected trees up to distances of 8.92 m and 15 m from the scanner were used.

Table 2. Stand-level estimates derived from ﬁxed-area sampling.
Stand no.

Stand

QMD (cm)

Density (trees·ha−1)

Lorey height (m)

Basal area (m2·ha−1)

1
2
3
4
5
6
7
8
9
10
11
12

Lardal 3664
Lardal 3684
Lardal 3721
Lardal 3726
Lardal 3731
Lardal 4373
Lardal 4375
Aurskog
Trøgstad
Tyristrand
Wangestad 1
Wangestad 2

28.2 (±1.1)
29.5 (±1.4)
28 (±0.8)
23 (±0.7)
24.7 (±1.2)
20.8 (±0.9)
23.8 (±0.7)
25.6 (±1.2)
34.9 (±1.3)
25.3 (±0.4)
34.1 (±0.7)
29.1 (±0.8)

700 (±38)
713 (±68)
847 (±76)
880 (±50)
1050 (±76)
845 (±105)
810 (±94)
612 (±68)
168 (±36)
540 (±32)
340 (±39)
533 (±35)

23.3 (±0.6)
20.6 (±0.9)
22.0 (±0.6)
19.8 (±0.6)
21.2 (±0.8)
17.9 (±1.0)
21.3 (±0.5)
18.9 (±0.6)
23.1 (±0.8)
18.3 (±0.4)
25.8 (±0.3)
23.4 (±0.3)

43.7 (±3.7)
45.9 (±3.0)
51.5 (±4.8)
36.3 (±2.2)
48.6 (±3.3)
28.4 (±4.2)
35.4 (±3.7)
29.5 (±2.2)
14.1 (±2.1)
26.9 (±1.6)
30.0 (±2.6)
33.8 (±1.4)

Note: Values in parentheses indicate standard errors. QMD, quadratic mean diameter.

each plot and performing a full horizontal scan (360° horizontal
and 320° vertical ﬁelds of view) set at 1/4 of the full resolution
(vertical resolution of 0.009° and horizontal resolution of 0.00076°).
Distances between plot center and trees were extracted from the
scans.
The focus of this work was not on algorithm development or
improvement but on how to apply the TLS in an operational setting. Hence, all data processing and individual-tree detection were
carried out by the commercial TLS operator Treemetrics Ltd. using
their proprietary software Autostem Forest (www.treemetrics.
com). The Autostem Forest software provides a list of all detected
trees, including their position and the diameter of the stem estimated for each 10 cm section up the tree. When harvesting an
individual tree, the harvester (see Table 1) produces a stem ﬁle
(StanForD format) consisting of diameter measurements along
the stem that can be used to estimate the stem volume. At the
time of harvest, a ﬁeldworker kept a manual logbook so that
the stem ﬁles generated by the harvester could be matched to
the spray-painted tree numbers on each of the trees in the
ﬁxed-area plots.
Volume estimates for the individual trees were obtained in
three ways: (1) from measured DBH and height, using available
single-tree volume equations; (2) from the Autostem Forest software, which provides a list of all detected trees with diameters
given at 10 cm intervals along the stem; and (3) from harvester
measurements. The available number of observations in each of
these categories can be found in Table 1. The functions used for
calculating single-tree volumes from DBH and height were obtained from Børset (1954) (aspen), Braastad (1966) (birch, grey alder, rowan, willow), Brantseg (1967) (pine, black alder), Vestjordet
(1967) (spruce), and Hagberg and Matérn (1975) (maple). When

using the data from the Autostem Forest software and the harvester, volumes were ﬁrst calculated for each 10 cm stem section
assuming a truncated cone, and individual stem section volumes
were subsequently aggregated to obtain the total tree volume.

Analysis
All calculations were carried out with the statistical software
package R (R Core Team 2012) and the beta version of the program
Distance 6.1 release 1 (Thomas et al. 2010).
Analysis of individual-tree volume estimates
For the individual-tree volumes, we carried out a three-way
comparison between TLS-based estimates, standard volume function estimates, and measured stem volumes from harvesters. We
did the comparison by plotting scatterplots, computing the Spearman correlation coefﬁcient, the mean deviation (MD), and the
root-mean-square deviation (RMSD). To investigate if the deviation between the TLS-based estimate and the two other estimates
was dependent on the distance to the scanner or the tree species,
corresponding scatterplots were also drawn.
Stand-level volume estimations
Fixed-area sampling (FAS)
To obtain a reference estimate of the volume per hectare (Y), we
used the standard approach for FAS, using a circular sample plot
with 8.92 m radius (250 m2). At a given sample plot i, the corresponding estimator for the volume per hectare is
(1)

ŶFAS,i ⫽

A
ai

兺

mi
j⫽1

Yij
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where ai is the area of the sample plot, A is the reference area
(1 ha), and Yij is the volume of tree j (in total, mi trees).
ˆ ) is
The overall estimate for the mean volume per hectare (Y
FAS
ˆ
). The variance of Y
then given by the sample mean of all n (Ŷ
FAS,i

FAS

was estimated using the well-known formula for the variance of
the sample mean, assuming sampling without replacement:
(2)

共 兲

ˆ YˆFAS ⫽
var

1
n(n ⫺ 1)

兺

n
i⫽1

共Ŷ

FAS,i

ˆ
⫺Y
FAS

兲

2

Terrestrial laser scanning
Using TLS, at a given sample plot i, an estimate of Y is given by
ˆ is then given
ŶTLS,i analogously to eq. 1. The overall estimate for Y
TLS
ˆ共ŶTLS兲 estimated analoby the sample mean of all ŶTLS,i, with var
gously to eq. 2.
Bias-corrected TLS
We used three different approaches to correct for the nondetection bias of TLS. All approaches are based on model-based estimates of the detection probability, obtained by point transect
sampling (PTS) estimators. For the calculations, we only used trees
that were detected in TLS images.
Bias correction approach 1 (BcTLS1)
In a ﬁrst step, we used PTS for the estimation of the object
density D (i.e., the number of trees per hectare), from the number
of detected objects m, the number of sample plots n, and the
probability
(3)

Pa ⫽

2
2

冕



rg(r)dr

0

to detect a tree within a randomly placed circular sample plot of
radius  and area a, given that the scanner is located at the center
of the plot. The detectability of objects typically decreases with
increasing distance from the scanner (r; 0 ≤ r ≤ ). When the
detection function g(r) is unknown, it can be ﬁtted to the frequency distribution of encountered objects at different distances
and explains the detection probability at distance r. According to
Buckland et al. (2001), the estimator of the object density is
(4)

m
mĥ(0)
⫽
D̂ ⫽
2n
n2P̂a

where ĥ共0兲 ⫽ 1/ 冕0 rg共r兲dr is the slope of the probability density
2r
function f共r兲 ⫽ 2 g共r兲 evaluated at r = 0.
 Pa
If (as in FAS) all trees within the sample plots are detected,
regardless of their distance to the plot center, g(r) = 1 and therefore
also Pa = 1.
We ﬁrst set the truncation point  to 8.92 m (the radius of the
sample plot). Afterwards, we additionally set  to 15 m to explore
the inﬂuence of nondetection over a larger search radius. Due to
the tripod setup of the scanner, trees located close to the scanner
cannot be detected, and to account for this, we also left-truncated
the data by 1 m.
The best model for estimating g(r) was selected with Akaike
information criterion corrected for small samples (AICc; Burnham
and Anderson 2004). We compared a half-normal detection function g(r) = exp[–r2/(22)] with just one parameter  and a hazard
rate detection function g(r) = 1 – exp[–r/()–b] with two parameters  and b.
To account for the possible inﬂuence of tree size on detectability, we also ﬁt a model with covariates. The covariate model effectively replaces the scale parameter  by ␣0 exp[␣1vol], which is a


function of the tree volume. The detection functions are ﬁtted to
the pooled data from all plots for a given stand but are allowed to
vary from stand to stand.
The probability Pa to detect a tree within a sample plot with
radius  and area a was estimated by the methods explained
above. Expending the estimate of the mean volume per hectare,
obtained by TLS, by the inverse of the estimated detection probability within the sample plot yields a bias-corrected estimation of
the volume per hectare:
(5)

ˆ
ˆ
Y
BcTLS1 ⫽ YTLS /P̂a

We estimated the corresponding variance using the following
approximation (Hayya et al. 1975):

(6)

冉

ˆ )
ˆ(Y
ˆ(P̂a)
var
var
TLS
ˆ
ˆ2
ˆ(Y
⫹
var
BcTLS1) ⫽ YBcTLS1
ˆ2
P̂2a
Y
TLS

冊

ˆ共P̂a兲 was estimated using the maximum likelihood estiwhere var
mator implemented in Distance. Estimating the variance using
eq. 6, which can be derived from a second-order Taylor series
ˆ are indepenexpansion, assumes that the errors in P̂a and in Y
TLS
dent. Although exact equality requires both errors to be normally
distributed, in practice, the contributions of higher order terms in
the Taylor expansion are usually negligible. For more details, we
refer to Buckland et al. (2001).
Bias correction approach 2 (BcTLS2)
If one considers every tree j to be a cluster of volume units with
cluster size sj, then the number of trees per hectare becomes the
cluster density Ds (Ritter and Saborowski 2012), which can be estimated by eq. 4 (Ds instead of D). We estimated g(r) analogously to
the method explained above, but for the inclusion of cluster size
as a covariate. The mean volume per hectare was then estimated
as
(7)

ˆ
Y
BcTLS2 ⫽ D̂s · Ê(s)

E(s) can be estimated by the sample mean of all detected cluster
sizes sj. However, the detection probability of clusters may depend
on their size. We therefore modeled the expected size of detected
clusters Ed(s) as a function of the distance-dependent detection
probability using a log-transformation zj = loge(sj) (Buckland et al.
2001, chapter 3.5.4), so that the expected (transformed) size of
detected objects is estimated by
(8)

Êd(z|r) ⫽ a ⫹ b · ĝ(r)

E(z) can then be estimated as Êd共zⱍr ⫽ 0兲 ⫽ a ⫹ b, because the
detection probability directly at the point (r = 0) is 1, regardless of
cluster size. This yields
(9)

ˆ

Ê(s) ⫽ ea⫹b⫹var(ẑ)/2

(Buckland et al. 2001, eq. 3.64), where
(10)

ˆ(ẑ) ⫽
var

冉

1⫹

1
⫹
m

兺

(1 ⫺ g)2
m
j⫽1

(ĝ(rj) ⫺ g)2

冊

ˆ 2

(Buckland et al. 2001, eq. 3.65). ˆ 2 is the residual mean square of
m
ĝ共rj兲/m.
eq. 8 and g ⫽ 兺i⫽1
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The variance of the estimated mean volume per hectare was
estimated as
(11)

共

冉

兲

ˆ(m)
ˆ(ĥ(0))
ˆ(Ê(s))
var
var
var
ˆ
ˆ2
ˆ Y
⫽Y
⫹
⫹
var
BcTLS2
BcTLS2
2
2
m
(ĥ(0))
(Ê(s))2

冊

(Buckland et al. 2001, eq. 3.70), where ˆ
var共m兲 was estimated using
the model-based variance estimator by Fewster et al. (2009), which
can be simpliﬁed to
(12)

ˆ(m) ⫽
var

1
n(n ⫺ 1)

兺

n
i⫽1

(mi ⫺ m)2

because all plots were sampled exactly once. ˆ
var共ĥ共0兲兲 was estimated using the maximum likelihood estimator implemented in
Distance, and
(13)

冉

冊

ˆ(ẑ) var
ˆ(ẑ)
ˆ(ẑ)
var
ˆ(Ê(s)) ⫽ e2(a⫹b)⫹var
1⫹
var
2
m

(Buckland et al. 2001, eq. 3.66).
Bias correction approach 3 (BcACS)
As the TLS data contain DBH values and point tree distances for all
trees, it is possible to simulate ACS (Bitterlich 1952, 1984) from these
data. Recently, PTS was successfully used for correcting the nondetection bias of ACS (Ritter and Saborowski 2012; Ritter et al. 2013).
We simulated ACS with basal area factor k = 4 (in m2·ha−1), so that
a tree is selected if its distance to the center of plot i is smaller than
the radius (in m) of the marginal inclusion circle of tree j:

(14)

Rij ⫽

冑

dij2
4k

where dij is the tree's DBH (in cm).
At a given sample plot i, the corresponding estimator for the
Yij
i
. As trees may be overvolume per hectare is ŶACS,i ⫽ 兺mj⫽1
Rij2
looked, this estimator was expanded by the probability
(15)

Paij ⫽

2
Rij2

冕

Rij

rg(r)dr

0

to detect a tree with DBH dij from a random point within its
marginal inclusion circle. In other words, Paij is the mean detection probability of all trees that have DBH dij and whose distance
to the center of the plot is r ≤ Rij.
The bias-corrected ACS estimator therefore is
(16)

ŶBcACS,i ⫽

兺

mi

Yij

j⫽1

Rij2P̂aij

ˆ
The overall estimate for the mean volume per hectare Y
BcACS is
ˆ
. The variance of Y
then given by the sample mean of all Ŷ
BcACS,i

BcACS

was estimated using the well-known formula for the variance of
the sample mean (eq. 2), even though Ritter et al. (2013) showed
that this underestimates variance, as the variation introduced by
estimating Paij is not regarded.
Comparison of the stand-level volume estimates
The stand-level volume estimates were compared with the results of FAS. To test for a 1:1 relationship (i.e., zero intercept and
unit slope), we used the regression for bivariate correlated errors

with intrinsic scatter (BCES) of Akritas and Bershady (1996). The
BCES regression accounts for measurement errors in both variables. We adopt the modeling philosophy of equivalence testing
(Berger and Hsu 1996; Robinson et al. 2005) and employ the minimum detectable negligible effects (MDNE) approach of Parkhurst
(2001). The MDNE is the error speciﬁcation at which the regression
parameters fail a two–one sided test (TOST) for equivalence to a
1:1 line; we report the MDNE separately for the slope and intercept.

Results
Tree-level volume estimation
The estimates of individual-tree volumes from the harvester,
the standard volume functions, and the TLS were generally very
similar and showed high correlation (Spearman correlation coefﬁcient: 0.77–0.97) (Fig. 1) and low MD and RMSD (Table 3). For the
spruces and the birches, the MD between the estimated volumes
from volume functions and TLS was the smallest. The smallest MD
was observed between TLS and harvester estimates for the pines.
Among the species, different comparisons led to the minimum
RMSD (spruce: function vs. TLS; pine: function vs. harvester; birch:
TLS vs. harvester). For all species and comparisons, the sign of the
MD was positive, i.e., the estimates from the volume functions
were, on average, slightly higher than the TLS and harvester estimates. Further, the TLS estimates were mostly higher than the
ones based on the harvester measurements.
The correlation coefﬁcients were very similar and high for the
spruce and pine comparisons but lower for the birch comparisons
(Fig. 1). However, MD and RMSD are the lowest for this species for
all comparisons, except the comparison between TLS and harvester (Table 3). For all comparisons, MD and RMSD are the highest for the spruces (Table 3).
A dependence of the differences in volume estimation on the
distance to the scanner could not be detected for any species
(Fig. 2).
Stand-level volume estimation
According to the FAS, the volume in the 12 stands varied between 150 and 550 m3·ha−1 (Fig. 3), with 160–1050 trees·ha−1 and
basal areas between 14 and 52 m2·ha−1 (Table 2). The ﬁtted detection functions indicate that nondetection of trees varied between
stand structures, but generally, it started to be very pronounced at
distances of about 6 m (Fig. 4). In all cases, the hazard rate functions led to better results than the half-normal detection function.
Further, the inclusion of the single-tree volume as covariate did
not improve the model.
A simple comparison of the numbers of trees that were detected
from the scanner and recorded with FAS, respectively, indicates
that nondetection was apparent (Table 1). Without adjusting for
this nondetection, the stand-level estimates substantially underestimated the volume compared with the FAS (Figs. 3A, 3B), and
the larger the detection radius (Fig. 3A vs. Fig. 3B), the stronger the
effect. On the other hand, all tested approaches that included an
adjustment for nondetection provided stand-level estimates that
were relatively close to the FAS estimates (Figs. 3C–3H). However,
only the BcTLS2 with a radius of 8.92 m (Fig. 3E) produced estimates that were not signiﬁcantly (5% level of signiﬁcance) different from the 1:1 line. Increasing the radius from 8.92 to 15 m
generally reduced the estimated standard errors for BcTLS1 and
BcTLS2, especially for open stands with low volumes. The estimates from BcTLS1 and BcTLS2 were very similar (Figs. 3C and 3D
vs. Figs. 3E and 3F) in term of closeness to the FAS. The simulated
ACS was also found to provide stand-level estimates with a high
degree of overlap with the estimates from FAS. For BcACS, the
effect of the radius on the standard errors varied between stands,
and in several cases, the estimated standard errors were lowest for
the smaller radius.
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Fig. 1. Comparison of individual-tree volumes for spruce (A, D, G), pine (B, E, H), and birch (C, F, I).

Table 3. Mean deviation (MD) and root-mean-square deviation (RMSD) of individual tree volumes (m3).
Function vs. TLS

TLS vs. harvester

Function vs. harvester

Comparison

MD

RMSD

MD

RMSD

MD

RMSD

Spruce
Pine
Birch

0.03217
0.02868
0.01641

0.15693
0.12540
0.09944

0.06803
0.01485
0.02407

0.17511
0.1315
0.07616

0.1002
0.04353
0.04047

0.16595
0.11139
0.08046

兺

兹兺

n
n
冋 t⫽1
Note: TLS, terrestrial laser scan. MD is calculated as 冋 t⫽1
共x1,t ⫺ x2,t兲册/n and RMSD is calculated as
共x1,t⫺x2,t兲2册/n, using the
number of trees (n), the volume of tree t estimated with method 1 (x1,t), and the volume of tree t estimated with method 2 (x2,t).

Equivalence test results are shown in Table 4. In parallel with
the standard regression results, only BcTLS1 showed a clear reduction in the minimum detectable negligible effect (MDNE) for the
intercept, with minimal concurrent effects on the slope. Thus,
while both BcTLS1 and BcTLS2 produced results that were closer to
a 1:1 line with the reference ﬁxed-area samples, in the presence of

high variability in both the raw stand data and the correction
results, the sample of 12 stands analyzed here cannot provide an
unequivocal demonstration of improved equivalence. Thus, the
results should be regarded as promising rather than conclusive,
especially for the use of larger radii or the more complex BcTLS2
estimator.
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Fig. 2. Differences in absolute volume estimations obtained by TLS and volume functions (A, C, E) and TLS and harvester measurements
(B, D, F). The differences in dependence on the distance to the center of the sample plot are shown separately for spruce (A, B), pine (C, D), and
birch (E, F).

Discussion
Individual-tree volumes derived from TLS were very similar to
both the volume function and the harvester volume estimates.
However, none of the three sources of volume estimates can be
taken as the correct value given that the volume functions and
TLS-derived estimates include model error through the use of
generalizing functions and that the harvester-based estimates
contain some level of measurement error related to issues such as

calibration and slip. Furthermore, the harvester did not measure
the whole stem as the stem was cut at a certain minimum diameter threshold. These facts might partly explain the differences
between the estimates. Another possible explanation for different
volume estimates is given by Henning and Radtke (2006), who
noted that TLS-based diameter estimates were generally higher
than those obtained from caliper measurements. That the differences between the volume estimates of the three methods vary
Published by NRC Research Press
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Fig. 3. Comparison of stand-level volume estimates (mean ± standard errors). Values generated from terrestrial laser scanning (TLS) are
compared with the estimates of ﬁxed-area sampling (FAS). For the TLS data, two different truncation points were used, 8.92 m (A, C, E, G) and
15 m (B, D, F, H). The circular plots of FAS had a radius of 8.92 m, and standard volume functions were applied. The TLS data were used
uncorrected (A, B), with bias correction 1 (BcTLS1) (C, D), with bias correction 2 (BcTLS2) (E, F), and with simulated angle count sampling
(BcACS) (G, H). The linear ﬁts are signiﬁcantly (5% level of signiﬁcance) different from the 1:1 line for parts A, B, C, D, F, G, and H.
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Fig. 4. Stand-level hazard rate detection functions. The functions were ﬁtted separately for each stand. Parts A and B show the sprucedominated stands; parts C and D show the stands dominated by pine. Truncation points of 8.92 m (A, C) and 15 m (B, D) were used.

Table 4. Regression parameters (±1 standard error) and results of equivalence testing for comparisons between TLS-derived estimates of stand
volume and those obtained from 8.92 m ﬁxed-area plots.
TLS truncation point 8.92 m

TLS
BcTLS1
BcTLS2
BcACS

TLS truncation point 15 m

Intercept

Slope

Intercept MDNE

Slope MDNE

Intercept

Slope

Intercept MDNE

Slope MDNE

−62.34±28.38
−44.71±26.97
−57.51±47.89
−13.37±20.75

0.99±0.08
1.02±0.07
1.10±0.12
0.86±0.06

113.78
93.59
144.31
50.97

0.15
0.16
0.32
0.25

−73.26±28.38
−66.84±31.09
−71.27±35.96
−42.49±29.21

0.75±0.07
1.08±0.09
1.10±0.10
0.97±0.09

124.69
123.19
136.45
95.42

0.37
0.24
0.27
0.19

Note: TLS, terrestrial laser scan; MDNE, minimum detectable negligible effect.

among species might have several reasons. One could imagine
that the differences between estimates depend on tree size. This
could explain why the differences are biggest for the spruces,
which are, on average, the largest trees, and relatively small for
the birches, which are, on average, the smallest trees. Further, the
species-speciﬁc tree architecture can be assumed to have an inﬂuence on the performance of the different techniques.
Still, our results indicate that the TLS estimates are at least as
good as the volume function estimates. Other recent studies from
boreal forests have also found that the use of TLS in a single-scan
mode yields good volume estimates (Liang et al. 2012). However,
this does not necessarily mean that this result will be valid for
other combinations of detection radii, tree species, forest types,
scanner types, and algorithms, which all will inﬂuence the quality
of the estimated volumes (Ducey et al. 2013).
Our results indicate that distance-sampling adjustment for
nondetection is a promising approach. A deﬁnitive answer to the

question of which of the tested approaches is superior cannot be
provided by our analysis; however, some key lessons can be deduced. First, for BcTLS1 and BcTLS2, using a larger detection radius
seems to improve the precision of estimates, especially in stands
with low stocking and (or) few sampling points. We speculate that
this effect is due to the inclusion of a larger number of sample
trees that will result in less error in the estimation of the mean
tree volume. Secondly, our results illustrate that neither BcTLS1
nor BcTLS2 was consistently more similar to the FAS. One has to
keep in mind that the TLS estimate of the single-tree volume is
systematically slightly lower than the corresponding estimate
provided by the volume function. Therefore, a small difference
between the FAS estimates and those obtained by BcTLS1 and
BcTLS2 has to be expected. However, only BcTLS2 with a radius of
8.92 m (Fig. 3E) produced estimates that were not signiﬁcantly
(p < 0.05) different from the 1:1 line. Another possible reason for a
systematic error might be the model choice, even though the
Published by NRC Research Press
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hazard rate detection function performed best in our comparison
(lowest AICc), we cannot be sure that it is the “perfect” model. The
existing shape restrictions might cause a systematic error. The
two approaches are, however, different in terms of complexity
and theoretical foundation. BcTLS1 is clearly the more simple solution but may not be as theoretically well founded and hence less
stable across a wide range of stand conditions. For example, if the
detection actually had showed some correlation to tree volume,
the BcTLS2 would have provided a more correct estimate. Third,
the BcACS provided a possible approach with reasonable standlevel estimates; however, the ACS was not superior to the other
approaches and the simulation of ACS turned out to have some
practical limitations: (i) if the radius was small (8.92 m), then the
ACS factor would have to be very large, which caused the estimates to be unstable, (ii) a factor of 4 worked with the data at
hand, but in the presence of larger trees in these stands, a radius
of 15 m would also have been too small and caused instability in
the estimates, and (iii) so far, there is no unbiased variance estimator for BcACS. Lovell et al. (2011) provide an alternative approach of applying ACS theory to TLS data, based on geometrical
considerations about the occlusion of trees. The limitations regarding ACS factor and search radius are also valid for this approach. Further limitations of the approach of Lovell et al. (2011)
are the assumption of tree locations having a Poisson spatial distribution and the assumption that all trees have the same DBH.
Our analysis does not seem to indicate that there would be any
particular reason for choosing to simulate ACS over the other
approaches. It should be noted that while FAS relies on designbased inference, all the explored approaches for nondetection are
model-based as they rely on a modeled detection function. While
neither model-based nor design-based inference is inherently superior (for a discussion, see Gregoire 1998), they do differ in their
assumptions and the derived error terms are not directly comparable. We found that the hazard rate detection function provided
a good ﬁt across all of the investigated sites and that there was no
advantage to introducing the covariates tested here in the detection function. Ducey and Astrup (2013) use the half-normal detection function; however, in this study with a broader spectrum of
stand conditions, the half-normal function was not sufﬁcient to
model the strong shoulder of the curve present in some of the
sites (Fig. 4). The result that no covariates are required to model
the detection function is advantageous from the point of view of
simplicity and practical implementation in operational forest inventories. We found stand-level detection probabilities ranging
between 0.6 and 0.9 within the 8.92 m plots, which is well in
correspondence with detection probabilities reported in recent
studies from both boreal and temporal conditions (Maas et al.
2008; Murphy et al. 2010; Lovell et al. 2011; Liang et al. 2012; Liang
and Hyyppä 2013; Trochta et al. 2013). That the detection probabilities found in this study cover the full range of probabilities in
the other studies (0.54–1) yields some conﬁdence that the methods for nondetection correction from the present study may be
transferred successfully to other forest types. It should also be
noted that the present study relies on 162 plots, which is much
more than the normal studies on volume estimation with TLS.

Conclusions
As outlined in the Introduction, the use of distance sampling in
forestry in general and in especially in conjunction with TLS is
new. This study illustrates that distance sampling can provide
a relatively simple solution for correcting for nondetection. As
such, this study provides the ﬁrst-presented statistically sound
framework for stand-level volume estimation with TLS in a singlescan mode. Speciﬁcally, our study indicates that stand-level volume estimates, based on single-scan mode TLS data, perform well
compared with standard ground-based inventory estimates. We
show that individual-tree volumes can be estimated with high
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precision and accuracy in single-scan mode and that it is possible
to successfully adjust for nondetection with all of the tested approaches. However, we do believe that BcTLS2 is the most promising of the tested approaches for nondetection correction. Our
study covers a relatively large gradient of stand structures found
in mature boreal forests. Nevertheless, the methods require further testing on more complex stand structures than found in
managed mature boreal forest.
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