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Abstract

Key message \\e provide a set of allometric models for wild cherry trees (Prunus avium L) established in agroforestry
systems. A total of 70 trees in southwestern Germany were surveyed using terrestrial laser scanning and analysed
using quantitative structure models. The derived allometric models provide a stable base for biomass estimation

in comparable agroforestry systems. Our biomass model, based on volume estimates converted to biomass, shows
no significant differences to a previous study in the same region on the same species, although it was conducted

on agroforestry trees under a different management regime.

Context Wild cherry (Prunus avium L.) is a common tree species in agroforestry systems (AFS). Utilised for either fruit
production or for high-value timber production, it is a highly relevant species, yet even basic allometric models are
lacking.

Aims The aim of this study was to develop a set of allometric models for wild cherry trees in AFS. Within this context,
we present an innovative non-destructive approach to estimate bark and wood volume separately by applying bark
thickness models to 3D models of trees. To assess model applicability to different AFS, we compared our allometric
model for above-ground biomass with a previous biomass model for wild cherry trees under different management
in the same region.

Methods Wild cherry trees (n=70) located within AFS in southern Germany were scanned with a terrestrial laser
scanner. Quantitative structure models were used to derive tree dimensions and above-ground volume per tree.
Using additional auxiliary data, the target variables were derived, and corresponding allometric models were fitted.

Results The allometric models estimating above-ground volume, oven-dry biomass, carbon content and nutrient
content based on diameter at breast height (DBH) showed excellent fits (Rzadj >0.97). The comparisons with a similar
study conducted in the same region suggested that management practices such as pruning have only a minor influ-
ence on the relationship between DBH and above-ground tree biomass. The nutrient content in the trees decreased
in the order Ca>N>K>Mg>P.
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Conclusions The derived allometric models provide valuable information on this important agroforestry tree species.
Our findings can both inform management practices in AFS and advance ecological understanding of these systems.
Future research should focus on developing allometric models for other tree species relevant to AFS.

Keywords Allometry, LIDAR, TLS, Terrestrial laser scanning, QSM, Tree volume, Carbon sequestration

1 Introduction

Climate change is heavily impacting ecosystems as well
as people around the globe and is expected to progres-
sively cause more damage with increasing global warm-
ing (IPCC 2022a). To reduce projected damages and
losses, global warming has to be limited through the
reduction of greenhouse gas (GHG) emissions. While
being one of the most severely impacted sectors of cli-
mate change (Malhi et al. 2021), the agricultural sector
is also a major emitter of GHGs (IPCC 2022b). However,
by implementing agroforestry systems (AFS), the carbon
sequestration potential of agricultural systems can be
greatly enhanced to reduce net emissions of agriculture
(Montagnini and Nair 2004; Abbas et al. 2017; Kay et al.
2019). AFS are commonly defined as agricultural sys-
tems for animal or crop production which are deliber-
ately combined and interact with woody perennials such
as trees and shrubs (Nair et al. 2021). When compared
to conventional agricultural systems, AFS are capable
of sequestering and storing larger amounts of carbon in
both the above- and below-ground system compartments
(Nair et al. 2009, 2010).

Despite the fact that AFS are known to potentially have
various environmental and economic benefits (Jose 2009;
Torralba et al. 2016), there is still a lack of knowledge on
the growth of trees in AFS and their interactions with
their surroundings (Schnell et al. 2015; Cardinael et al.
2020). For example, trees influence carbon and nutri-
ent cycling in AFS (Nair et al. 1995; Jose and Bardhan
2012). While growing, they sequester carbon and store
large amounts of carbon and nutrients in their biomass.
Upon harvesting or pruning, carbon and nutrients from
the above-ground fractions are removed from the system.
While carbon and nutrient removal upon harvest has
been thoroughly investigated in forestry situations (Kim-
mins 1977; Merino et al. 2005; Paré and Thiffault 2016),
for AFS, this has hardly been investigated (Morhart
et al. 2016). Since growing conditions and nutrient sup-
ply inside and outside forests are distinctly different, this
type of information cannot simply be transferred from
forests to agricultural landscapes (Nair 2012; Schnell
et al. 2015). The quantification of tree growth and ecolog-
ical interactions, however, is important to enable model-
ling and subsequent optimisation of AFS.

At present, even basic knowledge on the allometry of
many tree species in AFS is lacking. Allometric models

quantitively describe the relationship between different
tree parameters. They can relate parameters which are
difficult or time-consuming to measure to other param-
eters which are easier obtained (Picard et al. 2012). Typi-
cal predictors are stem diameter at breast height (DBH,
measured at 1.3 m above the ground) and tree height.
Allometric models for trees in AFS could be applied for
various purposes. For example, allometric models for tree
dimensions could facilitate the planning of future AFS by
providing appropriate planting distances between trees.
They might also be used for efficient and straightforward
quantification of carbon stocks and subsequently carbon
storage and substitution potential. These data could be
used to establish directed financial compensation to land
managers for providing ecosystem services. Tree nutrient
content quantification, on the other hand, could be used
to assess nutrient loss from AFS when trees are felled or
pruned. Once nutrient loss is quantified, land managers
could fertilise their land accordingly to prevent nutrient
depletion or surplus caused by inadequate management.

While there are many allometric functions available for
trees growing in forests, there is a lack of such informa-
tion for trees in AFS. Since growing conditions inside
and outside forests differ substantially, especially in terms
of density and competition, it is likely that trees in AFS
follow distinct growth patterns (Nair 2012; Schnell et al.
2015). For example, tree density in AFS is usually lower
than in forests, resulting in lower competition among
trees (Balandier and Dupraz 1999). Competition is
known to alter tree growth, in terms of growth rates and
crown development (Perry 1985). Due to the different
light conditions between closed canopy forests and AFS,
light-demanding tree species can be used in AFS, which
might suffer under the lower light availability in forests
(Nair 1993). In AFS, trees are also frequently pruned to
increase fruit yield of fruit (Mika 2011) or to produce
high-quality timber (Coello et al. 2013). Other manage-
ment techniques that alter growing conditions are, for
example, ploughing and fertilisation. Due to all these dif-
ferences, there is a need for allometric models specifically
derived for AFS.

The lack of models may be attributed to the diverse
range of AFS types, each with varying degrees and
types of competition and management (Nair 1985).
While certain tree characteristics, such as crown
width and base height, are most certainly influenced
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by management practices like pruning, the impact of
management on other parameters is not yet known.
For instance, the generalisability of biomass models,
which are crucial for estimating carbon sequestration
potential and stocks in the context of climate change
mitigation, across different management styles is
unknown. Nevertheless, establishing allometric mod-
els for very common AFS, such as grazed orchards,
is very valuable for the description of these specific
systems. Wild cherry (Prunus avium L.) is a common
tree species in AFS and offers diverse ecosystem ser-
vices. It has been cultivated for its fruit in traditional
AFS in temperate Europe for centuries (Herzog 1998).
This species is also a popular choice for the production
of high-quality timber due to its relatively fast growth
and the high price that can be realised in the veneer
industry (Coello et al. 2013).

To determine biomass for individual trees and tree
compartments, which is required to derive tree carbon
and nutrient content, traditionally destructive sampling
is applied. This method, however, is both time and labour
intensive (Vashum and Jayakumar 2012; Seifert and Seif-
ert 2014). An alternative to destructive sampling is the
use of remote sensing to estimate single-tree volume,
which can be used to derive biomass. Remote-sensing
techniques are faster, less laborious and, due to their
noninvasive nature, allow for repeated measurements
over time (Kunneke et al. 2014). One of the most promi-
nent remote-sensing technologies for above-ground bio-
mass estimation is terrestrial laser scanning (TLS), which
uses laser-based distance measurements and positioning
estimates to produce highly accurate 3D point clouds of
the surroundings (Calders et al. 2015; Kunz et al. 2017;
Disney et al. 2018). To extract volumetric data from point
clouds, quantitative structure models (QSMs) can be
applied. QSMs are simplified 3D models that represent
trees based on geometric primitives such as cylinders.
They can be derived from single-tree point clouds in vari-
ous ways, as summarised by Kunz et al. (2017).

In this study, we used a combination of TLS and QSMs
to derive various single-tree parameters of wild cherry
trees in AFS which in turn were used to derive models
that enable the estimation tree volume, biomass and car-
bon content of trees with different dimensions.

Against this backdrop, our research goals were as
follows:

(1) To develop allometric models relating tree dimen-
sions (height, crown base height, crown diameter,
crown projection area), woody above-ground vol-
ume, oven-dry biomass, carbon content and nutri-
ent content to easily measurable parameters such as
DBH.
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(2) To test whether there is a significant (p<0.05) dif-
ference between our allometric model for above-
ground biomass and previous biomass models for
wild cherry trees under a different management
from the same region.

2 Materials and methods

2.1 Study sites

The majority of the studied trees were located in Ebrin-
gen (47°57°1” N, 7°47°15” E, 407 m as.l) in south-
western Germany (Fig. 1A). The system is a so-called
Streuobst system, a traditional meadow orchard AFS
in temperate Europe which is characterised by widely
spaced fruit trees (Herzog 1998). This particular system
is a silvopastoral system that is extensively managed for
nature conservation purposes. Additional trees with
smaller dimensions, which were located on a nearby
agroforestry research plot in Breisach (48°4"13” N,
7°3523” E, 188 m a.s.l.), were also surveyed. The study
sites are within the temperate oceanic climate zone (Kop-
pen-Geiger: Cfb; Peel et al. 2007) characterised by warm
summers, classically with no significant precipitation dif-
ferences between seasons. In the recent climatological
period from 1991 to 2020, the average annual tempera-
ture was 11 °C, and the average annual precipitation sum
amounted to 896 mm (Deutscher Wetterdienst 2022).
The vegetation period ranges from April to September
and is typified by a long-term average temperature of
16.5 °C with an average precipitation sum of 510 mm. A
total of 70 trees with varying dimensions and unknown
ages were sampled. The trees were selected to cover a
wide range of diameters and ages to increase the gen-
eralisability of the resultant allometric models. Due to
the wide spacing between tree rows, all trees had a near
solitary growth form (Fig. 1B, C). Although we have no
knowledge of the exact management treatments applied
at either site in the past, the trees on the Ebringen site
display wide crowns with no dominant lateral shoots on
the trunk basis suggesting the application of one or more
formative pruning treatments.

2.2 Terrestrial laser scanning

The TLS data were collected using the RIEGL VZ-400i
(RIEGL Laser Measurement Systems GmbH, Horn,
Austria) during the winter dormancy of the trees in
February and March 2022 and during January 2023. To
ensure full coverage of the trees and to reduce occlu-
sion from neighbouring trees, a multi-scan approach was
employed. This means that each tree was scanned from
multiple directions and distances (Fig. 2). The single-scan
point clouds were automatically co-registered by the TLS
device, which uses positioning data and the point clouds
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Fig. 1 Overview of the agroforestry systems studied. A Map of Germany (light orange), Baden-Wurttemberg (dark orange) and the locations
of the two research sites (red dots), Geodata: © GeoBasis-DE/BKG (2023). B Top view on the TLS point cloud from Ebringen, dark pixels indicate low,
and light pixels indicate high height above ground. C Photo of the agroforestry system in Ebringen
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Fig. 2 Workflow for deriving QSMs from TLS data. The diagram shows the workflow for deriving QSMs starting from the TLS data collection. The two
graphics on the left display the scan setup and overlapping tree crowns as seen from above. The trees are coloured green for better visualisation,
although the trees were scanned during winter dormancy. The graphic on the right demonstrates how the best parameter set is chosen based

on distances between points and fitted cylinders
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themselves to co-register the single scans. The regis-
tered point clouds were further preprocessed using the
RiSCAN PRO v2.15 (RIEGL Laser Measurement Systems
GmbH, Horn, Austria) software. To remove erroneous
points, several filters were applied to the point clouds.
The filters removed isolated points (<5 neighbours in 10
cm radius), points with a low reflectance (<—15 dB) or
high deviation (>15) and points with a large distance to
the scanning position (>50 m). When the filtered point
clouds showed slight misalignment in the crown, an addi-
tional multi station adjustment (MSA2) was carried out
(Demol et al. 2022). Eventually, the point clouds were
down-sampled to 1 point per cubic centimetre to increase
computational efficiency of the next steps. To enable the
derivation of single-tree parameters, single-tree point
clouds were filtered and segmented manually using
CloudCompare v2.11.3 (2022). Noisy point clouds, i.e.
point clouds containing many erroneous points arising
from data collection, were additionally filtered using the
statistical outlier removal tool in CloudCompare, which
removes points that have less than a specified number of
neighbours in a specified radius around them. Depend-
ing on the noisiness of the point clouds and their point
density, points with fewer than five neighbours within a
radius of the arithmetic mean plus two or three times the
standard deviation of the point density were removed.
The larger radius was used on low-density point clouds to
avoid information loss, while the smaller radius was used
on higher-density point clouds to remove as much noise
as possible. Remaining noise was removed manually.
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2.3 Quantitative structure models

Using TreeQSM v2.4.1 (Raumonen and Akerblom
2022), QSMs were derived for the single-tree point
clouds (Fig. 3). This software package is a well-estab-
lished tool for the creation of QSMs that uses cylin-
ders for the construction of 3D tree models. TreeQSM
has been validated in several studies in which it dem-
onstrated a high level of agreement with manual
measurements (Raumonen et al. 2013; Calders et al.
2015; Gonzalez de Tanago et al. 2018). Since the con-
struction algorithm is based on stochastic elements,
marginally different results are obtained each time a
model is fitted to the same data using the same hyper-
parameters. Therefore, it is suggested to fit multi-
ple models to the same tree and to average derived
outputs (Raumonen 2022). Before the final QSMs
are derived from the data, the hyperparameters of
the algorithm must be optimised. Depending on the
respective tree height, a set of hyperparameters was
selected, and five models were fitted for each tree
and hyperparameter combination. The best combi-
nation of hyperparameters was selected based on the
lowest average distance between the points and the
fitted cylinder models. Using the optimised hyperpa-
rameters, for each tree, 30 models were created, and
derived parameters were averaged to produce robust
estimates. This data is available online on the Zenodo
repository (Schindler et al. 2023). All subsequent data
processing and analysis steps were performed using
the statistical software R v4.2.1 (R Core Team 2023).

10m

5m

Fig. 3 Single cherry tree in the real world and as a QSM. Left: Photo of one of the cherry trees in Ebringen. Right: Visualisation of one of the QSMs
of the same tree. The cylinders of the QSM are coloured according to their branch order
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2.4 Volume, biomass, carbon and nutrients

When estimating volume and subsequently biomass
using QSMs, bark thickness models can be applied to
the fitted cylinders in order to derive separate wood and
bark volumes. Here, we used the diameter-dependent
bark thickness model for P. avium introduced by Pryor
(1988), who measured bark thickness and disk diameter
at varying heights on stems to acquire Eq. 1. The result-
ing model relates the diameter over bark DOB (cm) to
the double bark thickness DBT (cm). To derive bark and
wood biomass from volume, we measured the dry den-
sity of bark and wood for 35 samples of wild cherry. The
samples were extracted from one sample tree and were
then dried at 105 °C until constant weight was reached.
Bark and wood density were then determined using the
Archimedean principle (Seifert and Seifert 2014). By
combining the dry density (0g4,) with volumetric shrink-
age (B,), the basic density (ppusic) was derived (Eq. 2). In
the equation, My corresponds to the dry mass, while
Viresh and Vyy, correspond to the fresh and dry volumes,
respectively. Here, we used B, = 13.7% as provided by
Bosshard (1982). Carbon and nutrient concentrations
of wild cherry were adopted from Morhart et al. (2016),
who studied widely spaced wild cherry trees from a site
in the same geographic region near Breisach, Germany
(Table 1). The biomass was partitioned into four different
compartments (wood and bark in stem and branches) to
which the corresponding carbon and nutrient concentra-
tions were applied.

DBT = 0.367 4+ 0.0353 x DOB + ¢ (1)
_ May _ May  100—8, _ 100—8,
Pbasic = vfrejq = Vd,;l 100 — Pdry X 100 (2)

2.5 Statistical analysis

The derived data were used to fit allometric models
relating the variables to the DBH. Although the addi-
tion of more predictors, such as tree height, would
likely have improved the model fit for some variables
(Picard et al. 2015), we chose not to include any addi-
tional predictors. Including tree parameters that are
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more difficult to measure could affect model applicabil-
ity for land managers. Models were chosen based on fit
statistics (AIC, RMSE, R?), plausibility of model behav-
iour in the interpolation and extrapolation range up to
a DBH of 80 cm and normality and homoskedasticity of
the residuals.

Regressions on tree dimension variables, above-
ground volume, dry biomass, carbon content and nutri-
ent content were modelled according to Eq. 3 using
linear models. Since both the response variable and the
predictors are log transformed, this function is equiva-
lent to a power function. To account for the bias result-
ing from back transforming the response variable, for
each affected model, a correction factor as given in
Eq. 4 was calculated (Baskerville 1972; Sprugel 1983;
Mascaro et al. 2011). The model fits of the power mod-
els were assessed using the adjusted R (Rzadj).

In(y) = Bo + B1 x In(DBH) (3)

n )2
CF = exp<2iml_(g; X;') > (4)

Additional beta regressions were fitted to describe
the allocation of volume, biomass, carbon and nutrients
among different sections of the tree. We employed beta
regressions instead of modelling each component with
a separate power function to ensure additivity of all
components (Douma and Weedon 2019). For fitting the
regressions, we used the R-package betareg (Cribari-
Neto and Zeileis 2010). Respective confidence intervals
were derived by bootstrapping each model 1000 times.
The distribution of total volume in the branch-free
bole up to the first branch and in the remaining woody
biomass within the crown was modelled using Eq. 5.
The distribution of total biomass, carbon content and
nutrient content in the bark and wood was modelled
using Eq. 6. To assess the fit of the beta regressions, the
pseudo R* (Rzpseudo) was employed. This goodness-of-fit
statistic is the squared correlation between the predic-
tor and the link-transformed response (Cribari-Neto
and Zeileis 2010).

Table 1 Carbon and nutrient content of wood and bark of P avium after Morhart et al. (2016). Both the carbon and the nutrient
contents are given in g kg~ of dry wood and bark sampled from the tree stem or branches

Segment C(gkg™ Ca(gkg™) K(gkg™) Mg (gkg™) N(gkg™ P(gkg™
Wood Stem 478.0 01.27 0.94 0.24 1.03 0.18
Wood Branch 478.0 02.58 1.08 0.34 147 0.26
Bark Stem 503.5 20.94 3.18 0.57 6.24 0.74
Bark Branch 5134 18.10 2.87 0.46 518 0.62
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logit(y) = Bo + B1 x DBH (5)

logit (ﬁ) = Bo+ B1 x In(DBH) + B3 x DBH + B3 x In(DBH) x DBH
(6)
To test the difference between our allometric model
for above-ground dry biomass and previous biomass
models for wild cherry from the same region, we
compared our model to that of Morhart et al. (2016).
Using both models, we predicted biomass for DBH val-
ues from 1 to 50 cm in steps of 1 cm. The differences
between the predictions for these 50 values were then
tested for normality using the Kolmogorov—Smirnov
test. As the differences were not normally distributed
(p<0.05), a paired Wilcoxon signed-rank test was
used to test the two sets of predictions for significant
differences.

Page 7 of 16

3 Results

For all the regression models produced, the model coef-
ficients and either Rzadj or Rzpseudo are shown in Tables 2
and 3. The residuals of all models were successfully
tested for normality using the Kolmogorov—Smirnov test
(p>0.05). All regression models showed a significant
effect of DBH, either transformed or untransformed, on
the respective response variable (p <0.05).

The sampled trees (m=70) comprised free standing
individuals with a DBH range of 1 to 50 cm and a tree
height of 1.9 to 15.1 m. The corresponding crown base
height ranged between 0.4 and 2.8 m. Crown base height
correlated only weakly with the DBH (Fig. 4). The weak
functional relationship between crown base height and
DBH is underlined by the low Rzadj of the associated
regression model (Rzadj=0.47, Table 2). Crown diam-
eters of the trees varied from 0.1 to 13.8 m. The crown

Table 2 Overview of the regression models describing total single-tree parameters. All regressions were modelled according to Eq. 3,
with correction factors (CF) derived according to Eq. 4. In each model, the predictor is the logarithm of the DBH in centimetre. For each
model, the response variable and its unit, the model coefficients, the CF, the Rzadj and the p-values of the model are reported

Response () Unit Intercept (S80) Slope (5 CF Rzadj p-value
Tree height m 0.7421 04603 1.0150 0.8831 <0.001
Crown base height m —0.2801 0.2468 1.0368 0.4677 <0.001
Crown diameter m -1.2619 09772 1.0653 0.8887 <0.001
Crown projection area m? —1.7834 1.6680 1.1751 0.9013 <0.001
Above-ground volume m? -80157 2.2960 1.0502 0.9828 <0.001
Above-ground biomass kg —1.6740 2.2865 1.0517 0.9821 <0.001
Above-ground carbon kg —23786 2.2819 1.0527 0.9817 <0.001
Above-ground Ca kg —6.1680 2.1162 1.0890 0.9653 <0.001
Above-ground K kg —7.8585 2.1948 1.0688 0.9746 <0.001
Above-ground Mg kg -9.5174 22479 1.0627 09778 <0.001
Above-ground N kg -7.3125 21617 1.0759 0.9713 <0.001
Above-ground P kg -9.3780 2.1967 1.0711 0.9739 <0.001

Table 3 Overview over the regression models describing above-ground volume and mass fractions. In each model, the predictor is
the logarithm of the DBH in centimetre. For each model, the response variable, the modelled fraction, the equation the model was
fitted to, the model coefficients, the Rzpseudo and the p-values are reported. The explicitly modelled section is highlighted in bold, while
the implicitly modelled section is not. The p-values were derived by performing likelihood ratio tests comparing each model with the

respective intercept-only model

Response () Section Eq Intercept (So) Slope () Slope (8,) Slope (83) Rzpseudo p-value
Volume Bole Crown (5) —0.7389 -0.0226 n.a n.a 0.3008 <0.001
Biomass Bark Wood (6) —-0.3430 0.9208 -0.1674 0.0321 0.7829 <0.001
Carbon Bark Wood 6) —0.4039 0.9234 —-0.1694 0.0326 0.7780 <0.001
Ca Bark Wood (6) —2.8383 0.9983 —-0.1612 0.0307 09194 <0.001
K Bark Wood (6) —-1.4817 0.9931 -0.1832 0.0353 0.8346 <0.001
Mg Bark Wood 6) -1.0126 0.9554 —0.1551 0.0294 0.8892 <0.001
Bark Wood (6) —1.9599 1.0016 -0.1736 0.0333 0.8852 <0.001
p Bark Wood 6) 1571 0.9821 —0.1663 0.0318 0.8854 <0.001
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diameter of individual trees was calculated as imple-
mented in TreeQSM, by dividing the crown projection
area into 36 conical sections at angles of 10° and averag-
ing the maximum crown extent of all opposing sections.
Meanwhile, the crown projection area of the trees ranged
from 0.04 to 146.6 m? (Fig. 4). Except for the crown base
height, all tree dimension variables could be described
well (Rzadi >0.88, Table 2) as functions of the DBH.

To derive biomass from bark and wood volumes, the
density of 35 individual bark and wood samples was
determined. On average, the dry wood density was
0.619+0.034 g/cm® SD, and the dry bark density was
0.697 +0.073 g/cm® SD. The average basic density of
wood was 0.534+0.029 g/cm® SD, and the basic density
of bark was 0.602 +0.063 g/cm? SD.

Overall, the maximum above-ground volume of a
single tree reached 3.4 m> The same tree reached the
maximum above-ground dry woody biomass of 1853 kg
(Fig. 5). The share of branch-free bole volume ranged
between 8 and 73% of the total above-ground volume. As
DBH increased, the fraction of branch-free bole volume

decreased. The proportion of wood biomass to total
above-ground biomass ranged from 39 to 84%, with the
proportion of bark biomass decreasing with increasing
DBH. The models relating total above-ground volume
and biomass to DBH showed excellent fits (Rzadj=0.98,
Table 2). Upon comparing the predictions of our bio-
mass model with those of the model by Morhart et al.
(2016), we did not find a significant difference between
the models. While still showing a significant relation-
ship between DBH and response, the fractional model for
branch-free bole and crown volume displayed a worse fit
(Rzpseud0=0.3, Table 3). Conversely, the model attributing
total biomass to wood and bark showed a reasonable fit
(R eudo="0.78, Table 3).

The maximum amount of carbon which was stored in
the above-ground biomass of a tree amounted to 901 kg,
which is equivalent to 3307 kg of sequestered CO,. From
this amount, about 75% was stored in the wood, and
25% was stored in the bark. In general, the proportion
of above-ground carbon stored in wood ranged from 37
to 84% of the total above-ground carbon. The nutrient
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Fig.5 Above-ground volume and biomass. The lines and shaded areas show the bias-corrected combined total and fractional regression models
with their respective 95% confidence intervals. The dots represent data derived from the QSMs. A Above-ground woody volume, including total
volume (solid dark line, filled circles), crown volume (brown dashed line, empty diamonds) and volume of the branch-free bole (pink double-dashed
line, empty triangles). B Dry woody above-ground biomass in metric tonnes, including total biomass (solid dark line, filled round dots), wood
biomass (orange dashed line, empty squares) and bark biomass (pink dot-dashed line, empty triangles)

content in the trees showed the following order of mag-
nitude: Ca>N>K>Mg>P (Fig. 6). Of the most prevalent
nutrient, calcium, a maximum of 11 kg occurred in a sin-
gle tree. Nutrient proportions between wood and bark
were dependent on the individual nutrient element. Nev-
ertheless, with increasing DBH, the share of nutrients

Nutrient Content per Tree (kg)

DBH (cm)

stored in the wood increased regardless of the nutrient
(Fig. 7). Similar to the biomass model, total carbon and
nutrient content could be modelled precisely (Rzadj >0.97,
Table 2) as functions of the DBH. In comparison, the
models describing the proportion of nutrients in wood
and bark displayed inferior fits (R >0.78, Table 3).

pseudo =

Nutrients
Ca
N
K
=e + Mg
- A P

30 40 50

Fig. 6 Nutrient content in the above-ground tree biomass. The lines and shaded areas show the bias-corrected regression models

with their respective 95% confidence intervals. The dots represent data derived from the QSMs. The plot shows the total nutrient content

of the above-ground biomass, including calcium (yellow solid line, filled circles), nitrogen (orange short-dashed line, empty triangles), potassium
(pink dot-dashed line, filled rectangles), magnesium (red long-dashed line, empty circles) and phosphorus (brown dotted line, filled triangles)
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4 Discussion

In the context of increasing the carbon storage poten-
tial of conventional agricultural systems by adding a
tree component, we analysed 70 wild cherry trees from
an AFS using TLS and QSMs. This approach has been
widely applied in forestry (Calders et al. 2015; Raumonen
et al. 2015; Gonzalez de Tanago et al. 2018) but seldom in
agroforestry (Hackenberg et al. 2014). We enhanced the
methodology by distinguishing between bark and wood
volume. Using this data, we derived allometric models
that may be used likewise by researchers for understand-
ing tree characteristics and their impacts on the other
components in AFS, as well as by land managers for plan-
ning and optimising AFS. Apart from crown base height,
all tree dimension variables, above-ground volume, oven-
dry woody biomass, carbon content and nutrient content
could be modelled as a function of DBH (Rzadj20.88,
Tab. 2). The normality of the residuals, goodness-of-fit
statistics and significance of all predictor terms indicate
that appropriate models were selected. Although the
trees most likely belonged to different age classes and
might not have been managed in the same way, the DBH
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provided sufficient information to adequately model the
response variables. Model fits possibly could have been
improved by including additional predictors such as tree
height or age (Picard et al. 2015), yet additional predic-
tors can present difficulties in accurate measurement.
We are confident that the models are sufficiently accurate
and straightforward to apply at the same time. The limi-
tations of the applicability of our models are discussed in
Sect. 4.5.

4.1 Tree dimensions

Tree height is a key characteristic of orchard trees that
has major economic consequences, as larger trees may
produce more fruit per tree (Wiinsche et al. 2000) but
can also increase labour costs for harvesting (Hester and
Cacho 2003). Crown base height is highly dependent on
management practices, such as pruning, and other exter-
nal factors that are not species specific. Trees in Streuobst
systems are usually formatively pruned to retain low
crown base heights between 1.6 and 1.8 m (Herzog
1998). This is probably the reason for the mediocre fit
(Rzadj=0.47, Table 2) of the crown base height model.

Ca Content K Content
mi o | | mm Nl | m i BJ [ |
mi |HN na i N | ma LI B | N |
N Content P Content

30 40 50 O 10 20 30 40 60

DBH(cm)

Bark

Fig. 7 Nutrient distribution in the above-ground bark and wood. The white lines show the regression models, while the areas specify the wood
(orange) and bark (pink) fractions. The grey vertical lines above and below the graphs indicate DBH values derived from the QSMs. The plots show
carbon, calcium, potassium, magnesium, nitrogen and phosphorus content (from left to right and from top to bottom)
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Crown diameter, on the other hand, is relevant when
planning AFS as it determines the required planting dis-
tance if crowns are not to interfere with each other. Tree
spacing is not only important for crown development but
can hinder or even prevent the use of heavy machinery,
which might not fit between the tree rows. Low crown
base heights can hamper management in a similar way.
Therefore, allometric models for tree dimensions are par-
ticularly useful in AFS planning.

In general, tree dimensions are strongly influenced
by management practices which ultimately depend on
the production goals. For example, crown size affects
several factors such as growth, carbon sequestration
and shading (Pretzsch et al. 2015). Large crowns can
increase light interception and thus photosynthesis of
the individual tree, which can lead to higher fruit yields
and carbon sequestration (Robinson and Lakso 1991;
Wiinsche et al. 2000), but they also shade larger por-
tions of agricultural land beneath the trees. Shading
can be beneficial for light-sensitive crops (Bellow and
Nair 2003) and the welfare of grazing animals (Mele
et al. 2019), especially in the light of changing climatic
conditions due to global warming, but equally, it may
adversely affect light-demanding crops (Artru et al.
2017). In addition, shading can alter fruit traits such as
weight, colour, firmness and the occurrence of blemishes
on the fruits (Wiinsche et al. 2000).

4.2 Volume

As most of the studies conducted on P. avium trees so far
sampled data destructively and focused on tree biomass,
which is easier to measure manually than volume, there
are few allometric models for the volume of wild cherry.
In a previous study by Hackenberg et al. (2014), a model
for total tree volume was developed based on TLS data
and QSMs. They investigated trees on the same study site
in Breisach that was also used within this study (Fig. 1).
However, they only sampled 24 trees within a narrow
DBH range between 7 and 16 cm. Up to a DBH of 10 c¢cm,
both models are very similar, but with increasing DBH,
their model predicts increasingly less volume than our
model. As our model contains data from larger trees, we
deem our model to be more robust for trees with higher
DBH values.

The model describing the relationship between DBH
and relative bole volume showed a weak fit (R2pseudO =0.3,
Tab. 3). This can be attributed to the fact that bole vol-
ume, defined as the volume of the stem up to the first
branch, is strongly influenced by crown base height.
Since crown base height itself is subject to high variability
due to its dependence on external factors, the poor fit of
the model was not unexpected. With increasing DBH, the
proportion of branch-free bole volume decreased. Miguel
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et al. (2017), who conducted a study on trees in a forest
savannah in Brazil, observed a similar trend. The reason
for this relationship is probably that in the crown, there is
length and diameter growth, whereas on the trunk, only
diameter growth occurs, and thus, the volume increases
less. By combining the above-ground volume models pre-
sented, the potential yield of high-quality (bole volume)
and low-quality timber (crown volume) can be estimated.
However, pruning the lower parts of the crown can
increase crown base height and bole length, thus increas-
ing the production of high-value wood, which can then
be sold at higher revenues (Balandier and Dupraz 1999).

4.3 Biomass

In the GlobAllomeTree database (Henry et al. 2013), a
centralised repository of allometric models, no biomass
models for P avium are currently listed. In a study by
Alberti et al. (2006), wild cherry trees from a closed for-
est plantation in the Udine region of Italy were studied
(n=18, 23 years old). Starting at a DBH of about 10 cm,
their model consistently predicts less biomass than our
model, with discrepancy increasing at larger DBH values.
Differences between the models may be attributable to
different climatic conditions, tree density and manage-
ment treatments.

Presenting the best opportunity for comparison given
the similarities in the study region, the models proposed
by Morhart et al. (2016) compare well with those pre-
sented within this study. We did not find a significant
difference between the predictions of this model and
our biomass model. This outcome validates the alterna-
tive methodology utilising TLS while also validating an
extrapolation of the previously proposed model for larger
DBH values. Morhart et al. (2016) sampled cherry trees
from the same region using an intensive destructive sam-
pling method (n=39, 15 years old). Their resultant allo-
metric models for biomass apply to trees with a DBH
range of 2 to 26 cm, thus limiting the predictive ability
of the models. Our data covers a wider DBH range with
a larger sample size (DBH 1 to 50 cm, n=70), making the
presented models applicable to larger trees within the
study region. The trees sampled in the aforementioned
study were not subject to any management procedures
such as thinning and pruning to the point of sampling.
Thus, the growth form and management of these trees
are in direct contrast to the majority of the trees exam-
ined in this current study. Nonetheless, the close relation
of the two biomass curves between these two studies sug-
gests that growth form and management practices like
thinning and pruning have only a minor influence on
the relationship between DBH and total above-ground
biomass. Differences, nevertheless, may arise in biomass
partitioning, growth rates and other attributes such as
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tree height. Since both carbon and nutrient content
depend primarily on biomass, this indicates that the car-
bon and nutrient models are probably also transferable
to some extent to differently managed wild cherry trees
under similar environmental conditions. The close rela-
tionship between these variables can also be seen in the
very similar model fit statistics (Table 2).

4.4 Carbon and nutrients

Woody biomass represents carbon storage in both above-
and below-ground portions (Cardinael et al. 2017) and is
qualifiable utilising biomass models. Our model describ-
ing the relationship between above-ground carbon content
and DBH showed an excellent fit (R*,;;=0.98, Table 2).
The model derived by Morhart et al. (2016) was to their
maximum observed DBH very similar to our model. With
increasing DBH, the discrepancy between the models
increased with their model estimating a higher carbon
content than our model. The similarity of the two models
was anticipated, however, as both models were based on
the same conversion factor of biomass to carbon content
and as the models on total woody above-ground biomass
already demonstrated strong agreement. We were unable
to find any other allometric models for the carbon content
of P. avium trees to compare with our models.

Carbon stored within vegetation represents a larger
global carbon sink than the atmosphere (Bombelli et al.
2009), so the inclusion of trees within agricultural land-
scapes presents a potential for increased carbon storage
over a low baseline. The agricultural sector is currently
a net emitter of anthropogenic GHG emissions (IPCC
2022b), but adding trees to agricultural landscapes could
reduce net GHG emissions (Montagnini and Nair 2004;
Abbas et al. 2017). Our results show that an AFS com-
posed of 40 cherry trees with a DBH of 50 cm could store
an additional 29 t of carbon solely in the above-ground
tree parts. Our carbon models presented provide a valu-
able tool for assessing carbon stocks of the wood and
bark of wild cherry trees in AFS and can inform discus-
sions about their carbon sequestration and substitution
potential. It should be emphasised that carbon storage
and substitution effects within AFS depend on manage-
ment practices and how the produced wood is utilised.
Retaining large trees on the sites increases in situ carbon
storage. Managing trees to produce high-value timber
can provide ex situ carbon storage if the timber is used
for durable products such as furniture. If trees are not
pruned appropriately, more low-grade wood is produced
that is likely to be used as firewood, which, nevertheless,
can replace carbon arising from fossil fuel combustion.

The nutrient content within the woody above-ground
biomass followed the order Ca>N>K>Mg>P, with the
total magnesium and phosphorus content being very
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similar (Fig. 6). Although Morhart et al. (2016) sampled
wild cherry trees in the same region and used the same
nutrient concentrations, their trees contained slightly
more phosphorus than magnesium. This is likely due to
the different bark thickness models, as we chose to use
the model suggested by Pryor (1988) that covers a wider
range of diameters. Nevertheless, they also found the
relative nutrient content of the bark to decrease with
increasing DBH due to the lower proportion of bark
biomass.

4.5 Limitations

To date, numerous studies have compared volume and
biomass estimates obtained from TLS and QSMs with
field measurements, with most studies showing good
agreement (Hackenberg et al. 2014; Calders et al. 2015;
Raumonen et al. 2015; Kiikenbrink et al. 2021). Factors
affecting point cloud and hence QSM quality include
the TLS sensor type (Calders et al. 2020), scanning setup
(Wilkes et al. 2017) and point cloud processing (Demol
et al. 2022). To reduce possible errors, we used tech-
niques known to improve point cloud quality. During
data acquisition, we performed multiple scans per tree
to ensure full crown coverage without occlusion effects,
as proposed by Wilkes et al. (2017). In forests, canopy
occlusion by the trees themselves and their neighbours
is a major source of errors that deteriorates as stand
complexity and tree height increase (Wang et al. 2019).
The comparatively low height of our trees (Fig. 4) and
the large spacing between them (Fig. 1) created more
favourable conditions. Resultant point clouds were fil-
tered for noise, and co-registration was improved using
multistation adjustments (Demol et al. 2022). Although
QSM-based volume estimates are subject to inherent
uncertainty, this method still provides the best currently
available non-destructive estimates.

Since the TLS data as well as the carbon and nutri-
ent concentrations in wood and bark were obtained
in the same geographical region, our allometric mod-
els are potentially limited to that region (Fig. 1). They
might be applicable to regions with similar climate and
soil but should be applied with caution. For example, it
is known that wood nutrients can vary with soil nutrient
availability (Heineman et al. 2016), and that tree height
is linked to climate, soil and stand structure (Cysneiros
et al. 2021). Furthermore, some of the allometric mod-
els might be restricted to comparable AFS in which the
trees were managed in a comparable way. Most of the
trees studied were grown in a system similar to a meadow
orchard. In orchards, trees are usually managed in a
specific way to promote and maximise fruit production
(Mika 2011). Trees pruned for the production of high-
value timber (Coello et al. 2013) or damaged by browsing



Schindler et al. Annals of Forest Science (2023) 80:28

livestock (Triches et al. 2020), in contrast, might behave
differently in terms of their growth, i.e. rate of diameter
or height increment or crown architecture. The growth
of trees in AFS with varying tree density, and thus com-
petition, might also differ (Perry 1985). Furthermore, our
data included a heterogeneous age distribution to cover
a wide range of DBH values. We cannot be sure that the
models are transferable to systems with a very different
age distribution, for example planted systems with trees
of the same age, as age can have an effect on biomass
allocation (Forrester et al. 2017). Moreover, although we
selected models that show a plausible behaviour in the
extrapolation range, model uncertainty increases after
the maximum observed DBH of 50 cm.

4.6 Outlook

As an outlook, we recommend researchers to employ
TLS and QSM in agricultural and agroforestry research
to a greater extent. Using this methodology, topologi-
cal and volumetric data can be collected accurately and
efficiently without the necessity for destructive sampling.
From these data, as this study presents, a wealth of infor-
mation can be derived. Ironically, this methodology is
most often used in forests, where challenging conditions
lead to suboptimal data quality. Within AFS, on the other
hand, TLS is used much less frequently, even though the
conditions allow for better data quality. Using TLS along-
side supplementary data, further interactions between
the woody and the agricultural component of AFS should
be explored to foster our understanding of AFS. For
example, TLS has previously been used to assess shading
cast by trees (Rosskopf et al. 2017; Bohn Reckziegel et al.
2021), additionally harnessing the spatial information
of TLS-derived point clouds to dissect and shape trees
to implement distinct shading scenarios (Bohn Reck-
ziegel et al. 2022). The precise 3D data collected with
TLS opens up possibilities for addressing complex and
previously almost unanswerable research questions on
a single-tree basis. As there is currently little knowledge
about trees in AFS, there are many questions that still
need to be answered. For example, to our knowledge, it is
currently unknown how fertilisation affects nutrient con-
tent and allocation in trees in AFS. Depending on man-
agement practices such as pruning and fertilisation, the
applicability of the allometric models is likely affected.
Future research should make efforts to quantify differ-
ences in tree growth induced by different management
practices more thoroughly.

5 Conclusion

In this study, a set of allometric models for P. avium trees
in AFS was derived based on TLS, QSMs and further aux-
iliary data. In particular, we modelled tree dimensions,
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above-ground volume, oven-dry biomass and carbon and
nutrient content. For all parameters not related to crown
base height, our models achieved good to excellent fits
(total: R2adj >0.88, fractions: Rzpseud020.78), although we
relied on DBH as the only predictor to facilitate appli-
cation. Although models related to crown base height
showed significant effects of DBH, the models show
weaker fits (total: R®,;=0.47, fractions: R’ .,4,=0.3),
demonstrating the dependence of this variable on exter-
nal factors. It should be emphasised that the allometric
models presented here are likely limited in their appli-
cability to comparable AFS systems with comparable
management and environmental conditions. Our most
interesting finding is the apparent transferability of bio-
mass models for wild cherry to differently managed trees
in other AFS under similar environmental conditions.
However, as with any allometric models, applying the
models outside their calibration range should be avoided
or carried out with caution. With this paper, we are able
to provide a scientific basis for the inclusion of wild
cherry trees in AFS and, moreover, to supply land man-
agers with additional tools and information to plan AFS
according to their individual demands and production
goals. Our models can be used, for example, to estimate
the space required per tree, to approximate shaded area
or to derive the potential revenue from the sale of bole
wood. Furthermore, our models may be used to assess
above-ground carbon stocks within comparable existing
and future AFS. This kind of information can assist policy
makers in appropriately subsidising carbon sequestra-
tion in agricultural systems and increases the resolution
of information regarding carbon storage within above-
ground woody biomass in temperate AFS. The models on
the above-ground nutrient content, on the other hand,
can be used to assess nutrient removal from AFS upon
harvesting trees. This could aid land managers to adapt
fertilisation measured accordingly. Though AFS have a
long history in Europe, it is only now that such innovative
systems are starting to receive more attention. Therefore,
there is still much to be uncovered and understood about
these complex systems which could prove invaluable for
climate change adaption and mitigation.
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