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Abstract
& Key message We compared two methods for detailed individual tree measurements: single image photogrammetry
(SIP), a simplified, low-cost method, and the state-of-the-art terrestrial laser scanning (TLS). Our results provide evi-
dence that SIP can be successfully applied to obtain accurate tree architectural traits in mature forests.
& Context Tree crown variables are necessary in forest modelling; however, they are time consuming to measure directly, and
they are measured in many different ways. We compare two methods to obtain crown variables: laser-based and image-based.
TLS is an advanced technology for three-dimensional data acquisition; SIP is a simplified, low-cost method.
& Aims To elucidate differences between the methods, and validate SIP accuracy and usefulness for forest research, we investigated
if (1) SIP and TLSmeasurements are in agreement in terms of the most widely used tree characteristics; (2) differences between the
SIP traits and their TLS counterparts are constant throughout tree density and species composition; (3) tree architectural traits
obtained with SIP explain differences in laser-based crown projection area (CPA), under different forest densities and stand
compositions; and (4) CPA modelled with SIP variables is more accurate than CPA obtained with stem diameter-based allometric
models. We also examined the correspondence between local tree densities extracted from images and from field measurements.
& Methods We compared TLS and SIP in a temperate pure sessile oak and mixed with Scots pine stands, in the Orléans Forest,
France. Standard major axis regression was used to establish relations between laser-based and image-based tree height and
diameter at breast height. Four SIP-derived traits were compared between the levels of stand density and species composition with
a t test, in terms of deviations and biases to their TLS counterparts. We created a set of linear and linear mixed models (LMMs) of
CPATLS, with SIP variables. Both laser-based and image-based stem diameters were used to estimate CPA with the published
allometric equations; the results were then compared with the best predictive LMM, in terms of similarity with CPATLS measure-
ment. Local tree density extracted from images was compared with field measurements in terms of basic statistics and correlation.

Handling Editor: John M Lhotka

Contribution of the co-authors Conceptualization, K.K., I.B. and A.G.;
methodology, K.K., I.B., M.D. and P.V.; software, K.K. andM.D.; formal
analysis, K.K., P.V., and M.D.; investigation, K.K., I.B., and M.D.;
resources, P.V., I.B., M.D., and K.K.; data curation, K.K., I.B., M.D., and
P.V.; writing original draft preparation, K.K., I.B., M.D., P.V., and A.G.;
funding acquisition, K.K., I.B., and A.G.

Electronic supplementary material The online version of this article
(https://doi.org/10.1007/s13595-018-0783-x) contains supplementary
material, which is available to authorized users.

* Kamil Kędra
k.kedra@ur.krakow.pl; k.w.kedra@gmail.com

1 Department of Forest Biodiversity, University of Agriculture in
Krakow, Al. 29 Listopada, Krakow 31-425, Poland

2 AgroParisTech, INRA, Silva, Université de Lorraine,
54000 Nancy, France

3 Southern Swedish Forest Research Centre, Swedish University of
Agricultural Sciences, Box 49, Alnarp 230 53, Sweden

4 EcoSustain, Environmental Engineering Office, Research and
Development, 31 rue de Volmerange, 57330 Kanfen, France

5 Irstea, UR EFNO, Domaine des Barres, 45290 Nogent sur
Vernisson, France

6 University Grenoble Alpes, Irstea, UR LESSEM,
38000 Grenoble, France

Annals of Forest Science (2019) 76: 5
https://doi.org/10.1007/s13595-018-0783-x

http://crossmark.crossref.org/dialog/?doi=10.1007/s13595-018-0783-x&domain=pdf
http://orcid.org/0000-0001-6914-908X
https://doi.org/10.1007/s13595-018-0783-x
mailto:k.kedra@ur.krakow.pl
mailto:k.w.kedra@gmail.com


& Results Tree height and diameter at breast height were reliably represented by SIP (Pearson correlation coefficients r = 0.92 and
0.97, respectively). SIP measurements were affected by the stand composition factor; tree height attained higher mean absolute
deviation (1.09 m) in mixed stands, compared to TLS, than in pure stands (0.66 m); crown width was more negatively biased in
mixed stands (− 0.79 m), than in pure stands (− 0.05 m); and diameter at breast height and crown asymmetry were found
unaffected. Crown width and mean branch angle were key SIP explanatory variables to predict CPATLS. The model was
approximately 2-fold more accurate than the CPA allometric estimations with both laser-based and image-based stem diameters.
SIP-derived local tree density was similar to the field-measured density in terms of mean and standard deviation (9.6 (3.5) and 9.4
(3.6) trees per plot, respectively); the correlation between both density measures was significantly positive (r = 0.76).
& Conclusion SIP-derived variables, such as crown width, mean branch angle, branch thickness, and crown asymmetry, were
useful to explain tree architectural differences under different densities and stand compositions and may be implemented in many
forest research applications. SIP may also provide a coarse measure of local competition, in terms of number of neighbouring
trees. Our study provides the first test in mature forest stands, for SIP compared with TLS.

Keywords Tree architecture . Branching system . Variable selection . Temperate pure and mixed forests . Remote sensing .

Allometry

1 Introduction

Tree architectural traits provide detailed information on
crown geometry, such as the position, shape (i.e. morphol-
ogy), size and orientation of modules that constitute the
branching system. In this paper, we follow the definition
of tree architecture proposed by Barthélémy and Caraglio
(2007) and simplified by Martin-Ducup et al. (2016) as
Bspatial arrangement of the different parts of a tree at a
given time^. Knowledge of tree architectural traits is im-
portant for a number of reasons, e.g. (i) they quantify the
architecture of an individual tree (Poorter et al. 2003,
2006); (ii) they are susceptible to the external factors and
thus useful for predicting aboveground biomass (Forrester
et al. 2017); (iii) they are very useful in estimating tree
plasticity, i.e. the ability of spontaneous adaptation to the
changing environmental conditions (Barbeito et al. 2014;
Takahashi 1996; Van de Peer et al. 2017); and (iv) they can
be used for estimating tree vigour and may be helpful in
predicting growth of trees and forest stands (Lee et al.
2014; Rust and Roloff 2002).

However, tree architectural traits are difficult to measure
in the field, especially for large trees and in dense stands.
Therefore, they are sometimes inferred from basic tree
metrics (such as stem diameter) with allometric models,
built from samples of empirical data (e.g. Pretzsch et al.
2015). Existing methods to measure architectural traits
may be grouped as destructive or non-destructive, direct
or indirect, detailed or general, expensive or low cost,
time-consuming or fast ones. The destructive techniques,
though direct and most accurate, exclude the possibility of
repeated measurements. Conversely, three types of non-
destructive methods have been recently used, namely,
sight-, image- (photogrammetric) and laser-based tech-
niques. The sight-based methods are common praxis in
forest inventories (Fleck et al. 2011) and include some

general tree measurements, like tree height (H), crown
length (CL), crown radii (CR) and crown width (CW),
which may be gained with the use of a measuring tape
and a hypsometer. The other two methods rely on remote
sensing and have been developed since the nineteenth and
the twentieth centuries, for photogrammetry and LiDAR
(light detection and ranging), respectively. Ground-based
remote sensing methods enable the acquisition of more
detailed tree characteristics, like branch length (BL),
branch thickness (BT) and branch angle (BA). Terrestrial
laser scanning (TLS) is the most accurate and a popular
technology, among the laser-based methods, for describing
individual tree architecture (Liang et al. 2016), while
image-based methods vary from multiple-image methods
(Phattaralerphong and Sinoquet 2005) to analysis of a
single-image (Gazda and Kędra 2017) approaches. TLS
systems have been thoroughly calibrated (Liang et al.
2016) ; however, compar isons between TLS and
photogrammetric methods are scarce. In one of such few
studies, Delagrange and Rochon (2011) found that
multiple-image photogrammetry, which produces a three-
dimensional (3D) voxel-based model, was especially use-
ful for yielding the two-dimensional (2D) architectural
traits, while TLS was the predominant method for gaining
the 3D traits, with both methods resulting in acceptably
accurate measurements. Liang et al. (2016) also argued that
the advantages of image-based methods include size,
weight and price of the equipment. In turn, TLS is best in
wood quality assessment and measurement accuracy, com-
pared to multiple-images, mobile laser scanning and per-
sonal laser scanning methods (Liang et al. 2016). Thus,
TLS and photogrammetry may be seen as contrasting, yet
complementary techniques. Here, we focus on a compari-
son between TLS and the single-image photogrammetry
(SIP) (Gazda and Kędra 2017), which has not yet been
calibrated with a well-established method.
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The model species here, sessile oak (Quercus petraea
(Matt.) Liebl.), is a deciduous, long-lived, competitive and
stress tolerant species, widely distributed in Europe, of high
ecological, commercial and cultural importance (Eaton et al.
2016; Saenz-Romero et al. 2017). Mature trees are known to
display complex and diverse architectural patterns, initially
following the Rauh’s architectural model (Oldeman 1990),
which make their architectural inventory a challenging task.
Moreover, we compared both methods in a temperate pure
sessile oak and mixed with Scots pine (Pinus sylvestris L.)
forests. Species mixing may have a significant effect on tree
architecture: larger and longer crowns are expected in case of
target trees growing in mixtures (Barbeito et al. 2017; Bayer
et al. 2013), which add variability to our tests of TLS and SIP.

FromTLS, we obtain a 3D object, which allows tomeasure
many tree characteristics, such as horizontal crown projection
area (CPATLS), providing information on factors such as space
occupied by an individual tree, its radial growth potential, leaf
biomass, carbon sequestration and competitive interactions
within forest canopy (Fleck et al. 2011; Pretzsch et al. 2015).
From SIP, we obtain a 2D vertical representation of a tree
system, which may serve to derive such traits as BA, BL or
BT; however, horizontal crown projection cannot bemeasured
with SIP. The main objective of this study was to elucidate
differences between the two methods and validate SIP accu-
racy and usefulness for forest research. We addressed the fol-
lowing working hypotheses:

1. SIP and TLS measurements are in agreement in terms of
the most basic and widely used tree characteristics.

2. The differences between the SIP traits and their TLS
counterparts are constant throughout the tree density and
species composition levels of the study.

3. Tree architectural traits obtained with SIP explain differ-
ences in laser-based CPA, under different forest densities
and stand compositions.

4. CPA modelled with SIP variables is more accurate than
CPA obtained with stem diameter-based allometric
models.

Additionally, we compared local tree density extracted
from images with the same variable extracted from field
measurements.

2 Materials and methods

2.1 Study area and tree sampling

The study was conducted in the Orléans National Forest,
Central France (47° 49′ N, 2° 29′ E).The area has a temperate
continental climate with an oceanic influence: mean annual
temperature is 10.8 °C, and mean annual rainfall is 729 mm

(1981–2010 data from the SAFRAN and ISBA analytical
platforms, Météo-France; Durand et al. 1993). The soil is
qualified as a primary planosol (IUSS Working Group
2014). This type of soil is poor and acidic (C < 1%, C/N <
20, pH = 4.5). The first horizon is loamy sand lying on a more
or less impermeable clay horizon about 50 cm deep; this leads
to temporarily waterlogged conditions in winter and spring.
The terrain is predominantly flat.

We measured 54 oak trees within a network of plots
established by the OPTMix experiment (for details, see
optmix.irstea.fr): oak pine tree mixture (Korboulewsky et al.
2015). The plots represented six stands, differing in such fac-
tors as species composition and tree density (Table 1). Thirty
trees were selected for mixed species composition (sessile oak
mixed with Scots pine) and 24 trees for pure oak plots. The
DBH of target trees ranged between 10 and 40 cm. Stand
density, expressed by the relative density index (RDI), varied
from low (dynamic management scenario, RDI = 0.4) to mod-
erate (conservative management scenario, RDI = 0.7). The
measured trees were between 60 and 80 years old.

2.2 Field measurements

In the leafless period (March) of 2016, 54 oak trees were cap-
tured by both methods: TLS and SIP (Fig. 1). The TLS team
consisted of two people while SIP was conducted by a single
person. TLS measurements followed Dassot et al. (2012),
which included placement of reference spheres and taking sev-
eral laser scans around each target tree (with a FARO
Focus3DX130 scanner), from four different positions, to limit
occlusion, and ensure the proper representation of the whole
branching system. In the case of SIP, fieldwork was performed
according to Gazda and Kędra (2017). The method required
one high-resolution digital image per tree; Sony DSC-HX20V
camera was used. The distance from each image taken as well
as camera tilt (image angle) were kept constant for every target
tree (20 m and 15°, respectively), to ensure comparable accu-
racy within SIP method. The image azimuth (image direction)
was established as a resultant of the following: (a) best possible
visibility of whole target tree and (b) capturing the largest
crown asymmetry and/or largest crown width (estimated by
visually examining the target tree’s crown from below).

2.3 Data extraction

The TLS- and SIP-derived variables are presented and defined
in Table 2. In the TLS method, each target tree was manually
extracted from the global point cloud using PolyWorks soft-
ware (PolyWorks, InnovMetric software Inc.); DBHTLS, HTLS

and CPATLS tree characteristics were extracted following
Barbeito et al. (2017). In this study, we did not perform point
cloud downsampling, to take advantage of the high
(subcentimetre) accuracy of the TLS point cloud. The TLS
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measurements used in this study were distances between spe-
cific points of the point clouds or metrics of convex polygons
derived directly from the data points. We have not used any
fitting approaches (except for DBH), which would be neces-
sary to obtain more advanced TLS traits, such as branch
lengths and angles. Disentangling the errors of laser measure-
ment and additional model fitting would overwhelm the main
objectives of this study. CWTLS and crown asymmetry
(CWATLS) were extracted in QGIS software (QGIS
Development Team 2016), from the vertices of crown projec-
tion polygons, their centroids and stem base centre points.
Image vectorization of the SIP method followed Gazda and
Kędra (2017). The five TLS-based traits under study relate
differently to SIP-based traits: tree height was similarly de-
fined in case of both methods, as the vertical distance between
the lowest and highest parts of a tree; DBH, in TLS, was

assessed from least square circle fitting on a 2-cm-thick slice
of points at 1.30m height, and in SIP, it was measured within a
selected plane (perpendicular to the image direction). Both
traits, when measured with TLS, may attain some error, such
as 0.5 m for tree height and 2 cm for DBH (Calders et al.
2015). TLS horizontal crown projection area was calculated
from a convex crown polygon (see Barbeito et al. 2017) for a
detailed explanation of the differentiation between a convex
and non-convex crown polygon), and this trait could not be
measured with SIP. TLS is a very accurate method to measure
crown projection area (Fleck et al. 2011) and thusmay be used
as reference data. CWTLS and CWATLS were also obtained in
relation to the horizontal crown projection polygon, while
crown width assessed with SIP (CWSIP) and CWASIP related
to the vertical crown polygon, measured in the selected plane
(see Sect. 2.2 for details). For this reason, CWand CWAwere

Fig. 1 a Comparison of two silhouettes from the same sessile oak tree.
Left, TLS point cloud; right, digitized architecture obtained with the
single image photogrammetric (SIP) method (software used: QGIS
(QGIS Development Team 2016)); different line weights represent differ-
ent orders of branches; basic measurements are shown: CRL (left crown
radius), CRR (right crown radius), DBH (diameter at breast height), H

(tree height) and CWA (crown width asymmetry). The scale is constant
for both silhouettes, the object size (height) measured with TLS is
20.75 m and 20.83 m measured with the image-based method. b
Transformed image and measurement of number of trees neighbouring
the target individual within an 8-m radius

Table 1 Basic characteristics of
forest stands and target trees used
in this study. P: pure sessile oak
stands, M: oak mixed with Scots
pine

Stand no. Stand code No. of plots/target
trees

Target tree mean
DBHTLS (cm)

Mean basal area
(m2/0.03 ha)

Stand
composition

1 O214 12 21.98 0.62 P

2 O12 12 22.82 0.66 P

3 O598 12 25.65 0.72 M

4 O57 12 22.25 0.79 M

5 O255 3 31.10 1.03 M

6 O108 3 27.10 1.25 M
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excluded from direct comparison between SIP and TLS,
which however, were included in the sensitivity analysis of
SIP measurements in relation to stand conditions (Sect. 2.4.2).
Three out of the five TLS-based traits are difficult to measure
with common methods and are rarely available, namely CPA,
CW and CWA.

In SIP, mean branch angle (MBASIP) was obtained as a
mean value for optimally five particular branch angles
(Fig. 2) within a single branching system. The set of individ-
ual branch angles consisted of largest angles between the main
tree axis and the second order axes, distributed along crown
length. We also kept that measurement when less than five
second-order branches fulfilled the requirements. In the SIP,
most precise measurements refer to those parts of a tree that
are included within the measurement (projection) plane
(Gazda and Kędra 2017); we assumed that largest branch an-
gles belong to branches closest to the plane. The extraction of
tree axes (skeletonization) preceded any other measurements;
branches that underwent this procedure were not less than
2 cm thick; and the pixel size of transformed images was
6 × 6 mm. The angle measurement was similar to that present-
ed in Bayer et al. (2013); however, in that study, the branch
angle was instead related to the vertical direction. A single-
tree data extraction, for all 11 SIP traits, took approximately
3 h on average, including some double-checking and breaks.

While in TLS, the single-tree data extraction (including tree
separation) took approximately 1.5 h on average, for DBH,
CPA vertices, tree base points and tree height.

Table 2 Description of the architectural traits measured with TLS or SIP methods

Method Abbreviation Mean (SD) Unit Description

TLS HTLS 18.44 (2.45) m Tree height, assessed as the vertical distance between the highest and the
lowest point

DBHTLS 23.84 (6.21) cm Diameter at breast height, assessed from least square circle fitting on
a 2-cm-thick slice of points at 1.30 m height

CPATLS 36.04 (18.23) m2 Convex, horizontal crown projection area

CWATLS 1.34 (0.76) m Crown width asymmetry; the horizontal distance between the
horizontal crown projection centroid and stem base point

CWTLS 6.89 (2.01) m Crown width; crown projection polygon extent, along the direction of CWATLS

SIP HSIP 18.84 (2.82) m Tree height

DBHSIP 25.52 (6.45) cm Diameter at breast height, measured within a selected plane (perpendicular to
the image direction)

CASIP 49.88 (25.41) m2 Non-convex, vertical crown projection area

CLSIP 12.59 (3.81) m Crown length, assessed as the vertical distance between the
highest and the lowest point of digitized live-crown envelope

CWSIP 6.42 (2.38) m Crown width (CRSIPL + CRSIPR), where CRSIPL and CRSIPR are two crown
radii observed in the image (on the left and right sides of the stem,
respectively)

CWASIP 1.08 (0.74) m Crown width asymmetry (CRSIPmax −CWSIP/2), where CRSIPmax
is CRSIPL or CRSIPR, whichever greater

ALSIP 49.81 (21.81) m Total length of stem and branches

MBLSIP 2.06 (0.69) m Mean (per tree) 2nd-order branch length

MBASIP 45.94 (13.31) ° Mean (per tree) branch angle

MBTSIP 5.24 (1.82) cm Mean (per tree) 2nd-order branch thickness

FBHSIP 8.73 (2.21) m Height of insertion of the first (lowest) branch

Fig. 2 Visual representation of a particular branch angle (BASIP)
measurement with SIP method; BT is the thickness of the branch
measured at the distance of 0.5 m from the branch insertion point; the
software used for measurements was QGIS v.2.8.7 (QGIS Development
Team 2016)
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2.4 Data processing and statistical analyses

2.4.1 Tree height and diameter at breast height

For the two pairs of traits measured with TLS and SIP, which
could be directly compared (tree heights: HTLS–HSIP and di-
ameters at breast height: DBHTLS–DBHSIP), we built
standard major axis regression (SMA) models. We aimed at
establishing relatedness between the traits coming from differ-
ent methods in terms of Pearson product–moment correlation
r, R-square and model slope values. SMA regression was
more suitable here than a simple linear regression, because it
can deal with variability (i.e. measurement errors) in both
response and explanatory variables. All analyses were con-
ducted in R v.3.4.1 statistical software (R Core Team 2017);
the SMA models were fitted using the Blmodel2^ package
(Legendre 2014). We tested for multivariate normality in data
with the BmvnTest^ package (Anderson–Darling test) (Pya
et al. 2016).

2.4.2 Sensitivity of SIP measurements to varying stand
density and tree species composition

We assumed that the quality of TLS measurement was always
very high, disregarding the stand variation of this study
(Table 1). Thus, we could test if the deviations of SIP in
relation to TLS differ significantly between contrasted stand
conditions. To do that, two stand factor variables were used
representing stand density and species composition. For stand
density (in terms of the number of neighbouring trees, in the
distance of up to 8 m from the target tree), there were two
levels: lower density (between two and eight stems, with 29
observations) and higher density (between 9 and 19 stems,
with 25 observations). For stand composition, there were also
two levels: pure oak plots (24 observations) and oak mixed
with pine (30 observations). Welch two-sample t test was
used, as the sample sizes were unequal, with possibly different
variances. The investigation included four variables: DBH, H,
CW and CWA. We tested for non-zero differences in mean:
absolute deviations (MAD), absolute percentage deviations
(MAPD) and biases (SIP minus TLSmeasurements), between
the levels of the two stand factors. Additionally, Pearson’s
correlations between SIP measurements and their TLS coun-
terparts were calculated to give the traits’ relatedness context.

2.4.3 Horizontal crown projection area

CPATLS had no such a direct counterpart in the SIP-derived
trait set. Thus, we tested if such TLS-based variable could be
modelled with a set of SIP variables. To select the best subset
of SIP traits for further TLS trait modelling, we used the R
package Bolsrr^ (Hebbali 2017), a tool for building and com-
paring ordinary least square (OLS) regression models. A total

number of 2047 OLS models were analysed. This included all
possible combinations of the 11 SIP variables. Eleven subsets,
including 1 to 11 predictors, were selected in terms of widely
used model evaluation criteria: R-square, adjusted R-square,
Mallow’s Cp and Akaike Information Criterion (AIC). Those
were extracted from a longer list of criteria available with the
R package (Hebbali 2017). Selected subsets of variables were
then used to create linear mixed models (LMMs) with the
Blme4^R package (Bates et al. 2015). All random effects were
induced by forest stand (Table 1), to account for hierarchy (or
nesting) of the data. We assumed that trees from a given stand
were likely more similar to each other than trees from different
stands, due to factors such as local soil composition and mi-
croclimate. The two stands, from which there were only three
observations (O255, O108), were pooled together; they were
similar in terms of tree density, target tree size and species
composition. We propose a general modelling framework, as
exemplified by subsets of up to three explanatory variables
(Table 3).

Models indexed with the letter Ba^ allowed for random
intercept only; all other LMMs allowed both random slopes
and random intercepts, but the random effects, coming from
five levels of stand, were connected to different variables
within model groups, i.e. LMM[2b,c] and LMM[3b–d]. We
compared the root mean squared errors (RMSE) of all LMMs
and simple linear models (including the same variables), to
test if adding another explanatory variable and including ran-
dom effects made any difference in model performance. In all
cases, RMSE values were obtained with model fitted values
(RMSE1) and using a leave-one-out model analysis
(RMSE2). Subsequently, the best predictive model was
selected.

To test the fourth hypothesis, we used simple allometric
models (Pretzsch et al. 2015), to predict crown radius (CR =
half the crown diameter), with both DBHSIP and DBHTLS. The
allometric models presented by Pretzsch et al. (2015) aim at
predicting maximal crown dimension for a given stem diam-
eter, are robust, created from large data sets (mainly from the
Southern German long-term forest research plots) and include
equations for 22 tree species and general models for 5 crown
expansion types (groups of several species). Sessile oak was
not among those 22 species, and therefore, we used the equa-
tion for the most closely related species from the list, pedun-
culate oak (Quercus robur L.):

CR ¼ exp −1:4370ð Þ � DBH0:8157; ð1Þ
and the equation for sessile oak crown extension type (the
same as for pedunculate oak):

CR ¼ exp −1:4936ð Þ � DBH0:7985: ð2Þ

The crown dimensions were then used to estimate CPA
(CPA = pi × CR2). We compared both models with the best
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predictive model of this study (LMM or LM), in terms of
similarity with CPATLS, by calculating RMSE and percentage
RMSE.

2.4.4 Tree density obtained with SIP or field measurements

Gazda and Kędra (2017) highlighted the possibility to esti-
mate tree density with SIP method. However, in that study,
upland landscape strongly limited the use of that concept.
Here, we estimated number of all mature trees (N_SIP) within
a circular area of 8 m radius from each target tree (Fig. 1b). We
compared those results with field measurements. Circles were
fitted to the images with the use of a camera model in
ArchiCAD software (https://myarchicad.com/). However, the
circle may be also fitted with the use of a reference image,
which is more widely accessible method to SIP users (Gazda
and Kędra 2017). We assumed that the terrain was completely
flat, and thus, the perspective image of the bounding circle
(i.e. an ellipse) was always the same. Trees that were
visually assessed as growing inside the circle were marked
with a point in QGIS v.2.8.9 software (QGIS Development
Team 2016). The outcome was a simple count of individuals.
We compared this result to field measurements in terms of
basic statistics (mean and standard deviation), Pearson corre-
lation coefficient, and with a LMM, which allowed for a ran-
dom intercept induced by stand differences.

3 Results

3.1 Tree height and diameter at breast height

For both pairs of variables (HTLS–HSIP and DBHTLS–
DBHSIP), the distribution was bivariate normal; error variance
on each axis was proportional to variance of corresponding
variable; and correlation r was significant (Table 4). For both
models (HTLS~HSIP and DBHTLS~DBHSIP), the correlation

coefficients were very high (r > 0.9). DBH measurement
attained higher values in case of SIP compared with TLS
within the whole range of measurements. While the HSIP

values were lower, compared with HTLS, in case of smaller
trees, and higher for higher trees, tree heights ranging ca. 15–
17 m were estimated most similarly by both methods (Fig. 3).

3.2 Sensitivity of SIP measurements to varying stand
density and tree species composition

In the studied range of stand variation, the SIP measurements
were only affected significantly by the stand composition factor
(Table 5). Interestingly, from the set of four traits derived from
SIP (DBHSIP, HSIP, CWSIP andCWASIP), tree height occurred to
be the most sensitive one, being the most accurate at the same
time. Both mean absolute deviation (MAD) and mean absolute
percentage deviation (MAPD) were higher in mixed oak pine
stands, compared to pure oak stands (by 0.43 m and 2.42%,
respectively). However, we found no significant difference in
bias of the measurements (0.24 m (1.29%) and 0.53 m (2.86%)
for pure and mixed stands, respectively). In turn, CWSIP was
significantly more biased in mixed stands (− 0.79 m (−
10.30%)) versus pure stands (− 0.05 m (− 0.89%)), but there
were no significant differences in MAD orMAPD, which were
around 1 m or 16%, respectively. The other traits did not show
significant variations in accuracy or precision. Nonetheless, the
difference in MAD of CWSIP was close to the 0.05 significance
threshold (0.86 m in pure and 1.29 m in mixed stands; p =
0.052). DBHSIP was the only trait seemingly affected by the
stand density factor, in terms ofMAPD (6.73% at lower density
and 10.12% at higher density; p = 0.057). Crown width asym-
metry appeared to be the most stable trait between the
levels of both factors (MAD between 0.38 and 0.43 m; bias
between − 0.30 and − 0.19 m). The lowest correlation with
TLS measurement was for CWSIP at higher density (r =
0.77) and the highest for DBHSIP in mixed stands (r =
0.98); all correlations were significant (p < 0.001).

Table 3 Summary of the
modelling framework for
building linear mixed models
(LMMs) in this study; Trait_xTLS
is the TLS-derived response vari-
able (here CPATLS); Trait_xnSIP
are the explanatory SIP-derived
variables

No. of variables Model ID Formula1

1 LMM[1a] trait_xTLS ~ trait_x1SIP + (1|stand)

LMM[1b] trait_xTLS ~ 1 + (trait_x1SIP|stand)

2 LMM[2a] trait_xTLS ~ trait_x1SIP + trait_x2SIP + (1|stand)

LMM[2b] trait_xTLS ~ (trait_x1SIP|stand) + trait_x2SIP
LMM[2c] trait_xTLS ~ trait_x1SIP + (trait_x2SIP|stand)

3 LMM[3a] trait_xTLS ~ trait_x1SIP + trait_x2SIP + trait_
x3SIP + (1|stand)

LMM[3b] trait_xTLS ~ (trait_x1SIP|stand) + trait_x2SIP + trait_x3SIP
LMM[3c] trait_xTLS ~ trait_x1SIP + (trait_x2SIP|stand) + trait_x3SIP
LMM[3d] trait_xTLS ~ trait_x1SIP + trait_x2SIP + (trait_x3SIP|stand)

1 R notation was used; the models accounted for unexplained deviance by either fixed or random (stand) effects,
assumed to be normally distributed, with mean equal to zero
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3.3 Horizontal crown projection area

When setting CPATLS as the response variable and all the SIP-
derived traits as potential explanatory variables, we obtained a
list of possible subsets, ordered by the number of included
variables (1 to 11) (Fig. 4). Table 6 presents membership of
the best subsets and values for the criteria of selection. We
decided to stop our analysis at the third subset (CWSIP +
MBASIP + MBTSIP), because we observed little gain in AIC
or Mallow’s Cp when considering four or more explanatory
variables.

On a second step, we created LMMs according to the
formulas: LMM[1a] to LMM[3d] and the reference linear
models (LMs) to predict TLS-derived horizontal crown
projection area (CPATLS). The trends for both RMSE
values were similar but always higher in case of the
leave-one-out method (RMSE2) and differed by 0.32 to
2.14 m2 (Table 7). Stand random effect on intercept only
appeared to be effective in the first subset, with just CWSIP

as explanatory variable (LMM[1a]). Model LMM[2c]
showed the best predictive performance (RMSE1 = 5.67;
RMSE2 = 7.45 m2); the model included random intercept
and random slope for mean branch angle (MBASIP), as a
result of differences in stand characteristics. This result
improved the corresponding simple linear model, by 3.32
and 2.11 m2 in terms of RMSE1 and RMSE2, respectively.
For all subsets of explanatory variables, both RMSE1 and
RMSE2 values were always lower in case of LMMs, com-
pared with their reference LMs. The second best model
(LMM[3c]) included three explanatory variables,

including MBTSIP. In this model, the random effect was
also combined with MBASIP, similarly as in the case of
LMM[2c].

Crown projection area estimates with allometric Eq. (1)
resulted on slightly higher RMSE from DBHSIP (14.34 m2)
than from DBHTLS (13.83 m2), which correspond to per-
centage RMSE of 39.79 and 38.38%, respectively. The
CPA predictions with Eq. (2) appeared slightly better in
case of DBHSIP (RMSE = 15.82 m2, percentage RMSE =
43.89%) than from DBHTLS (RMSE = 16.85 m2, percent-
age RMSE = 46.75%). All the allometric CPA estimations
were approximately 2-fold less accurate than that of model
LMM[2c] and were rather negatively biased, compared to
TLS reference measurement (e.g. − 3.64 m2, for Eq. (1)
with DBHTLS).

3.4 Tree density obtained with SIP or field
measurements

The LMM revealed a tendency to overestimation of num-
ber of trees by SIP at higher densities and underestimation
at lower densities (model slope = 33.45°; Fig. 5). The
model allowed a random intercept from five levels of
stand; this led to a slight stratification in the model. Two
stands resulted in visible displacements in the regression
lines: O214 (highest intercept) and O598 (lowest inter-
cept). The other three lines were much closer together.
The Pearson’s correlation for SIP and field data was sig-
nificantly positive (Table 8).

Table 4 Results for the Anderson–Darling test for multivariate normal-
ity (AD and p value) and SMA regression outputs for tree height
(HTLS~HSIP) and diameter at breast height (DBHTLS~DBHSIP)

measurements: Pearson product–moment correlation (r) and regression
parameters (slope and intercept values)

Model AD p value r SMA_slope SMA_intercept

HTLS~HSIP 0.34 0.76 0.92 0.87 (40.92°) 2.11

DBHTLS~DBHSIP 0.94 0.14 0.97 0.96 (43.88°) − 0.70

Fig. 3 Relatedness of the TLS-
and SIP-derived variables. Left,
tree height (in metres); right, di-
ameter at breast height (in
centimetres); black solid lines are
the SMA regression lines, grey
lines represent 95% confidence
intervals and dashed lines are the
45-degree lines
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4 Discussion

4.1 Agreement between SIP and TLS

Our results showed that the SIP-derived global tree traits are in
agreement with those obtained from TLS-based measure-
ments. From the set of all analysed variables, only one aimed
at measuring exactly the same quantity in case of both

methods, namely tree height (HSIP or HTLS). This trait was
preliminarily assessed as the most influenced by the overall
crown shape and branching pattern when measured with SIP:
in case of trees with wide crowns and a sympodial growth, the
error of HSIP may be as high as 60%, because of crown self-
occlusion; however, for species with monopodial growth, the
error may be lower than 1% (Gazda and Kędra 2017). We
cannot define the overall branching patterns of measured

Table 5 Correlations, mean absolute deviations (MAD), mean absolute
percentage deviations (MAPD) and biases of selected SIP measurement
in relation to TLSmeasurements and between two stand factors: (a) stand

density and (b) species composition; the statistical tests refer to Welch t
test for differences in means; and significant differences at the 0.05 and
0.1 levels were denoted by bold font and by italics, respectively

Trait Factor
level

Correlation Deviation MAD t test MAPD t test Bias Bias t test

r p value MAD1 MAPD2 t df p value t df p value Bias3 Bias % t df p value

(a) Stand density
DBH (cm) Lower 0.969 2.2E−16 1.66 6.73 1.219 50.12 0.228 1.953 42.63 0.057 1.46 5.70 1.130 50.24 0.264

Higher 0.971 7.17E−16 2.10 10.12 1.94 8.90
H (m) Lower 0.896 4.79E−11 1.03 5.56 − 1.410 51.16 0.165 − 1.363 50.99 0.179 0.39 2.09 0.029 50.25 0.977

Higher 0.950 3.74E−13 0.76 4.14 0.40 2.24
CW (m) Lower 0.839 1.35E−08 1.06 14.34 0.318 43.95 0.752 1.331 38.05 0.191 − 0.27 − 3.56 − 1.174 49.98 0.246

Higher 0.767 7.67E−06 1.14 18.98 − 0.69 − 11.24
CWA (m) Lower 0.863 1.76E−09 0.39 38.53 0.382 35.86 0.705 0.402 51.28 0.690 − 0.23 − 17.08 − 0.331 42.62 0.742

Higher 0.783 3.78E−06 0.43 42.94 − 0.28 − 21.48
(b) Species composition
DBH (cm) Pure 0.964 4.25E−14 2.10 9.84 − 1.163 47.01 0.251 − 1.561 41.55 0.126 1.93 8.61 − 1.051 47.37 0.299

Mixed 0.976 < 2.2E−16 1.68 7.07 1.48 5.94
H (m) Pure 0.949 1.61E−12 0.66 3.56 2.344 50.75 0.023 2.461 49.99 0.017 0.24 1.29 1.005 50.35 0.320

Mixed 0.928 1.64E−13 1.09 5.98 0.53 2.86
CW (m) Pure 0.894 4.11E−09 0.86 15.43 1.988 51.81 0.052 0.548 46.62 0.587 − 0.05 − 0.89 − 2.183 51.99 0.034

Mixed 0.816 3.99E−08 1.29 17.33 − 0.79 − 10.30
CWA (m) Pure 0.792 3.97E−06 0.38 42.37 0.368 45.41 0.715 − 0.295 50.75 0.769 − 0.19 − 15.64 − 0.849 45.61 0.401

Mixed 0.809 6.25E−08 0.42 39.13 − 0.30 − 21.41

1MAD=mean(abs(traitSIP − traitTLS))
2MAPD =mean(abs((traitSIP − traitTLS)/traitTLS))×100
3 Bias = mean(traitSIP − traitTLS)

Fig. 4 Graphical representations
for the output of Bols_best_
subset^ function (package Bolsrr^
in R); 11 subsets were
distinguished, ranked by the
number of included variables and
criteria of model selection: R-
square, adjusted R-square,
Mallow’s C(p) and Akaike
Information Criterion (AIC); grey
horizontal and vertical lines de-
note subsets which improved the
criteria
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oak trees as strictly monopodial; thus, defining the main axes
of the oak trees with SIP was sometimes arbitrary.
Nonetheless, more than 80% of the variance in HTLS measure-
ment was explained by HSIP.

DBH was defined differently in case of both SIP and TLS
methods. This could explain that DBHSIP was constantly larg-
er than DBHTLS, which was not the case for tree height.
Despite this, more than 90% of variance in DBHTLS was ex-
plained by DBHSIP. The result may be explained by the meth-
odological assumptions of SIP, especially that the vertical
plane of measurement cross sections target tree’s base, and
the finding that the measurement error increases with distance
to the plane of measurement (Gazda and Kędra 2017).

CPA area measured by TLS (CPATLS) was a 3D object-
derived trait (Barbeito et al. 2017), and as such, it could not
be measured with SIP. However, we found a close correlation
between CPATLS and crown width (CWSIP), which, supple-
mented with MBASIP, enabled effective modelling of CPATLS.
The best predictive model LMM[2c] resulted on 15.8%
RMSE1 and 20.7%RMSE2.We found RMSE2more reliable,
because it was based on a set of models’ errors, computed
independently from the training data sets. The inclusion of
the random (stand) effect improved predictions in all cases
and was most effective when connected to branch angles.
This confirms that branching angles are very sensitive to local
environmental conditions such as tree density and species

Table 7 Summary of the LMMs, created according to the formulas
LMM[1a]-LMM[3d], and the reference linear models (LMs), to predict
TLS-derived horizontal crown projection (CPATLS) with SIP-derived da-
ta, showing model prediction errors: RMSE1 (based on model fitted
values), RMSE2 (based on a leave-one-out analysis); the best predictive
model is denoted by italics; and all models’ coefficients are given in the
Electronic supplementary material

Model ID RMSE1 (m2) RMSE1 (%) RMSE2 (m2) RMSE2 (%)

LM[1] 9.94 27.59 10.23 28.37

LMM[1a] 8.27 22.94 9.49 26.32

LMM[1b] 8.25 22.89 9.90 27.48

LM[2] 8.99 24.96 9.56 26.51

LMM[2a] 7.75 21.50 9.16 25.43

LMM[2b] 7.48 20.76 8.97 24.90

LMM[2c] 5.67 15.75 7.45 20.66

LM[3] 8.65 24.00 9.59 26.61

LMM[3a] 7.79 21.62 9.44 26.20

LMM[3b] 7.53 20.90 9.28 25.75

LMM[3c] 5.68 15.76 7.82 21.69

LMM[3d] 7.63 21.18 9.17 25.43

Fig. 5 Comparison of SIP (N_SIP) with field (N) tree counts within an 8-
m distance from the target tree (for 54 plots); grey lines are the regression
lines of a mixed effects model, where the random effect (on intercept) was
stand with five levels: O214, O108_O255, O12, O57 and O598 (from
largest to lowest intercept value); dashed line is the 45-degree line;
the observations were jittered along the vertical axis to show over-
lapping points

Table 6 Best subsets of SIP-derived variables to predict CPATLS ranked by the number of included variables (index) and criteria of model selection: R-
square, adjusted R-square, Mallow’s C(p) and Akaike Information Criterion (AIC); three best subsets, analysed further, are denoted in italics

Index Predictors R-square Adj. R-square C(p) AIC

1 (LM[1]) CWSIP*** 0.70 0.69 14.92 407.30

2 (LM[2]) CWSIP***, MBASIP** 0.75 0.74 5.12 398.47

3 (LM[3]) CWSIP***, MBASIP***, MBTSIP* 0.77 0.76 3.12 396.24

4 CWSIP***, MBASIP***, MBTSIP^, CWASIP^ 0.78 0.77 2.28 395.02

5 CWSIP***, MBASIP***, MBTSIP^, CWASIP^, FBHSIP 0.79 0.77 2.56 394.99

6 CWSIP***, MBASIP***, MBTSIP, CWASIP^, HSIP^, DBHSIP 0.80 0.77 3.29 395.42

7 CWSIP***, MBASIP***, MBTSIP, CWASIP*, FBHSIP, HSIP, DBHSIP 0.80 0.77 4.49 396.41

8 CWSIP**, MBASIP**, MBTSIP, CWASIP*, FBHSIP, HSIP, DBHSIP, MBLSIP 0.80 0.77 6.14 397.97

9 CWSIP^, MBASIP**, MBTSIP, CWASIP*, FBHSIP, HSIP, DBHSIP, MBLSIP, CASIP 0.80 0.76 8.03 399.82

10 CWSIP, MBASIP*, MBTSIP, CWASIP^, FBHSIP, HSIP, DBHSIP, MBLSIP, CASIP, CLSIP 0.80 0.76 10.01 401.80

11 CWSIP, MBASIP**, MBTSIP, CWASIP^, FBHSIP, HSIP, DBHSIP, MBLSIP, CASIP, CLSIP, ALSIP 0.80 0.75 12.00 403.79

*p < 0.05; **p < 0.01; ***p < 0.001; ^p < 0.1
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composition (Bayer et al. 2013). Branch length, on the con-
trary, seems to be more or less constant for a given diameter
(Gazda and Kędra 2017). We suspect that this explains why
DBHSIP and ALSIP were not included in the first five best
subsets of variables to predict CPATLS.

4.2 Comparison with previous studies

Few studies have compared image-based with laser-based tree
architectural traits measurements. One of such studies was
done by Delagrange and Rochon (2011) on an individual sap-
ling (2 m high), analysed with TLS- and image-based data. It
is difficult to directly compare that study with ours, because
there was just one small tree sampled, and the photogrammet-
ric method used multiple images and an algorithm to build a
3D (voxel) model (BTreeAnalyser^; Phattaralerphong and
Sinoquet 2005), which preceded measurements. However,
some of the analysed architectural traits were the same. For
tree height, the image-based measurement attained the er-
ror of 4.5% (it was − 0.5% for TLS); crown diameter (here
as crown width) was overestimated from images by 9.7%
(and 3.4% by TLS). In that context, the results for the SIP
method were satisfactory. Results of that study confirm
that comparison of a new method with TLS is a good cal-
ibration technique, the errors being always much lower in
case of the laser-based measurements.

Bournez et al. (2017) compared their BTreeArchitecture^
algorithmwith two other methods for automated treemeasure-
ments from TLS data: BPlantScan3D^ (Boudon et al. 2014)
and BSimpleTree^ (Hackenberg et al. 2015). They used six
urban individual trees with different architectures; the refer-
ence measurements there were often connected to a manual,
3D tree skeletonization. For the number of detected branches,
the error varied between − 77.4 and 282.6%; for total length of
branches, from − 60.9 to 19.9%; and for DBH, from − 37.5 to
4.9%. The CPATLS prediction error for an individual tree in
our study ranged between − 42 and 59%, which is a compa-
rable range of errors, to those of that study. However, in TLS,
when the automated work done by an algorithm is combined
with manual corrections, the errors may be largely reduced
(Momo Takoudjou et al. 2017).

Our comparison of crown projection area estimates with
allometric models showed that all SIP-based models

performed much better in terms of the prediction error.
Nonetheless, usefulness of such allometric models in many
applications was confirmed, given the simplicity of that ap-
proach, and percentage RMSE below 50%. We found that the
species-specific equation, created for Q. robur, gave better
results than the general equation for the allometric type, which
confirms thatQ. robur andQ. petraea are very similar in terms
of allometry (e.g. Forrester et al. 2017).

4.3 SIP method in forest monitoring and modelling

In recent years, many studies have focused on precise assess-
ment of forest biomass (Forrester et al. 2017; Henry et al.
2011; Muukkonen 2007; Vallet et al. 2006). Some results
suggest that tree crown variables may be very efficient in
biomass models since crown dimensions are sensitive tomany
stand structural characteristics and can therefore potentially
replace stand variables in biomass equations (Forrester et al.
2017). However, direct crown measurements are time con-
suming and thus rarely available. Therefore, stem diameter
is still the most commonly used variable for aboveground
biomass estimations. Our results are congruous with existing
studies; DBHSIP, in our analysis of best predictors for CPATLS,
appeared for the first time only in the sixth subset (Table 6).
Large-scale collection of the tree architectural traits may be
potentially facilitated by SIP method, which represents an
alternative to derive such variables. This paper shows that
the data obtained from SIP may be consistent with the state-
of-the-art TLSmethod.Moreover, it may also provide a coarse
measure of local competition, in terms of number of neigh-
bours (Sect. 3.4). As such, SIP could be included in forest
monitoring projects, when the sampling is at an individual tree
level, especially when TLS is unlikely to be used. Yet, SIP and
TLS methods may also be combined, for further validation of
SIP, but also because the information gained differs: a photo-
graph still remains an easily recognized, archived and compa-
rable medium.

4.4 Limitations of SIP method and practical
recommendations

The presence of evergreen trees may reduce SIP accuracy or
precision, as shown for tree height and crown width measure-
ments (Table 5). However, whether these reductions were
caused by increased occlusion, differences in the architecture
of target trees in mixed neighbourhood, or both, remain un-
clear. Larger crowns may cause larger occlusion of tree tops
(in the photograph, part of the crown edge may appear as the
highest point of a tree), resulting in an overestimation of tree
height. This could explain the increased deviation and the
positive bias of HSIP measurement in mixed stands, as we
expected larger crowns under mixed species composition
(Barbeito et al. 2017). The drop in precision of CWSIP is most

Table 8 Mean values and standard deviations (SD) for the number of
trees growing within 8 m from the target tree. N from field measurements
and N_SIP estimated with SIP method; r = Pearson’s correlation

Variable Mean SD Correlation

r p value

N 9.59 3.54 0.759 2.93E−11
N_SIP 9.35 3.56
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probably connected to noisier background in the presence of
pines and considerable difficulties in visual tracing of thin
branches forming the crown edge. Most likely, this problem
would grow with increasing share of conifers. Higher stand
density may cause reduced light conditions (poor quality pho-
tographs), and noisier background; however, given the range
of tree density in our study, crown measurements were not
significantly affected by the factor.

SIP is, at most times, easily applied to solitary trees; on the
contrary, it is not possible to measure large canopy trees with
SIP method in a dense deciduous forest with overlapping
crowns, in the leaf-on season. Between those two extremes,
there is a huge space for SIP applications. Here, we tested the
method in a lowland, managed-type forest. Previously, the
method was successfully applied in an upland, natural
European beech (Fagus sylvatica L.) forest, with some admix-
ture of conifers (Gazda and Kędra 2017), in both cases in the
leafless season. This condition must be fulfilled, if branching
of deciduous trees is to be assessed. When choosing the time
for SIP measurement, it is necessary to consider that in late
winter/early spring the days are longer, and thus light condi-
tions may be better than in late fall/ early winter. The presence
of ground snow may be a helping factor, by providing a clear
and contrasted background of tree stems (own observation).
We recommend a previous visit to the trees of interest when
SIP is planned to be used to check if the trees can be captured
with a single image and visually distinguished from the
background.

5 Conclusion

Our results provide evidence that SIP can be successfully ap-
plied to obtain accurate tree architectural traits in mature for-
ests. Since the correlation with TLS is high, SIP could be used
as an alternative method to obtain tree architecture when ter-
rain limits the use of TLS such as in heterogeneous mountain
landscapes. As inferred from Delagrange and Rochon (2011),
yielding an image-based 3D point cloud could be not a feasi-
ble solution, when it is mostly useful for measuring so-called
2D traits. Consequently, we showed that a simplified photo-
grammetric method, allowing to skip the steps leading to a
virtual 3D model, may bring reliable tree architecture mea-
surements. We presented a choice of linear and linear mixed
effects CPA models from SIP variables. Our comparison was
tested in a single site but with a large variation in tree crown
sizes and shapes, and a range of tree densities representative of
many temperate forests. However, future research could focus
on further validation of the models presented and transferabil-
ity of our results to other situations with tree species differing
in their architectural properties (like branching pattern), size,
age and growing conditions.
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