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ABSTRACT

Large old trees have been described as keystone habitats for several species. However, current research does not fully explain why these species show a preference for
such trees. In this study, we combined field observations of birds with terrestrial lidar scans and computational feature-recognition to describe habitats provided by
trees at an unprecedented level of detail. We conducted field observations of birds at 62 trees and used parameters including branch angle, branch diameter, branch
state (living or dead), and trunk diameter at breast height (DBH) to develop a generalised linear mixed model (GLMM) that could predict which types of branch birds
are more likely to visit. We then quantified angles, diameters, and states of 78,006 branch objects representing the complete canopies of 16 trees. By combining these
two models we predicted that large trees (>80 cm DBH) contained, on average, 383 m of branches that were highly suitable for birds (i.e., the predicted probability of
observing a bird was >0.5), which was more than seven times the average length of highly suitable branches provided by medium trees (51-80 cm DBH). Only one of
the sampled medium trees contained highly suitable branches. Small trees (<50 cm DBH) contained none. Our analysis provides new knowledge about characteristics
that make large old trees disproportionately attractive to birds and presents a novel method of assessment that can apply to other complex habitat structures.

1. Introduction

Large old trees have been described as keystone structures (Hunter
et al., 2017; Manning et al., 2006; Prevedello et al., 2018) because they
are disproportionately important as habitats for many animals in com-
parison to smaller and younger trees (Lindenmayer and Laurance,
2016). Over 300 vertebrates in Australia (Gibbons and Lindenmayer,
2002) and 1000 bird species worldwide (van der Hoek et al., 2017)
depend on large old trees for nesting, roosting, and shelter.

One explanation for the disproportionate use of large old trees by
animals is that older trees are more likely to develop hollows or cavities.
Hollows are habitat structures that provide nesting sites for many
mammals, birds, herpetofauna, and invertebrates (Lindenmayer and
Laurance, 2016). However, many species that depend on large old trees
do not use hollows but rely on branches for perching, nesting, and other
activities (Le Roux et al., 2015a; Lindenmayer, 2017). Therefore, taken
alone, the presence of hollows cannot explain why many organisms
prefer large old trees.

There are other significant aspects that make tree habitats preferable
to animals. One of those factors is the spatial arrangements of branches
in tree crowns. Complex patterns of tree canopies result from centuries
of growth, aging, lightning strikes, wind damage, insect assaults, fungal
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proliferation, and fires (Pretzsch, 2009). Features that are common in
large old trees but are absent or rare in younger trees include diverse
branch arrangements (Sillett et al., 2015), fissured bark (Lindenmayer
etal., 2000), and many dead and lateral branches (Le Roux et al., 2018).
These structures provide sites for crucial activities, including nesting
and perching (Le Roux et al., 2015a).

Low-resolution methods cannot measure such complex aggregations
of branches. Conventional approaches for assessing trees rely on rela-
tively coarse naked-eye observations from the ground (Harper et al.,
2004; Koch, 2008; Rayner et al., 2011), aerial and satellite sensing
(Corona et al., 2010), or measurements taken through tree climbing or
from crane gondolas (Lindenmayer and Laurance, 2016). Some of these
techniques can account for structures that are relatively large and few in
number, for example major tree limbs (Sillett et al., 2015), hollows
(Gibbons and Lindenmayer, 2002), or structures located on the ground
including fallen logs (Killey et al., 2010) and leaf litter (Mcelhinny et al.,
2010). However, the measurements obtained in this way provide un-
reliable estimates of habitat features in tree canopies (Rayner et al.,
2011; Stojanovic et al., 2012). For example, they can overlook proper-
ties of branch aggregations (Seidel et al., 2011) or interiors of hollows
(Harper et al., 2004).

When the number of features such as small branches increases,
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assessment becomes challenging (Malhi et al., 2018). Given this diffi-
culty, surveyors can inappropriately assume an equivalence between
large and small trees in terms of habitat structures such as dead and
lateral branches (Vesk et al., 2008). By failing to account for features
that are unique to large old trees, this assumption can contribute to the
loss of significant habitat structures in managed landscapes (Le Roux
et al., 2015b; Lindenmayer, 2017).

Better analysis of trees as habitats requires approaches that can
exceed human visual acuity and capture ecologically meaningful fea-
tures (Calders et al., 2020b). The scale of relevant ecological interactions
is a more meaningful threshold for the fidelity of data representations
(Gamez and Harris, 2022; Olsoy et al., 2015). To illustrate, animals
operate within perceptual worlds determined by their sensory abilities,
cognition, and learning (Dyck, 2012; Greggor et al., 2014). They ascribe
meaning to structures when they recognise and choose to use them as
habitats (McGarigal et al., 2016). Better measurement can reveal prop-
erties of habitat structures in ways that reflect such perceptions (Aben
et al., 2018; Russo et al., 2023) including the preference for large old
trees (Prevedello et al., 2018).

Recent developments in sensing and analysis has improved accuracy,
precision, repeatability, and traceability of measuring the structures in
trees (Calders et al., 2020b). For example, terrestrial lidar scanning
senses structures by emitting laser pulses, which offers higher-resolution
data, permitting detailed descriptions of structural elements beneath
and within the canopies of trees (Camarretta et al., 2019).

Most techniques for assessing scans of trees are adaptations from
methods originally devised for the analysis of less spatially detailed
samples such as forest stands (Calders et al., 2020b). Better assessments
of individual trees can be done with emerging feature-recognition
techniques developed for high-resolution point-cloud data provided by
terrestrial lidar devices. For example, quantitative structure models can
register 99 % of branches with millimetre accuracy (Hackenberg et al.,
2015). The typical use of such models is to estimate biomass for har-
vesting or carbon sequestration (Disney et al., 2018). Some studies have
also used these models to understand relationships between branches,
for example, in trees under wind loads (Malhi et al., 2018). To our
knowledge, none of these approaches model how fauna use trees.

In response, we: 1) develop a statistical model that uses field ob-
servations to predict patterns of branches that birds are more likely to
visit; 2) recognise every occurrence of these branches in high-resolution
three dimensional scans; and 3) compare habitat suitability of trees for
birds by combining steps one and two. This approach allows us to
compare the importance of trees as habitats across sizes and ages.

2. Methods

To develop this approach, we focus on a 50km? area in the Australian
Capital Territory (35°17'35.64S; 149°07'27.36"E), near Canberra. This
case typifies challenges that apply to the conservation of large old trees
(Schnell et al., 2015) in Australia and globally. In south-eastern
Australia, temperate eucalypt woodlands have declined by 95 % since
European settlement, leaving isolated large old trees being the only
remnants over much of the area where this ecological community once
occurred (Department of Environment, Climate Change and Water NSW,
2011).

2.1. Use field observation to predict which birds are more likely to visit

To identify branches that are significant to birds, we observed birds
visiting locations in tree crowns and recorded characteristics of visited
branches including diameter, angle relative to the horizontal plane, as
well as whether visited branches were dead or alive. To achieve this, our
process had to:

1. Define tree classes. To observe branches in trees of different ages,
we used size as a proxy for age and categorized trees into three

Biological Conservation 292 (2024) 110507

classes using trunk diameter at breast height (DBH). Although many
factors affect the formation of individual trees, age of trees in the
genus Eucalyptus, including (E. melliodora) in our study (Banks,
1997), correlate with DBH (Gibbons et al., 2000; Whitford, 2002).
The classes were: small (20-50 cm DBH), medium (51-80 ¢cm DBH),
and large (>80 cm DBH). We adopt this classification to demonstrate
the contrast between smaller and larger trees.

. Select sample trees and schedule bird observations. To represent

various land uses and management practices, we selected 62 trees
from four different areas: reserves, agricultural zones, urban parks,
and streets. The sample size included a selection of small, medium,
and large trees for each land use (see Fig. 1, Supplementary Materials
Appendix A). All trees were from the genus Eucalyptus, primarily
from four species (E. blakeleyi, E. melliodora, E. polyanthemos, and E.
bridgesiana).

We recorded birds visiting these trees twice per year during the
Austral spring (September to November) over two years (2017 and
2019), surveying each tree four times in total. Each ‘observation
period’ involved standing 5-10 m away from the canopy edge for 20
min between sunrise and 10 am. The ‘total observation period’ was
96 h (5760 min).

. Record types of branches visited by birds. We recorded the branch

type that birds visited in each tree. A ‘visit’ is a binary value (0,1)

indicating whether a bird was observed perching, feeding, or nesting

on one of 54 possible branch types within each tree across the total
observation period. We counted multiple uses of a branch type

within a tree across all observation periods as a one and no visits to a

branch type across all observation periods as a zero.

‘Branch type’ is a combination of characteristics as follows:

Size (three conditions: <5 cm, 5-20 cm, >20 cm diameter esti-

mated from the ground).

State (two conditions: dead or alive).

e Angles (nine conditions: 1-10°, 11-20°, 21-30°, 31-40°, 41-50°,
51-60°, 61-70°, 71-80°, 81-90° relative to the horizonal plane
estimated from the ground).

Classification based on these characteristics yielded
54 branch types = 3 sizes x 2 states x 9 angles.

For each visit, we also recorded: tree trunk diameter measured at
breast height over bark (DBH) and assigned a “Tree ID” to each
surveyed tree.

In total, we observed 482 bird visits (see Fig. 2, Supplementary
Materials Appendix A).

. Predict branch types likely to attract visits. Using Generalised

Linear Mixed Models (GLMMs), we examined the relationship be-

tween the probability a bird visited a branch type and potential

explanatory variables including branch diameter, branch angle

relative to the horizontal plane, branch state, tree DBH, and tree ID.

We used the binomial distribution for the probability of a bird visit to

a branch and represented DBH as a continuous variable. In all

GLMMs:

e branch diameter, state, angle, and tree diameter at breast height
(DBH) were fixed effects and

e Tree ID was a random effect because our data contained multiple
observations from the same trees.

. Confirm significance of characteristics that define branch types.

To identify the types of branches visited by birds, we found the best
model in a set of five candidate models that contained distinct
combinations of fixed effects (see Table 4, Supplementary Materials
Appendix D). The best model fit observations using the fewest
number of variables ensuring that we did not overfit the model to the
observed visits. We applied Akaike’s Information Criterion (AIC) to
select the best model (Anderson and Burnham, 2002). We completed
these analysing using the glmmTMB and MuMIn packages in R
(Barton, 2009; Brooks et al., 2017).

Together, the steps described in this section produced a statistical
model that linked bird visits to characteristics of branches. The next
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Fig. 1. Computational feature-recognition routines used to recognise branch objects. 1) Sample tree scanned; 2) Separated leaf (green) and wood (grey) points; 3)
recognised branch objects(red); 4) branch-object angles (low-angle branches relative to the horizontal plane in yellow); 5) canopy voxels (green boxes); 6) branch-
object exposure values (coloured numbers); 7) branch-object connections (black arrows) with terminal branch objects (red circles); and 8) branch object states (dead
branch-objects in green). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

step searched for these characteristics in high-resolution lidar scans recognise all ‘branch objects’ in scanned trees, measure their diameter,
of trees. their angles relative to the horizontal plane and assess their states
because we identified the significance of these characteristics on bird
visits (see Results 6.1). We refer to the recognised structures as ‘branch
objects’ to distinguish these numerical representations from physical
branches. These objects represent branches as cylinders differentiated

2.2. Recognise branch characteristics in high-resolution scans

We next used a custom feature recognition workflow (Fig. 1) to
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Fig. 2. Field observations of birds at trees. The probability of a bird visit at an observed branch in response to changes in tree diameter (cm DBH), branch state (alive
dead), branch angle (degrees from horizontal) and branch diameter (small, medium, and large). We plotted predictions for each variable while holding the other
values at their mean (for continuous variables) or their mode (for categorical variables).

by their length, radii, position, orientation, and connectivity to other

branch objects.

Below, we outline the steps of this recognition workflow (for addi-

tional detail, see Supplementary Materials Appendix B):

and end points of all branch objects to find their inclination relative

1. Scan trees. To obtain the datasets for feature recognition, we scan-

ned 16 trees using a Z + F IMAGER 5016 terrestrial lidar scanner.
These trees were either surveyed in our bird observation study or of
the same species within the study site (see Fig. 1, Supplementary
Materials Appendix A). Into this scanning, we included trees of
varying ages and growing under differing land management prac-
tices. We selected: four small, five medium, and seven large trees.
The environments included reserves (n = 7), agricultural land (n =
6), and urban areas such as parks and streets (n = 3). The distribution
by size class was as follows: urban (S =0, M =1, L = 2), reserve (S =
2,M =1, L =4), and agricultural land (S=2,M = 3,L=1) (Fig. 1,
Step 1).

. Separate points into clusters representing leaves and branches.
To define these clusters, we measured surface irregularity using a
Gaussian mixture model (Belton et al., 2013) that operates on point
cloud information (Fig. 1, Step 2).

. Recognise and connect branch objects. For each tree, we gener-
ated a quantitative structure model using the points from the branch
cluster and the cylinder-fitting method in SimpleTree (Hackenberg
et al., 2015). This method found three-dimensional positions, radii,
and lengths of all branch objects within tree scans (Fig. 1, Step 3).
The algorithm also connected adjacent objects forming a connec-
tivity graph of the whole tree. We standardised the branch objects
into 20 ¢cm-50 cm lengths by merging smaller or splitting larger
branch objects using a custom script written in Grasshopper 3D.

. Find branch diameters and angles. We used a custom script in
Grasshopper 3D to classify branches diameters into small, <5 cm;
medium, 5-20 cm; and large, >20 cm. This script also used the start

to the horizontal plane that we grouped into nine conditions: 1-10°,
11-20°, 21-30°, 31-40°, 41-50°, 51-60°, 61-70°, 71-80°, 81-90°)
(Fig. 1, Step 4).

. Define leaf objects. To prepare the leaf cluster for further analysis

we sampled the points as 10 cm x 10 cm x 10 cm voxels using
CloudCompare (Fig. 1, Step 5).

. Find exposure values. To estimate the extent by which the leaves

obscured branches in trees, we defined an ‘exposure’ characteristic
for each branch object using Grasshopper 3D. We defined this
characteristic as the number of canopy voxels within a sphere of 1 m
radius and its centre at the centroid of the object. (Fig. 1, Step 6).

. Find terminal branch-objects using connectivity information.

To identify branch objects representing the termini of tree limbs, we
found all objects with only one connecting neighbour using the
connectivity graph (Fig. 1, Step 7).

. Classify branch states. We used a custom Grasshopper 3D script to

classify states of branch objects as either ‘living’ or ‘dead’ (Fig. 1,
Step 8). To do so, we defined a dead branch as a branch object that:
1) had the exposure value <50 and 2) was a terminal branch or had a
connecting branch object that was also dead. We determined the
value of 50 as appropriate through visual inspection of recognised
dead branches. The second step of the process ensured that we did
not misclassify exposed living limbs such as the tree trunk as dead.

By completing this step, we obtained numerical descriptions of the

complete tree crowns for selected small, medium, and large trees. This
information served as the basis for the next step where we predicted the
suitability of trees for birds.
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2.3. Predict branches that birds are more likely to visit in scanned trees
and compare trees

This section describes the process we used to predict which branches
within scanned trees match branch types likely to be visited by birds. We
used these predictions to compare the lengths of highly suitable
branches for small, medium, and large trees. To perform this compari-
son, we:

1. List significant explanatory characteristics of branch objects.
First, we listed characteristics of branch objects that have a demon-
strated association with bird visits, as outlined in Section 3.1. These
variables were: tree diameter at breast height (DBH), branch angle,
branch diameter, and branch state. This step allowed us to match
recognised branch objects in the scanned trees to branch types on
which we could perform predictive analyses.

2. Predict which branch objects are likely to receive bird visits. For
each branch object, we used the GLMM to predict the probability of
observing at least one bird visit to a branch with the same charac-
teristics in a tree of corresponding trunk diameter over the total
observation period (‘visit likelihood’).

The outcome of this prediction yielded a mean probability value
for each branch object ranging from zero (indicating that no bird
visits) to one (indicating that at least one bird visit would be
observed).

3. Classify highly suitable branches. Based on these predictions, we
classified branch objects into two conditions: ‘highly suitable’ (visit
likelihood > 0.5) or ‘minimally suitable’ (visit likelihood <0.5) for
birds.

4. Quantify the total length of highly suitable branches for each
tree and the mean length of such branches in small, medium,
and large size classes. For each tree, we summed the lengths of
branch objects classified as highly suitable to calculate the mean
length of highly suitable branches. We then computed the mean
length of highly suitable branches per size class.

Comparisons of these values between trees and size classes enabled
us to understand why large (and therefore old) trees are dispropor-
tionately vital as bird habitats by contrasting the total lengths of
branches associated with bird visits in larger and smaller trees.

3. Results
3.1. Branch angle, branch diameter, and DBH predict bird visits

The best Generalised Linear Mixed Model (GLMM) based on field
observations showed that bird visits were more likely at branches that
have a lower angle relative to the horizontal plane (<20°), are smaller in
diameter (<5 cm), and found in trees with larger DBH values. The
analysis also indicated a modest preference for living branches (Fig. 2).

3.2. Characteristics of every branch in tree canopies become measurable

In 16 scanned trees, we recognised 78,006 individual branch objects
(see Table 3, Supplementary Materials Appendix C). Small trees had a
mean total branch length of 159 m (range 67-356 m), medium trees had
a mean total branch length of 888 m (range 650-1246 m), and small
trees had a mean total branch length of 1329 m (range 851-2054 m). We
classified these branch objects based on their angle, diameter, and state
(Table 1).

In scanned trees, branch objects had an average angle of 34°
(Table 1,

Fig. 3). Trees in the small (20-50 cm DBH), medium (51-80 cm DBH)
and large (>80 cm DBH) size classes had mean branch angles of 35°, 37°,
and 33° respectively.

The total length of lateral branches (defined as branches with an
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Table 1
Structural properties of branches, feature-recognition routines, and estimated
quantities.

Characteristics Feature recognition routines Estimated quantities
identified applied to scans of trees

produced by terrestrial lidar
Tree ID 1 Scan trees Up to 5 million unclassified

2 Separate points into
clusters representing
leaves and branches

3 Recognise and connect

branch objects

Find angles and

diameters of branch

objects

points per tree.
78,006 total branch objects.

Branch angles and 4
diameters

Mean angle relative to
horizontal 34.1° (range
0-89.7°).

74,784 branch objects <5 cm
diameters, 2054 objects with
diameters between 5 and 20
cm, 1168 objects with
diameters >20 cm.

975,226 canopy voxels.
5498 dead branch-objects.
62,508 living branch objects.

Branch states 5
(dead or alive)

Define leaf objects

Find exposure values

7  Find terminal branch-
objects

8  Find dead and living

branch-objects

o)}

angle <20° relative to the horizontal plane) on which birds are more
likely to be observed (Fig. 2) in each size class of trees differed sub-
stantially. The mean length of lateral branches in large, medium, and
small trees was 513 m (range 290-579 m), 211 m (range 94-414 m), and
60 m (range 14-170 m) respectively. Large trees therefore contained, on
average, 2.4 times greater length of lateral branches than medium-sized
trees and 8.5 times greater length of lateral branches than the smallest
trees.

To build on these findings, we performed a comparative analysis
focusing on the lengths and orientations of dead and living branches
(Table 1,

Fig. 3). We describe results for dead branches below and provide a
similar breakdown for living branches as well as for branch diameters in
the Supplementary Materials Appendix C.

Across 16 scanned trees, we identified 62,508 living and 5498 dead
branch objects. Large, medium, and small trees had mean dead-branch
lengths of 114 m (range 55-396 m), 48 m (range 3-139 m), and 4 m
(range 0-14 m), respectively. This meant that large trees had, on
average, 2.5 times greater length of dead branches than medium-sized
trees and 32.9 times greater length than small trees.

Large trees had dead branches with an average angle of 28°, while
medium and small trees had average angles of 37° and 38°, respectively.
Large trees had a mean length of lateral dead branches of 50 m (range
16-179 m), medium trees of 11 m (range 1-21 m), and small trees just 1
m (range 0-3 m). Thus, large trees contained four times greater length of
dead and lateral dead branches than medium-sized trees, and 59 times
greater length of such branches than small trees.

3.3. Suitability of trees for birds changes with tree sizes

We defined “highly suitable” branches as those for which the mean
predicted probability of observing a bird was >0.5 (Fig. 4). Our GLMM
(Fig. 2) predicted that large trees supported, on average, 383 m (range
209-609 m) of highly suitable branches. By contrast, only one medium-
sized tree (Tree 9, DBH 79 cm) supported any lengths of highly suitable
branches, amounting to 266 m. This led to an average of 53 m (range
0-266 m) of such branches for medium-sized trees. Small trees had no
highly suitable branches.

We also compared the ratio of highly suitable branches to minimally
suitable branches (i.e., mean predicted probability of observing a bird
was <0.5). On average, large trees contained 1.1 times greater length of
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Fig. 3. Recognised branch structures. Darker shading in the tree icons shows structural features for select large, medium, and small trees. Lines in the graphs show
distributions of these branches for all sampled trees. Clusters of lines correspond to trees of small (27-41 cm DBH), medium (60-79 cm DBH) and large (108-144 cm)
DBH sizes. A, Dead-branch availability relative to the DBH and elevation of sample trees. Each vertical line in the graph represents the aggregate distribution of dead
branches in one tree. Darker shading in tree icons shows recognised dead branches. B, Branch angle plotted relative to the DBH. Each vertical line shows the dis-
tribution of angles in one tree. Darker shading in the tree icons shows lateral branches with angles <20°.

minimally suitable branches than medium trees but 7.2 times greater
length of highly suitable branches than these trees. We could not
compare large trees to small trees because small trees had no highly
suitable branches. Such findings clearly demonstrate that large trees
substantially outperform their smaller counterparts in providing highly
suitable branches for birds.

Furthermore, only large trees had dead branches predicted to be
highly suitable for birds. Large trees had, on average 25 m (range 6-81
m) of such branches. That is, on average, 15 % of the highly suitable
branches provided by large trees were dead branches. We present met-
rics for individual trees and also include comprehensive results for
various combinations of branch characteristics, delineating their dis-
tribution across highly suitable and minimally suitable branches in
Supplementary Materials Appendix E.

4. Discussion

This research introduced a novel approach that quantified the
lengths of branches that are highly suitable for birds in large old trees.
We demonstrated that the canopies of large old trees contained on
average 383 m of branches that are highly suitable for birds, which is
more than seven times the average of 53 m for medium size trees. Only
one of the sampled medium trees contained highly suitable branches,

while small trees contained none. Here, we discuss our results in three
points to show that the examination of branch properties can aid the
understanding of tree use by animal communities. We conclude the
discussion by demonstrating the broader implications and scalability of
our workflow.

4.1. Field observations identify relationships between branch structures
and bird use

First, we discuss the study’s field observations of bird visits to
branches. Our observations modelled the likelihood of visits and ranked
preferences of birds relative to branch types (see Fig. 4, Supplementary
Materials Appendix D). Modelled patterns consistently demonstrated
that birds have the strongest preference for small diameter branches that
occur at low angles relative to the horizontal plane and in trees with
larger trunk diameters (Fig. 2).

Our predictions of such preferences are consistent with existing
research. Perching preferences result from various relationships be-
tween birds and habitat structures, including interactions between bird
physiology and perch surfaces (Roderick et al., 2019) as well as landing
behaviours in vertical and horizontal space (KleinHeerenbrink et al.,
2022). Many birds - including passerines — spend most of their time
perching. Mechanically, perching is easier on branches with lower
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this figure legend, refer to the web version of this article.)
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angles relative to the horizontal plane (Granatosky et al., 2022).
Furthermore, smaller diameter branches may offer easier gripping,
enhancing their suitability as perches.

The major constraint of naked-eye observations is that they cannot
account for most branches. For example, during field observations, we
recorded only visited types of branches and assigned zero values to all
other types. The analysis of scanned data demonstrated that each of
Trees 8-13, 15, and 16 (DBH 75-145) had more than one kilometre of
branches and Tree 11 (DBH 115 cm) had more than two kilometres. Tree
11 had 11,217 branch objects with varying properties and all scanned 16
trees had 78,006 objects (Table 3, Supplementary Materials Appendix
C). Typical field observations can only hope to record a small portion of
the totals in such complex tree crowns. The next section explains how
digital imaging and analysis can extend such observations.

4.2. Use of numerically defined branch objects results in more complete
descriptions of tree crowns

This second subsection shows that datasets produced by terrestrial
lidar and feature recognition can offer significant improvements to as-
sessments based on field observations by creating detailed numerical
descriptions of complex tree canopies.

Techniques of feature recognition can identify individual branches
and other tree organs. Improved completeness and resolution provided
by this workflow are important for studying large old trees because their
canopies produce especially dense and varied structures (Hunter et al.,
2017; Lindenmayer, 2017; Prevedello et al., 2018). Non-computational
approaches for recording individual branches do exist (Sillett et al.,
2015), but they are laborious when applied to larger trees. To illustrate
this challenge, Tree 11 (DBH 115 cm) had 777 m of lateral branches
(Table 3, Supplementary Materials Appendix C). Such large numbers
only loosely correlate with measurements such as trunk diameters at
breast height, canopy footprints, canopy strata, and tree heights (Seidel
et al., 2011). Alternative methods that predict complete canopy struc-
tures via allometric equations (Kohl et al., 2017), algorithms (Pru-
sinkiewicz et al., 2018), or tree-architecture models (Barthélémy and
Caraglio, 2007) are also insufficient when assessing large old trees
because these techniques focus on general principles and cannot capture
unique and highly varied patterns of individual trees.

We use a subclass of feature recognition methods known as object-
oriented metrics to assess complete tree canopies. These metrics
generate numerically defined descriptions of irregular and complex
spatial objects by characterizing them with real-world attributes, such as
three-dimensional shapes or surface textures (Glad et al., 2020). This
approach offers improvements over techniques that capture only one- or
two-dimensional measurements because biota interact with habitat
structures in three dimensions and respond to functional properties at
the scale of branches (Malhi et al., 2018; Calders et al., 2020a; Gamez
and Harris, 2022). Other studies have used feature recognition to assess
complex habitat features and associate them with animal use (Glad
et al., 2020; Varin et al., 2020). However, these studies rely on airborne
lidar and evaluate habitat suitability at landscape scales (Glad et al.,
2020). Resulting datasets have point spacings between 0.2 and 30 m
(Beland et al., 2019), which is sufficient for recognizing tree boundaries
but not branches and other smaller features.

By contrast, our workflow recognises lateral, dead, exposed, and
terminal branches (as lines that range from 20 cm to 50 cm), leaves (as
cubes with 10 cm edges), voids, and other features. To obtain this
additional detail, we use terrestrial lidar scanning, which offers resolu-
tions between 0.005 and 0.05 m (Beland et al., 2019), resulting in mil-
lions of sample points per tree. Some studies do apply terrestrial lidar
scanning to assess habitats in woodlands and individual trees (Ashcroft
et al., 2014; Calders et al., 2020a; Krishna Moorthy et al., 2019).
However, existing approaches do not generate connected branch struc-
tures of whole canopies from these data or recognise objects such as
individual branches using quantitative structure models. Other studies
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represent individual branches and the topology of canopies using these
models, but apply the results to assess wood volumes for harvesting or
carbon sequestration without considering trees as habitats (Disney et al.,
2018; Lau et al., 2018). Thus, datasets produced by terrestrial lidar
scanning and analysed through feature recognition offer significant
improvements on existing approaches.

4.3. Feature recognition linked with field observations quantifies the
significance of large old trees for birds

Part three of our discussion relates field observations to feature
recognition. Existing research on habitat complexity already emphasises
the need to assess features that are meaningful for wildlife in addition to
measuring geometrical properties such as size, variation, and scale
(Kovalenko et al., 2012; Loke and Chisholm, 2022). Our workflow re-
sponds to this need by using branch angles, lengths, radii, and 3D po-
sitions to identify branch types. It then matches branches with observed
animal use to determine their relative significance. This assessment in-
tegrates field observations and structural measurements to clarify why
birds prefer large trees using outcomes that neither technique can pro-
vide in isolation. The resulting workflow assesses the suitability of trees
by comparing totals across size classes and comparing individual trees.

Our comparison of complete tree crowns demonstrates that birds
have a strong preference for larger trees because these trees offer greater
numbers of highly suitable branches. For instance, our best-performing
large tree (Tree 11, DBH of 115 cm) had over 600 m of highly suitable
branches. This contrasts with our largest medium tree (Tree 9, DBH 79
cm), which had 266 m of such branches. This contrast is overwhelming
with every other tree in the small and medium classes, which had no
highly suitable branches.

Our model also confirmed that the inclination of branches relative to
the horizontal plane significantly influenced their suitability for birds.
This result shows that low-inclination branches are much more common
in large old trees, a trait likely attributable to the loss of apical domi-
nance in older trees (Munné-Bosch, 2018). For instance, Trees 10 (DBH
113 cm), 11 (DBH 115 c¢m), and 12 (DBH 121 cm) in the large class all
had >500 m of lateral branches (ie. branches with angles lower than
20°), compared to as little as 14 m of such branches in smaller trees (Tree
2, DBH 30 cm). This difference shows that the abundance of lateral
branches in large old trees makes them uniquely equipped to meet the
needs of birds.

Moreover, while existing studies highlight that birds prefer perching
on dead branches (Becker et al., 2009; Frohlich and Ciach, 2020), our
research augments this understanding. Other things being equal, we
found that lateral dead branches are more likely to be highly suitable for
birds. A comparison of angles across trees of varying sizes showed that
the average orientation of dead branches in larger trees was nearly ten
degrees closer to the horizontal plane than in smaller trees. Conse-
quently, the average large tree contained 59 times more lateral dead
branches compared to the average small tree. Examining individual
large trees further illuminates this disparity. For instance, Tree 13 (DBH
115 c¢m) had a total 179 m of lateral dead branches. This was over three
times the combined 59 m length of lateral dead branches in all medium
(n = 5) and small (n = 4) trees. The length of such branches in this one
large tree also surpassed the combined total of all lateral dead branches
in the other large old trees (n = 6) put together (171 m). Although all
trees produce more dead branches as they age and senesce, our model-
ling demonstrates that stochastic events impacting trees of similar ages
and sizes can result in trees with significantly different structures. Some
of these tree structures better align with bird preferences, confirming the
need for techniques that can capture complex patterns within tree
crowns.

Our modelling successfully extended field observations with novel
numerical methods of lidar-scanning and analysis. For example, we
found that, on average, a large tree has 1.5 times greater length of
branches compared to a medium tree, but 7.2 times greater length of
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branches highly suitable for birds. These estimates indicate that larger
and older trees function as keystone habitat structures because their
branches have many concurrent characteristics. These attributes
collectively influence which branches birds choose to visit and are rarely
found together in smaller and younger trees. Measuring the lengths of all
branches in a tree crown cannot be done with other techniques and this
assessment shows the disproportionate significance of large old trees for
birds.

4.4. Proposed methods have wider applications

In addition to the improved understanding, our modelling can sup-
port assessments of arboreal features for planning and restoration. In
these domains, many models assume equivalence between younger and
older trees or focus on more easily distinguishable characteristics such as
hollows (Le Roux et al., 2015b). These simplified models inform
development scenarios that clear mature, well-established trees and seek
to offset such losses by installing nest boxes (Lindenmayer, 2017) or
planting young and small trees to replace the old (Gibbons et al., 2010).
To our knowledge, current assessments have not considered complex
arrangement of branches in tree crowns (Seidel, 2018). Numerical evi-
dence provided by our modelling supplies strong reasons for the reten-
tion of large old trees and preservation of their complex canopy
structures.

Better numerical descriptions can also contribute to larger scale
evaluations. For example, computational objects specified in our
approach can serve as building blocks for a variety of ecological as-
sessments. In carbon accounting, detailed data about individual trees
can refine forest models (Disney et al., 2018). Similarly, our methods
could integrate with landscape-level models, computing “kilometres of
highly suitable branches” to describe woodlands at larger scales.

Furthermore, our approach can reveal how animals perceive their
arboreal habitats and use this understandings to inform innovative
methods in design for biodiversity (Aben et al., 2018; Dominoni et al.,
2020). Detailed digital models can evaluate what a bird can see from
every branch it can access. Some studies already use terrestrial lidar
scans to assess how structures aid or impede animals’ ability to detect
hazards (Olsoy et al., 2015). Our workflow has the potential to integrate
techniques such as path finding and collision detection to further
strengthen the link between perception and habitat geometries (Lennon
et al., 2021). Future work can link our modelling with improved ob-
servations by tracking animal movement through drones, video re-
cordings and rapid 3D modelling (Koger et al., 2023). Quality of this
data is improving swiftly (D’ Urban Jackson et al., 2020).

Our techniques can apply to other microhabitats in trees, including
bark or epiphyte plants (Frey et al., 2020). They can work with other
sites and species including trees in urban areas, conifer plantations, and
exceptionally large individual organisms surviving in undisturbed for-
ests (Malhi et al., 2018). Broader still, these approaches can be adapted
to work with other important habitat structures including reefs and
rocks (Hunter et al., 2017). Beyond efforts to understand existing pat-
terns of habitation, they can also inform designs of artificial habitats in
degraded landscapes (Holland and Roudavski, n.d.; Mirra et al., 2022;
Roudavski, 2021).

5. Conclusion

This study addresses the acute need to understand and measure the
significance of large old trees. Such understanding is lacking because
tree canopies are complex and assessments typically have coarse reso-
lution. In response, our study employed an innovative approach that
combined field observations of birds with terrestrial lidar scans and
computational feature-recognition. The resulting modelling could
describe habitats provided by trees at an unprecedented level of detail.
To obtain such detailing, we first observed birds at 62 trees and
measured characteristics of visited branches. We then used angle,
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diameter, state (living or dead), and diameter at breast height to develop
a generalised linear mixed model that could predict which types of
branches birds are more likely to visit. To extend these predictions, we
calculated angles, diameters, and states of 78,006 branch objects in lidar
scans of 16 trees. By combining the two models, we demonstrated that
large old trees have branch structures that do not occur in smaller,
younger trees. Our comparative modelling estimated that the length of
highly suitable branches in large trees was seven times greater than in
medium trees, while small trees possessed no highly suitable branches.
Our methods can apply to a variety of sites and work with complex
habitat structures other than trees. To conclude, this work contributes to
knowledge by developing a novel approach to the evaluation of complex
habitat structures and providing an improved understanding of the large
old trees’ disproportionate significance as habitats for birds.

Credit authorship contribution statement

Alexander Holland generated the dataset of trees and developed the
feature recognition workflow used to produce the results. Phil Gibbons
undertook the bird surveys and processed the data identifying bird use.
Alexander Holland developed the literature review, designed the
research study, and drafted the text. Stanislav Roudavski devised and led
the overarching research program. Phil Gibbons, Stanislav Roudavski
and Jason Thompson guided the conception and design of the experi-
ment and contributed to the article writing and editing. All authors
approved the final version of the manuscript.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability

Source data and code for data preparation, statistical analyses and
figures are available at https://github.com/alexrfholland/assessing-
trees-for-birds

Acknowledgements

We thank Julian Rutten and Darren Le Roux for help in collecting and
processing the lidar and bird observation data. We also acknowledge the
Traditional Custodians of the land on which we gathered data, the
Ngunnawal people.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.biocon.2024.110507.

References

Aben, J., Pellikka, P., Travis, J.M.J., 2018. A call for Viewshed ecology: advancing our
understanding of the ecology of information through viewshed analysis. Methods
Ecol. Evol. 9, 624-633. https://doi.org/10.1111/2041-210x.12902.

Anderson, D.R., Burnham, K.P., 2002. Avoiding pitfalls when using information-theoretic
methods. J. Wildl. Manag. 66, 912-918. https://doi.org/10.2307/3803155.

Ashcroft, M.B., Gollan, J.R., Ramp, D., 2014. Creating vegetation density profiles for a
diverse range of ecological habitats using terrestrial laser scanning. Methods Ecol.
Evol. 5, 263-272. https://doi.org/10.1111/2041-210x.12157.

Banks, J.C.G., 1997. Tree ages and ageing in yellow box. In: Dargavel, J. (Ed.), The
Coming of Age. Forest Age and Heritage Values. Environment Australia, Canberra,
pp. 17-28.

Barthélémy, D., Caraglio, Y., 2007. Plant architecture: a dynamic, multilevel and
comprehensive approach to plant form, structure and ontogeny. Ann. Bot. 99,
375-407. https://doi.org/10.1093/aob/mcl260.

Barton, K., 2009. MuMIn: Multi-Model Inference.


https://github.com/alexrfholland/assessing-trees-for-birds
https://github.com/alexrfholland/assessing-trees-for-birds
https://doi.org/10.1016/j.biocon.2024.110507
https://doi.org/10.1016/j.biocon.2024.110507
https://doi.org/10.1111/2041-210x.12902
https://doi.org/10.2307/3803155
https://doi.org/10.1111/2041-210x.12157
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0020
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0020
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0020
https://doi.org/10.1093/aob/mcl260
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0030

A. Holland et al.

Becker, M.E., Bednekoff, P.A., Janis, M.W., Ruthven, D.C., 2009. Characteristics of
foraging perch-sites used by loggerhead shrikes. Wilson J. Ornithol. 121, 104-111.
https://doi.org/10.1676,/08-027.1.

Beland, M., Parker, G., Sparrow, B., Harding, D., Chasmer, L., Phinn, S., Antonarakis, A.,
Strahler, A., 2019. On promoting the use of LiDAR systems in forest ecosystem
research. For. Ecol. Manage. 450, 117484 https://doi.org/10.1016/j.
foreco.2019.117484.

Belton, D., Moncrieff, S., Chapman, J., 2013. Processing tree point clouds using Gaussian
mixture models. ISPRS Ann. Photogramm. Remote Sens. Spat. Inform. Sci. II-5/W2,
43-48. https://doi.org/10.5194/isprsannals-ii-5-w2-43-2013.

Brooks, M.E., Kristensen, K., Benthem, K.J., van Magnusson, A., Berg, C.W., Nielsen, A.,
Skaug, H.J., Machler, M., Bolker, B.M., 2017. glmmTMB balances speed and
flexibility among packages for zero-inflated generalized linear mixed modeling. R J.
9, 378. https://doi.org/10.32614/1j-2017-066.

Calders, K., Adams, J., Armston, J., Bartholomeus, H., Bauwens, S., Bentley, L.P.,
Chave, J., Danson, F.M., Demol, M., Disney, M., Gaulton, R., Krishna Moorthy, S.M.,
Levick, S.R., Saarinen, N., Schaaf, C., Stovall, A., Terryn, L., Wilkes, P., Verbeeck, H.,
2020a. Terrestrial laser scanning in forest ecology: expanding the horizon. Remote
Sens. Environ. 251, 112102 doi:C10.1016/j.rse.2020.112102.

Calders, K., Phinn, S., Ferrari, R., Leon, J., Armston, J., Asner, G.P., Disney, M., 2020b.
3D imaging insights into forests and coral reefs. Trends Ecol. Evol. 35, 6-9 doi:
10.1016/j.tree.2019.10.004.

Camarretta, N., Harrison, P.A., Bailey, T., Potts, B., Lucieer, A., Davidson, N., Hunt, M.,
2019. Monitoring forest structure to guide adaptive management of forest
restoration: a review of remote sensing approaches. New For. 573-596 https://doi.
org/10.1007/s11056-019-09754-5j.

Corona, P., Blasi, C., Chirici, G., Facioni, L., Fattorini, L., Ferrari, B., 2010. Monitoring
and assessing old-growth forest stands by plot sampling. Plant Biosyst. 144,
171-179. https://doi.org/10.1080/11263500903560710.

Department of Environment, Climate Change and Water NSW, 2011. National Recovery
Plan for White Box—Yellow Box—Blakely’s Red Gum Grassy Woodland and Derived
Native Grassland: A Critically Endangered Ecological Community (No. 978 1 74232
311 4). Department of Environment, Climate Change and Water New South Wales,
Sydney.

Disney, M.1., Boni Vicari, M., Burt, A., Calders, K., Lewis, S.L., Raumonen, P., Wilkes, P.,
2018. Weighing trees with lasers: advances, challenges and opportunities. Interface
Focus 8, 20170048. https://doi.org/10.1098/rsfs.2017.0048.

Dominoni, D.M., Halfwerk, W., Baird, E., Buxton, R.T., Fernandez-Juricic, E., Fristrup, K.
M., McKenna, M.F., Mennitt, D.J., Perkin, E.K., Seymoure, B.M., Stoner, D.C.,
Tennessen, J.B., Toth, C.A., Tyrrell, L.P., Wilson, A., Francis, C.D., Carter, N.H.,
Barber, J.R., 2020. Why conservation biology can benefit from sensory ecology. Nat.
Ecol. Evol. 4, 502-511. https://doi.org/10.1038/541559-020-1135-4.

D’Urban Jackson, T., Williams, G.J., Walker-Springett, G., Davies, A.J., 2020. Three-
dimensional digital mapping of ecosystems: a new era in spatial ecology. Proc. R.
Soc. B Biol. Sci. 287, 20192383. https://doi.org/10.1098/rspb.2019.2383.

Dyck, H.V., 2012. Changing organisms in rapidly changing anthropogenic landscapes:
the significance of the ‘umwelt’-concept and functional habitat for animal
conservation. Evol. Appl. 5, 144-153. https://doi.org/10.1111/j.1752-
4571.2011.00230.x.

Frey, J., Asbeck, T., Bauhus, J., 2020. Predicting tree-related microhabitats by
multisensor close-range remote sensing structural parameters for the selection of
retention elements. Remote Sens. (Basel) 12, 867. https://doi.org/10.3390/
rs12050867.

Frohlich, A., Ciach, M., 2020. Dead tree branches in urban forests and private gardens are
key habitat components for woodpeckers in a city matrix. Landsc. Urban Plan. 202,
103869 doi:10.1016/j.landurbplan.2020.103869.

Gamez, S., Harris, N.C., 2022. Conceptualizing the 3D niche and vertical space use.
Trends Ecol. Evol. 37, 953-962 doi:10.1016/j.tree.2022.06.012.

Gibbons, P., Lindenmayer, D.B., 2002. Tree Hollows and Wildlife Conservation in
Australia. CSIRO, Collingwood.

Gibbons, P., Lindenmayer, D.B., Barry, S.C., Tanton, M.T., 2000. Hollow formation in
eucalypts from temperate forests in southeastern Australia. Pac. Conserv. Biol. 6,
218-228. https://doi.org/10.1071/pc000217.

Gibbons, P., McElhinny, C., Lindenmayer, D.B., 2010. What Strategies Are Effective for
Perpetuating Structures Provided by Old Trees in Harvested Forests? A Case Study
on Trees with Hollows in South-Eastern Australia. For. Ecol. Manag. 260, 975-982.
https://doi.org/10.1016/j.foreco.2010.06.016.

Glad, A., Reineking, B., Montadert, M., Depraz, A., Monnet, J.-M., 2020. Assessing the
performance of object-oriented Lidar predictors for forest bird habitat suitability
modeling. Remote Sens. Ecol. Conserv. 6, 5-19. https://doi.org/10.1002/rse2.117.

Granatosky, M.C., Young, M.W., Herr, V., Chai, C., Raidah, A., Kairo, J.N., Anaekwe, A.,
Havens, A., Zou, B., Ding, B., Chen, C., De Leon, D., Shah, H., Valentin, J.,
Hildreth, L., Castro, T., Li, T., Yeung, A., Dickinson, E., Youlatos, D., 2022. Positional
behavior of introduced monk parakeets (Myiopsitta monachus) in an urban
landscape. Animals 12, 2372. https://doi.org/10.3390/ani12182372.

Greggor, A.L., Clayton, N.S., Phalan, B., Thornton, A., 2014. Comparative cognition for
conservationists. Trends Ecol. Evol. 29, 489-495. https://doi.org/10.1016/j.
tree.2014.06.004.

Hackenberg, J., Spiecker, H., Calders, K., Disney, M., Raumonen, P., 2015. SimpleTree:
an efficient open source tool to build tree models from TLS clouds. Forests 6,
4245-4294. https://doi.org/10.3390/f6114245.

Harper, M.J., McCarthy, M.A., van der Ree, R., Fox, J.C., 2004. Overcoming Bias in
ground-based surveys of hollow-bearing trees using double-sampling. For. Ecol.
Manage. 190, 291-300. https://doi.org/10.1016/j.foreco.2003.10.022.

10

Biological Conservation 292 (2024) 110507

van der Hoek, Y., Gaona, G.V., Martin, K., 2017. The diversity, distribution and
conservation status of the tree-cavity-nesting birds of the world. Divers. Distrib. 23,
1120-1131. https://doi.org/10.1111/ddi.12601.

Holland, A., Roudavski, S., n.d. Participatory design for multispecies cohabitation: by
trees, for birds, with humans, in: Heitlinger, S., Foth, M., Clarke, R. (Eds.), Designing
More-Than-Human Smart Cities: Beyond Sustainability, Towards Cohabitation.
Oxford University Press, Oxford.

Hunter, M.L., Acuna, V., Bauer, D.M., Bell, K.P., Calhoun, A.J.K., Felipe-Lucia, M.R.,
Fitzsimons, J.A., Gonzdlez, E., Kinnison, M., Lindenmayer, D., Lundquist, C.J.,
Medellin, R.A., Nelson, E.J., Poschlod, P., 2017. Conserving small natural features
with large ecological roles: a synthetic overview. Biol. Conserv. 211, 88-95. https://
doi.org/10.1016/j.biocon.2016.12.020.

Killey, P., Mcelhinny, C., Rayner, I., Wood, J., 2010. Modelling fallen branch volumes in
a temperate eucalypt woodland: implications for large senescent trees and
benchmark loads of coarse woody debris. Austral Ecol. 35, 956-968. https://doi.
org/10.1111/j.1442-9993.2010.02107 ..

KleinHeerenbrink, M., France, L.A., Brighton, C.H., Taylor, G.K., 2022. Optimization of
avian perching manoeuvres. Nature 607, 91-96. https://doi.org/10.1038/541586-
022-04861-4.

Koch, A.J., 2008. Errors associated with two methods of assessing tree hollow occurrence
and abundance in eucalyptus Obliqua Forest, Tasmania. For. Ecol. Manag. 255,
674-685. https://doi.org/10.1016/j.foreco.2007.09.042.

Koger, B., Deshpande, A., Kerby, J.T., Graving, J.M., Costelloe, B.R., Couzin, 1.D., 2023.
Quantifying the movement, behaviour and environmental context of group-living
animals using drones and computer vision. J. Anim. Ecol. 92, 1357-1371. https://
doi.org/10.1111/1365-2656.13904.

Kohl, M., Neupane, P.R., Lotfiomran, N., 2017. The impact of tree age on biomass growth
and carbon accumulation capacity: a retrospective analysis using tree ring data of
three tropical tree species grown in natural forests of Suriname. PloS One 12,
e0181187. https://doi.org/10.1371/journal.pone.0181187.

Kovalenko, K.E., Thomaz, S.M., Warfe, D.M., 2012. Habitat complexity: approaches and
future directions. Hydrobiologia 685, 1-17. https://doi.org/10.1007/510750-011-
0974-z.

Krishna Moorthy, S.M., Bao, Y., Calders, K., Schnitzer, S.A., Verbeeck, H., 2019. Semi-
automatic extraction of Liana stems from terrestrial Lidar point clouds of tropical
rainforests. ISPRS J. Photogramm. Remote Sens. 154, 114-126. https://doi.org/
10.1016/j.isprsjprs.2019.05.011.

Lau, A., Bentley, L.P., Martius, C., Shenkin, A., Bartholomeus, H., Raumonen, P.,
Malhi, Y., Jackson, T., Herold, M., 2018. Quantifying branch architecture of tropical
trees using terrestrial Lidar and 3D modelling. Trees 32, 1219-1231. https://doi.
org/10.1007/s00468-018-1704-1.

Le Roux, D.S., Ikin, K., Lindenmayer, D.B., Bistricer, G., Manning, A.D., Gibbons, P.,
2015a. Enriching small trees with artificial nest boxes cannot mimic the value of
large trees for hollow-nesting birds. Restor. Ecol. 24, 252-258 d0i:10.1111/
rec.12303.

Le Roux, D.S., Ikin, K., Lindenmayer, D.B., Manning, A.D., Gibbons, P., 2015b. Single
large or several small? Applying biogeographic principles to tree-level conservation
and biodiversity offsets. Biol. Conserv. 191, 558-566 d0i:10.1016/j.
biocon.2015.08.011.

Le Roux, D.S., Ikin, K., Lindenmayer, D.B., Manning, A.D., Gibbons, P., 2018. The value
of scattered trees for wildlife: contrasting effects of landscape context and tree size.
Divers. Distrib. 24, 69-81. https://doi.org/10.1111/ddi.12658.

Lennon, O., Wittmer, H.U., Nelson, N.J., 2021. Modelling three-dimensional space to
design prey refuges using video game software. Ecosphere 12, e03321. https://doi.
org/10.1002/ecs2.3321.

Lindenmayer, D.B., 2017. Conserving large old trees as small natural features. Biol.
Conserv. Small Nat. Features 211, 51-59. https://doi.org/10.1016/j.
biocon.2016.11.012.

Lindenmayer, D.B., Laurance, W.F., 2016. The ecology, distribution, conservation and
management of large old trees. Biol. Rev. 92, 1434-1458. https://doi.org/10.1111/
brv.12290.

Lindenmayer, D.B., Cunningham .R.B., Ross B., Donnelly, C.F., Franklin, J.F., 2000.
Structural features of old-growth Australian montane ash forests. For. Ecol. Manage.
134, 189-204. https://doi.org/10.1016/s0378-1127(99)00257-1.

Loke, L.H.L., Chisholm, R.A., 2022. Measuring habitat complexity and spatial
heterogeneity in ecology. Ecol. Lett. 25, 2269-2288. https://doi.org/10.1111/
ele.14084.

Malhi, Y., Jackson, T., Bentley, L.P., Lau, A., Shenkin, A., Herold, M., Calders, K.,
Bartholomeus, H., Disney, M.I., 2018. New perspectives on the ecology of tree
structure and tree communities through terrestrial laser scanning. Interface Focus 8,
20170052. https://doi.org/10.1098/rsfs.2017.0052.

Manning, A.D., Fischer, J., Lindenmayer, D.B., 2006. Scattered trees are keystone
structures: implications for conservation. Biol. Conserv. 132, 311-321. https://doi.
org/10.1016/j.biocon.2006.04.023.

Mcelhinny, C., Lowson, C., Schneemann, B., Pachén, C., 2010. Variation in litter under
individual tree crowns: implications for scattered tree ecosystems. Austral Ecol. 35,
87-95. https://doi.org/10.1111/j.1442-9993.2009.02016.x.

McGarigal, K., Wan, H.Y., Zeller, K.A., Timm, B.C., Cushman, S.A., 2016. Multi-scale
habitat selection modeling: a review and outlook. Landsc. Ecol. 1161-1175 https://
doi.org/10.1007/5s10980-016-0374-x.

Mirra, G., Holland, A., Roudavski, S., Wijnands, J., Pugnale, A., 2022. An artificial
intelligence agent that synthesises visual abstractions of natural forms to support the
design of human-made habitat structures. Front. Ecol. Evol. 10, 806453 https://doi.
org/10.3389/fevo.2022.806453.

Munné-Bosch, S., 2018. Limits to tree growth and longevity. Trends Plant Sci. 23,
985-993. https://doi.org/10.1016/j.tplants.2018.08.001.


https://doi.org/10.1676/08-027.1
https://doi.org/10.1016/j.foreco.2019.117484
https://doi.org/10.1016/j.foreco.2019.117484
https://doi.org/10.5194/isprsannals-ii-5-w2-43-2013
https://doi.org/10.32614/rj-2017-066
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0055
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0055
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0055
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0055
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0055
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0060
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0060
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0060
https://doi.org/10.1007/s11056-019-09754-5j
https://doi.org/10.1007/s11056-019-09754-5j
https://doi.org/10.1080/11263500903560710
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0075
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0075
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0075
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0075
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0075
https://doi.org/10.1098/rsfs.2017.0048
https://doi.org/10.1038/s41559-020-1135-4
https://doi.org/10.1098/rspb.2019.2383
https://doi.org/10.1111/j.1752-4571.2011.00230.x
https://doi.org/10.1111/j.1752-4571.2011.00230.x
https://doi.org/10.3390/rs12050867
https://doi.org/10.3390/rs12050867
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0105
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0105
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0105
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0110
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0110
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0115
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0115
https://doi.org/10.1071/pc000217
https://doi.org/10.1016/j.foreco.2010.06.016
https://doi.org/10.1002/rse2.117
https://doi.org/10.3390/ani12182372
https://doi.org/10.1016/j.tree.2014.06.004
https://doi.org/10.1016/j.tree.2014.06.004
https://doi.org/10.3390/f6114245
https://doi.org/10.1016/j.foreco.2003.10.022
https://doi.org/10.1111/ddi.12601
https://doi.org/10.1016/j.biocon.2016.12.020
https://doi.org/10.1016/j.biocon.2016.12.020
https://doi.org/10.1111/j.1442-9993.2010.02107.x
https://doi.org/10.1111/j.1442-9993.2010.02107.x
https://doi.org/10.1038/s41586-022-04861-4
https://doi.org/10.1038/s41586-022-04861-4
https://doi.org/10.1016/j.foreco.2007.09.042
https://doi.org/10.1111/1365-2656.13904
https://doi.org/10.1111/1365-2656.13904
https://doi.org/10.1371/journal.pone.0181187
https://doi.org/10.1007/s10750-011-0974-z
https://doi.org/10.1007/s10750-011-0974-z
https://doi.org/10.1016/j.isprsjprs.2019.05.011
https://doi.org/10.1016/j.isprsjprs.2019.05.011
https://doi.org/10.1007/s00468-018-1704-1
https://doi.org/10.1007/s00468-018-1704-1
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0200
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0200
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0200
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0200
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0205
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0205
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0205
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0205
https://doi.org/10.1111/ddi.12658
https://doi.org/10.1002/ecs2.3321
https://doi.org/10.1002/ecs2.3321
https://doi.org/10.1016/j.biocon.2016.11.012
https://doi.org/10.1016/j.biocon.2016.11.012
https://doi.org/10.1111/brv.12290
https://doi.org/10.1111/brv.12290
https://doi.org/10.1016/s0378-1127(99)00257-1
https://doi.org/10.1111/ele.14084
https://doi.org/10.1111/ele.14084
https://doi.org/10.1098/rsfs.2017.0052
https://doi.org/10.1016/j.biocon.2006.04.023
https://doi.org/10.1016/j.biocon.2006.04.023
https://doi.org/10.1111/j.1442-9993.2009.02016.x
https://doi.org/10.1007/s10980-016-0374-x
https://doi.org/10.1007/s10980-016-0374-x
https://doi.org/10.3389/fevo.2022.806453
https://doi.org/10.3389/fevo.2022.806453
https://doi.org/10.1016/j.tplants.2018.08.001

A. Holland et al.

Olsoy, P.J., Forbey, J.S., Rachlow, J.L., Nobler, J.D., Glenn, N.F., Shipley, L.A., 2015.
Fearscapes: mapping functional properties of cover for prey with terrestrial LiDAR.
BioScience 65, 74-80. https://doi.org/10.1093/biosci/biul89.

Pretzsch, H., 2009. Forest dynamics, growth and yield: from measurement to model.
Springer, Berlin.

Prevedello, J.A., Almeida-Gomes, M., Lindenmayer, D.B., 2018. The importance of
scattered trees for biodiversity conservation: a global meta-analysis. J. Appl. Ecol.
55, 205-214. https://doi.org/10.1111/1365-2664.12943.

Prusinkiewicz, P., Cieslak, M., Ferraro, P., Hanan, J., 2018. Modeling plant development
with L-systems. In: Morris, R.J. (Ed.), Mathematical Modelling in Plant Biology.
Springer, Cham, pp. 139-169.

Rayner, L., Ellis, M., Taylor, J.E., 2011. Double sampling to assess the accuracy of
ground-based surveys of tree hollows in eucalypt woodlands. Austral Ecol. 36,
252-260. https://doi.org/10.1111/j.1442-9993.2010.02145.x.

Roderick, W.R.T., Chin, D.D., Cutkosky, M.R., Lentink, D., 2019. Birds land reliably on
complex surfaces by adapting their foot-surface interactions upon contact. eLife 8,
e46415. https://doi.org/10.7554/elife.46415.

Roudavski, S., 2021. Interspecies Design. In: Parham, J. (Ed.), Cambridge Companion to
Literature and the Anthropocene. Cambridge University Press, Cambridge,
pp. 147-162. https://doi.org/10.1017/9781108683111.010.

Russo, N.J., Davies, A.B., Blakey, R.V., Ordway, E.M., Smith, T.B., 2023. Feedback loops
between 3D vegetation structure and ecological functions of animals. Ecol. Lett.
1-17 https://doi.org/10.1111/ele.14272.

Schnell, S., Kleinn, C., Stéhl, G., 2015. Monitoring trees outside forests: a review.
Environ. Monit. Assess. 187, 600. https://doi.org/10.1007/s10661-015-4817-7.

11

Biological Conservation 292 (2024) 110507

Seidel, D., 2018. A Holistic Approach to Determine Tree Structural Complexity Based on
Laser Scanning Data and Fractal Analysis. Ecol. Evol. 8, 128-134. https://doi.org/
10.1002/ece3.3661.

Seidel, D., Fleck, S., Leuschner, C., Hammett, T., 2011. Review of ground-based methods
to measure the distribution of biomass in forest canopies. Ann. For. Sci. 68, 225-244.
https://doi.org/10.1007/513595-011-0040-z.

Sillett, S.C., Van Pelt, R., Kramer, R.D., Carroll, A.L., Koch, G.W., 2015. Biomass and
growth potential of Eucalyptus regnans up to 100m tall. For. Ecol. Manage. 348,
78-91. https://doi.org/10.1016/j.foreco.2015.03.046.

Stojanovic, D., Webb, M., Roshier, D., Saunders, D., Heinsohn, R., 2012. Ground-based
survey methods both overestimate and underestimate the abundance of suitable
tree-cavities for the endangered swift parrot. Emu - Austral Ornithol. 112, 350-356.
https://doi.org/10.1071/mul1076.

Varin, M., Chalghaf, B., Joanisse, G., 2020. Object-based approach using very high
spatial resolution 16-band WorldView-3 and LiDAR data for tree species
classification in a broadleaf forest in Quebec, Canada. Remote Sens. 12, 3092.
https://doi.org/10.3390/rs12183092.

Vesk, P.A., Nolan, R., Thomson, J.R., Dorrough, J.W., Nally, R.M., 2008. Time lags in
provision of habitat resources through revegetation. Biol. Conserv. 141, 174-186.
https://doi.org/10.1016/j.biocon.2007.09.010.

Whitford, K.R., 2002. Hollows in jarrah (Eucalyptus marginata) and marri (Corymbia
calophylla) trees: 1. Hollow sizes, tree attributes and ages. For. Ecol. Manage. 160,
201-214. https://doi.org/10.1016/s0378-1127(01)00446-7.


https://doi.org/10.1093/biosci/biu189
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0275
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0275
https://doi.org/10.1111/1365-2664.12943
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0285
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0285
http://refhub.elsevier.com/S0006-3207(24)00068-5/rf0285
https://doi.org/10.1111/j.1442-9993.2010.02145.x
https://doi.org/10.7554/elife.46415
https://doi.org/10.1017/9781108683111.010
https://doi.org/10.1111/ele.14272
https://doi.org/10.1007/s10661-015-4817-7
https://doi.org/10.1002/ece3.3661
https://doi.org/10.1002/ece3.3661
https://doi.org/10.1007/s13595-011-0040-z
https://doi.org/10.1016/j.foreco.2015.03.046
https://doi.org/10.1071/mu11076
https://doi.org/10.3390/rs12183092
https://doi.org/10.1016/j.biocon.2007.09.010
https://doi.org/10.1016/s0378-1127(01)00446-7

	Terrestrial lidar reveals new information about habitats provided by large old trees
	1 Introduction
	2 Methods
	2.1 Use field observation to predict which birds are more likely to visit
	2.2 Recognise branch characteristics in high-resolution scans
	2.3 Predict branches that birds are more likely to visit in scanned trees and compare trees

	3 Results
	3.1 Branch angle, branch diameter, and DBH predict bird visits
	3.2 Characteristics of every branch in tree canopies become measurable
	3.3 Suitability of trees for birds changes with tree sizes

	4 Discussion
	4.1 Field observations identify relationships between branch structures and bird use
	4.2 Use of numerically defined branch objects results in more complete descriptions of tree crowns
	4.3 Feature recognition linked with field observations quantifies the significance of large old trees for birds
	4.4 Proposed methods have wider applications

	5 Conclusion
	Credit authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgements
	Appendix A Supplementary data
	References


