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Abstract 1 

Describing and quantifying vascular canal orientation and volume of osteocyte lacunae in bone is 2 
important in studies of bone growth, mechanics, health and disease. It is also an important element 3 
in analysing fossil bone in palaeohistology, key to understanding the growth, life, and death of extinct 4 
animals. Often, bone microstructure is studied using two-dimensional (2D) sections, and three-5 
dimensional (3D) shape and orientation of structures are estimated by modelling the structures using 6 
idealised geometries based on information from their cross sections. However, these methods rely on 7 
structures meeting strict geometric assumptions. Recently, 3D methods have been proposed which 8 
could provide a more accurate and robust approach to bone histology, but these have not been tested 9 
in direct comparison with their 2D counterparts in terms of accuracy and sensitivity to deviations from 10 
model assumptions. We compared 2D and 3D methodologies for estimating key microstructural traits 11 
using a combination of experimental and idealised test datasets. We generated populations of 12 
cylinders (canals) and ellipsoids (osteocyte lacunae), varying the cross-sectional aspect ratios of 13 
cylinders and orientation of ellipsoids to test sensitivity to deviations from cylindricality and 14 
longitudinal orientation, respectively. Using published methods, based on 2D sections and 3D 15 
datasets, we estimated cylinder orientation and ellipsoid volume. We applied the same methods to 16 
six CT datasets of duck cortical bone, using the full volumes for 3D measurements and single CT slices 17 
to represent 2D sections. Using in silico test datasets that did deviate from ideal cylinders and 18 
ellipsoids resulted in inaccurate estimates of cylinder or canal orientation, and reduced accuracy in 19 
estimates of ellipsoid and lacunar volume. These results highlight the importance of using appropriate 20 
3D imaging and quantitative methods for quantifying volume and orientation of 3D structures and 21 
offer approaches to significantly enhance our understanding of bone physiology based on accurate 22 
measures for bone microstructures. 23 

 24 
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Introduction 26 

Bone histology is part of the daily armoury in biomedical research and, the study of bone histology in 27 
extant and fossil animals has led to substantial shifts in the way we view extinct species and the 28 
evolution of key biological traits such as growth rate, metabolic rate, and locomotion. Additionally, 29 
the arrangement of vascular canals within the bone cortex and the spaces wherein bone cells reside, 30 
the osteocyte lacunae, can provide information about developmental age (Carter et al., 2013, Lai et 31 
al., 2015) and growth rate (Castanet et al., 2000, de Margerie et al., 2004, de Margerie et al., 2002), 32 
and how the bone may have been loaded during the animal’s lifetime (De Margerie et al., 2005, Britz 33 
et al., 2012, van Oers et al., 2015). Furthermore, bone microstructure is influenced by body mass (Cubo 34 
et al., 2014), metabolic constraints (Cubo et al., 2014), and phylogeny (Legendre et al., 2014). Studying 35 
bone histology in extant animals to discover correlations between intracortical bone microstructure 36 
and a variety of biological traits, from growth rate to lifestyle, has therefore significantly enhanced 37 
our understanding of extinct animals and evolution (Erickson et al., 2009, Chinsamy-Turan and Hurum, 38 
2005, Padian and Lamm, 2013, Erickson, 2014). 39 

However, much remains to be learned from bone histology analysis. In palaeontology, histological 40 
descriptions of new fossils are typically qualitative, placing observed tissues into a set of bone types 41 
(De Ricqles, 1975) and relating these to traits, such as ’rapid growth’ or occasionally more specific 42 
growth rates (de Margerie et al., 2002). Although well-established, the categories used to define the 43 
bone types do not fully capture the continuous nature of spatial and temporal variation in bone 44 
structure (de Boef and Larsson, 2007) and quantitative approaches are crucial to standardisation and 45 
robust testing of hypotheses. 46 

A number of studies have taken such a quantitative approach, testing how measures for (intracortical) 47 
bone microstructures relate to other biological traits, including the orientation and density of vascular 48 
canals or the volume, shape, and number and volume density of osteocyte lacunae. For example, 49 
vascular canal orientation has been correlated with bone deposition rate (de Margerie et al., 2002, de 50 
Margerie et al., 2004, Lee and Simons, 2015) and direction of bone loading (De Margerie et al., 2005, 51 
Simons and O'connor, 2012, Marelli and Simons, 2014), while increased vascular density (both number 52 
and volume density) has been related to accelerated growth rate (de Buffrenil et al., 2008, Cubo et al., 53 
2014). Osteocyte lacunar shape and volume have been linked with body mass (D'Emic and Benson, 54 
2013), growth rate (D'Emic and Benson, 2013), while genome size (Organ et al., 2009, Organ et al., 55 
2007, D'Emic and Benson, 2013) and lacunar number density have been correlated inversely with body 56 
mass (Stein and Werner, 2013) and positively with femoral growth rate (Cubo et al., 2012). 57 
Understanding the correlations between morphology and biological origins of those morphologies can 58 
help us to understand the biology of living organisms, and to inform interpretations of the biology of 59 
extinct organisms from fossilised bone. 60 

The correlations identified by such histological studies highlight the potential that histological 61 
approaches hold, if the different factors influencing these relationships can be disentangled. However, 62 
results have not been consistent across studies for all factors. For example, a number of studies have 63 
found correlations between decreased growth rate and laminar vascular canal orientations (de 64 
Margerie et al., 2002, de Margerie et al., 2004, De Margerie et al., 2005, Pratt et al., 2018), while 65 
others have not found this relationship to be significant, and instead argue that vascular canal 66 
orientation is more closely related to the direction of bone loading. Additionally, not all observations 67 
have been reliably reproduced across different studies in different species (Pratt and Cooper, 2018, 68 



4 
 

de Margerie et al., 2004, de Margerie et al., 2002). The variation in results between studies is likely to 69 
be, in part, due to real differences in the biology between species, and as yet undefined factors 70 
determining tissue structure. However, it is also possible that methodological problems limit the 71 
accuracy and reliability of results generated. Further elucidation of the relationships between form 72 
and function and/or developmental origin is contingent on accurate and reproducible histological 73 
analysis. 74 

In general, histological descriptions are based on a single, or small number of, transverse thin tissue 75 
sections. Therefore, estimation of the orientation, shape or volume of structures in their native three-76 
dimensional (3D) context, such as intracortical canals or osteocyte lacunae, is based on their shape 77 
observed in two-dimensional (2D) cross sections by light microscopy and the subsequent underlying 78 
assumptions needed to extrapolate the 2D information into 3D. The use of 2D histological 79 
methodologies, based on a single or small number of thin sections for each tissue sample, is a potential 80 
source of inaccuracy when characterising structures in a quantitative fashion. Doubt has been cast on 81 
the suitability of traditional 2D approaches for estimating 3D traits. Such traits include the shape and 82 
orientation of canals (Hennig et al., 2015), volumes of the osteocyte lacunae (D'Emic and Benson, 83 
2013), and connectivity of pores and other structures (Qu et al., 2015), both within (Cooper et al., 84 
2011, Stein and Prondvai, 2014, Pratt and Cooper, 2017) and outside palaeobiology (Schneider et al., 85 
2007). Similarly, outside the bone field entirely, researchers in other areas have noted the importance 86 
of understanding 3D structures, from the structure of bubbles in cake batter (Tan et al., 2016) to 87 
complex branching plant root systems (Iyer-Pascuzzi et al., 2010). In addition, the small specimen 88 
‘volume’ sampled in a histological section may not be representative of the bone as a whole, leading 89 
to an overestimation of the variation between specimens. Thus, similar variation could potentially be 90 
present within a single bone at a different volume of interest within the same anatomical site and/or 91 
at different anatomical sites. Using traditional histological methods, this would only be apparent if 92 
multiple sections were taken from each bone, and, to date, this is not the standard approach. 93 

Across histology and palaeobiology, there is increasing adoption of micro-computed tomography 94 
(µCT) (Abel et al., 2012, Sanchez et al., 2012, Sanchez et al., 2016, Knoll et al., 2018) as a non-invasive 95 
3D imaging technique. However, to date, little work has focussed on quantitative estimation of 96 
morphology and validation of existing 2D morphometric methods using the additional information 3D 97 
imaging can provide, especially at the microstructural level. In particular, the accuracy of 2D and 3D 98 
approaches have not been fully scrutinised, despite findings that, for example, shape and orientation 99 
cannot be distinguished based on 2D sections (Hennig et al., 2015, Pratt et al., 2018). Some 2D 100 
methods to quantify 3D structures require fewer assumptions to be made (for example measuring 101 
bone porosity only requires that the section taken is representative of the bone in general, rather than 102 
fitting a geometric model), and may be more robust than others. Therefore, it is important to 103 
understand which 2D approaches can be used robustly to quantitatively characterise 3D structures, 104 
such as intracortical canals or osteocyte lacunae. Furthermore, it is important to recognise what 105 
assumptions must be satisfied for these approaches to enable quantitative morphometry to be used, 106 
and how 2D approaches compare to 3D approaches. 107 

In this study, 2D and 3D approaches to quantify vascular canals and osteocyte lacunae are critically 108 
appraised and evaluated. 2D and 3D methods for quantitative morphometry are tested for their 109 
accuracy and cross-validated against each other using simplified in silico test datasets in 2D and 3D, to 110 
estimate measures of histological interest, namely canal orientation and osteocyte lacunar volume. In 111 
addition, the same 2D and 3D methods are tested in experimental bone datasets from 2D virtual thin-112 
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slice histology and 3D µCT, in order to compare and determine the quantitative morphometric results 113 
derived from 2D and 3D datasets. 114 

Methods 115 

The first aim of this study was to compare the accuracy of 2D and 3D methods for quantitative 116 
morphometry of basic measures of the intracortical canal network and osteocyte lacunae, the canal 117 
orientation and osteocyte lacunar volume, and cross-validate their outcomes, using idealised shapes 118 
as in silico test datasets. The test datasets were varied to represent typical biological structures and 119 
experimental imaging settings, including:  120 
− cylinders with circular and non-circular cross sections for vascular canals,  121 
− tri-axial ellipsoids in different 3D orientations for osteocyte lacunae, and  122 
− different nominal resolutions of the imaging technique, 123 
− to examine the limitations of the different 2D and 3D methods employed to estimate vascular 124 

canal and osteocyte lacunar measures. 125 

The second aim of this study was to apply the same 2D and 3D methods to estimate vascular canal 126 
and osteocyte lacunar measures in experimental bone datasets, derived from 2D thin-slice histology 127 
and µCT, in order to compare and critically appraise their quantitative morphometric outcomes. 128 
Here, experimental datasets were used to compare 2D and 3D methods in a more realistic context, 129 
and to determine whether these could be derived reliably from 2D tissue sections. 130 

The quantitative methods used in this study combine in silico tests of 2D and 3D methods for 131 
estimating the orientation of cylinders (in silico models of vascular canals) and the volume of ellipsoids 132 
(in silico models of osteocyte lacunae). For the experimental datasets from the domestic duck (Anas 133 
platyrhynchos) generated and examined in this study, the same measures are estimated. It is 134 
straightforward to obtain the extant domestic duck due to their commercial production, unlike fossil 135 
samples. While the actual arrangement of these intracortical structures is not essential for the current 136 
work, the key is that the used bone material contains both vascular canals (i.e., tubes) and osteocyte 137 
lacunae (i.e., ellipsoids). The results from this study are therefore applicable to bone studies ranging 138 
from human biomedical samples to those looking at the bones of tyrannosaurs, and beyond this, any 139 
study inferring 3D properties of structures from their 2D cross sections. 140 

For estimating the orientation of vascular canals, de Boef and Larsson’s 2007 method for estimating 141 
orientation based on ellipses fitted to the 2D cross sections of canals (de Boef and Larsson, 2007) is 142 
compared with Pratt’s 2017 method for skeletonising and measuring 3D canal datasets (Pratt and 143 
Cooper, 2017). For estimating osteocyte lacunar volume, three methods were compared: a method 144 
based on fitting an ellipse to a single 2D cross section, one based on fitting ellipses to cross sections in 145 
two perpendicular planes with the aim of better characterising the average shape of a population of 146 
osteocyte lacunae (D'Emic and Benson, 2013), and a 3D method based on fitting ellipsoids to 147 
segmented 3D osteocyte lacunae from CT images. 148 

Materials 149 

Three commercially-reared domestic ducks were purchased frozen (Large commercial supermarket 150 
chain, UK; University of Southampton ERGO ethics approval number 27443). The commercial harvest 151 
age for ducks within the UK is approximately 7 weeks (DEFRA, 2012). At this age, the ducks are not 152 
adult, but have reached adult body mass (Montes et al., 2005). The right tibiotarsus and humerus of 153 
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each duck were dissected, and 2 mm × 10 mm longitudinal matchsticks of cortical bone were cut from 154 
the midshaft (Figure S1) using a slow-speed saw (Buehler Isomet, Esslingen am Neckar, Germany). The 155 
samples were fixed in 4% paraformaldehyde (PFA) for at least 24 h and stored in 70% ethanol at 4 ˚C. 156 
The sample were then mounted vertically (so that reconstructed CT slices represent transverse 157 
sections of the long bones). 158 

Ethanol was removed immediately before SR CT imaging and the samples were covered with a plastic 159 
tube (1.5 ml microcentrifuge tube) to reduce sample drying. 160 

Image acquisition and processing of experimental 3D image datasets of vascular canals and 161 
osteocyte lacunae 162 

The mid-diaphysis of the samples were scanned at beamline I13-2 of Diamond Light Source (Harwell 163 
Science and Innovation Campus, Didcot, UK), using a pink beam with an average X-ray energy of 20 164 
keV. The voxel size was set to 0.8 μm. 100 ms exposure per projection was chosen for 4001 projections 165 
over 180˚ per scan, at a sample-to-detector distance of 20 mm. CT scans were reconstructed using 166 
standard filtered backprojection then binned twice to a final voxel size of 1.6 μm to improve the signal-167 
to-noise ratio. In addition, the stack was reduced from 1079 slices to 1000 slices by removing slices at 168 
the top and bottom of the stack which differed in contrast from the rest of the stack. The final stack 169 
volume was 1280 x 1284 x 1000 voxels. 2D datasets were generated by selecting the mid-slice (slice 170 
number 500) from the reconstructed 3D CT stack.  171 

Intracortical pores were segmented using a custom segmentation workflow in the free, open-source 172 
image processing package Fiji/ImageJ (Schindelin et al., 2012) (see supplementary information for 173 
details including an example slice in Figure S2).  Osteocyte lacunae and vascular canals were separated 174 
by volume (for 3D datasets) and by area (for 2D slices). Intracortical microstructures with volumes of 175 
50-500 μm3 were considered to be osteocyte lacunae (D'Emic and Benson, 2013), while features with 176 
volumes >1000 μm3 were classified as vascular canals. Objects with volumes between 500 and 1000 177 
μm3 were excluded as these were larger than the majority of published estimates for avian osteocyte 178 
lacunae (roughly 100-500 μm3 in most birds (D'Emic and Benson, 2013)). In the datasets of the present 179 
study, these objects often represented several osteocyte lacunae close together, especially near 180 
deposition surfaces where osteocytes may not be mature, that could not be easily separated. Using 181 
traditional histology in recent bone material, these would be possible to separate since the nuclei 182 
could be stained, however, such stains are not visible when using X-rays. In 2D, an appropriate area 183 
threshold that separated osteocyte lacunae and vascular canals was more difficult to obtain from 184 
literature due to variability in canal diameter, however, through an iterative approach, an appropriate 185 
value for separating vascular canals from osteocyte lacunae was found to be >38 μm2.  186 

Generation of 2D and 3D in silico test image datasets of vascular canals and osteocyte lacunae 187 

For the first aim, we investigate whether for 3D in silico test image datasets, published 2D and 3D 188 
methods for quantitative morphometry are able to reproduce set rotational angles, aspect ratios, and 189 
volumes of idealised shapes. This is done in such a way that all geometric assumptions are met, 190 
including perfect cylindricality for canals (de Boef and Larsson, 2007) and predominant lacunar 191 
alignments and thin-section directions for osteocyte lacunae (Stein and Werner, 2013), and where – 192 
unlike in real conditions – each shape can be sliced perfectly through its midpoint. The rationale 193 
behind this simplification is that any problems for quantitative morphometry of intracortical 194 
microstructures can be highlighted in a controlled manner (best-case scenario). In experimental 195 
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datasets (realistic scenario), where the above assumptions are not (fully) met and each shape is not 196 
cut through its midpoint, any identified problems for characterising 3D microstructures in a 197 
quantitative fashion will be amplified. 198 

Vascular canals in bone tissue are described as being approximately cylindrical in shape (de Boef and 199 
Larsson, 2007) and consequently, canals were represented by cylinders. Initially, a highly simplified 200 
test case was used: a single cylinder with a diameter of 10 voxels, which is within the range of canal 201 
diameters found in real bone in our preliminary studies of 7-week-old duck long bones when imaged 202 
at an isotropic voxel size of 1.6 μm, for instance through µCT. The cylinder was generated using 203 
Simpleware ScanIP (Vers 2016.09-SP1; Synopsis, Inc.), a commercial image processing and model 204 
generation software. The cylinder was defined as a surface model with length 400 units and diameter 205 
10 units, with the midpoint of the model centred in a cubic spatial domain of 500x500x500 units. A 206 
random value between 0˚ and 90˚ was generated for each of the three rotations around the y-, x-, and 207 
z-axis (in this order) through the centre of the object (Figure S3). The cylinder was therefore rotated 208 
randomly in space, though its midpoint remained in the centre of the spatial domain. This process was 209 
repeated 100 times to generate a total of 100 individual cylinder datasets, representing 100 different 210 
random rotations in 3D space (Figure S3). 211 

Vascular canals are, in reality, not always perfectly cylindrical (Hennig et al., 2015). Therefore, the 212 
sensitivity of the methods to deviations from perfect cylindricality were tested. Elliptic cylinders were 213 
generated with cross-sectional aspect ratios of 1:1.25, 1:1.5, and 1:3 (Figure S4), representing 214 
perfectly cylindrical vascular canals (1:1), slightly elliptic vascular canals (1:1.25), moderately elliptic 215 
vascular canals (1:1.5), and extremely elliptic vascular canals (1:3). 100 elliptic cylinders were 216 
generated for each aspect ratio, and each cylinder was rotated randomly in 3D using the method 217 
described above. 218 

Osteocyte lacunae are often described as tri-axial ellipsoids, with ratios of axis lengths of 219 
approximately 3:2:1 (Bach-Gansmo et al., 2015) and a range of typical volumes between 100-500 μm3 220 
in most birds and more than 1000 μm3 in the ostrich (D'Emic and Benson, 2013). In this study, the 221 
shape was simplified to a prolate spheroid with axis ratios of 3:1:1. The set ellipsoid was defined as an 222 
ellipsoid with axis lengths of 15×5×5 μm3 (Mader et al., 2013), giving a set volume of 196 μm3, within 223 
the typical range of lacunar volumes for birds (D'Emic and Benson, 2013). 224 

Previous work has shown that the number of voxels are important, for example for estimation of 225 
ellipsoid/lacunae orientation (Mader, 2013). Therefore, ellipsoids were generated at three different 226 
sizes, representing imaging the set 196 μm3 volume at three different voxel sizes appropriate for 227 
imaging microstructure in bone using CT: 1.6 μm (typical for lab-based μCT scanner and for reasonably 228 
large samples of a few millimetres), 0.8 μm, and 0.33 μm (achievable in synchrotron settings but near 229 
the limit for current lab-based systems and the general limit for standard CT, given by the diffraction 230 
limit of visible light around ~200 μm). 231 

Like the cylinders, a highly simplified scenario was used, with individual ellipsoids placed at the centre 232 
of their respective cubic spatial domains (in this case the domain measured 50x50x50 units). The 233 
nominal voxel size was set by changing the axis lengths so that, when converted to voxels, the size 234 
was representative of an osteocyte lacuna imaged at that voxel size e.g. for a nominal voxel size of 1.6 235 
μm, the axis lengths were adjusted to 9.375x3.125x3.125 arbitrary units for 0.8 μm, the axis lengths 236 
were adjusted to 18.75x6.25x6.25 arbitrary units, and for 0.33 μm the axis lengths were 45x15x15 237 
arbitrary units. 238 



8 
 

In order to represent randomly oriented osteocyte lacunae found in woven bone (Stein and Prondvai, 239 
2014), surface models were given a random value between 0˚ and 90˚ for rotations around the x-, y-, 240 
and z-axis through the centre of the object (same steps as shown in Figure S3 for cylinders). To 241 
represent parallel-fibred bone in another osteocyte lacunar in silico model set, each ellipsoid was 242 
given a random value between 0˚ and 22.5˚ for rotations around the x-, y-, and z-axis through the 243 
centre of the object (Figure S5). For each case, 100 ellipsoids with random orientations in 3D space 244 
were generated. 245 

The surface models were converted to voxelised 3D images, using ScanIP’s ‘Surface to Mask’ tool. The 246 
resultant 3D image stacks were binarised in Fiji/ImageJ using an automated absolute thresholding 247 
method, namely the Li method based on minimising the cross-entropy (Li and Tam, 1998). The effect 248 
of choosing a specific threshold value was not studied here but would affect the absolute volume 249 
estimated. For the ellipsoids, the different voxel sizes result in ellipsoid models with different numbers 250 
of voxels representing their volume (1.6 μm: ~48 voxels, 0.8 μm: ~383 voxels, 0.33 μm: ~5,301 voxels) 251 
as shown in Figure 3. Due to partial volume effects, not all the model lacunae were expected to have 252 
the same number of voxels: this would also be the case if identical lacunae were imaged in a real CT 253 
scan. 254 

In order to compare estimates of lacuna volume based on 3D ellipsoid fitting and 2D 1-plane and 2-255 
plane ellipse fitting methods, 2D slices were generated from the in silico 3D datasets. The mid-slice of 256 
the dataset was selected as the main slice because this cut directly through the midpoint of each 257 
object. In order to implement d’Emic and Benson’s method to estimate osteocyte lacunar volume, 258 
(D'Emic and Benson, 2013) a second slice is required, perpendicular to the first slice. Therefore, each 259 
osteocyte model was resliced in the xz-plane, in order to create a second 2D image that passes through 260 
the midpoint of the object. 261 

Quantification of vascular canals and osteocyte lacunae for 2D slices of 3D models 262 

Vascular canal and osteocyte lacuna models were quantified using methods based on 3D volumes, 263 
and methods based on 2D sections, to estimate canal orientation and osteocyte lacunar volume.  264 

The orientation of cylinders representing vascular canals was defined by two angles (Figure 1), a radial 265 
and longitudinal angle, following de Boef and Larsson’s method (de Boef and Larsson, 2007). The 266 
longitudinal angle ω is the angle the canal makes relative to the longitudinal bone axis (0˚: perfectly 267 
transversal, 90˚: perfectly longitudinal), while the radial angle θ is a measure of whether the canal runs 268 
radially (90˚: like spokes on a bike wheel) or circumferentially (0˚: like the rim of a wheel). 269 

In 2D, canal orientation was estimated by fitting best-fit ellipses to the 2D canal cross section (Figure 270 
2) using the ‘Analyze Particles’ tool in Fiji/ImageJ (de Boef and Larsson, 2007, Legendre et al., 2014). 271 
This method assumes that canals are circular in cross section. The longitudinal angle ω was calculated 272 
as 273 

 ω = arcsin � 𝑏𝑏
𝑎𝑎

 �  , (1) 
where a and b are the lengths of the major and minor axis of the best-fit ellipse.  274 

The radial angle θ was estimated by calculating the angle between the major axis of the ellipse and a 275 
tangent to the edge of the bone surface. For in silico test datasets, the ‘tangent to the bone’ was fixed 276 
as a line parallel with the x-axis (Figure 9A). For experimental datasets, the radial angle θ was 277 
estimated by calculating the angle between the major axis of the ellipse and the tangent to the bone 278 
surface nearest to the centroid of the ellipse (Figure 9B). 279 
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In 2D, osteocyte lacunae were quantified by fitting best-fit ellipses to the segmented 2D cross sections 280 
(‘xy-plane method’) using the ‘Analyze Particles’ tool in Fiji/ImageJ (de Boef and Larsson, 2007, 281 
Legendre et al., 2014). Mean lacuna volume (𝐿𝐿𝐿𝐿.𝑉𝑉������) was estimated by calculating the volumes of a 282 
prolate (i.e., elongated) spheroid: 283 

 𝐿𝐿𝐿𝐿.𝑉𝑉������ =
∑ �43𝜋𝜋𝑟𝑟𝑖𝑖,1𝑟𝑟𝑖𝑖,2

2�𝑛𝑛
𝑖𝑖=0

𝑛𝑛
 , (2) 

with 𝑟𝑟𝑖𝑖,1 and 𝑟𝑟𝑖𝑖,2 being the major radius and minor radius of the individual best-fit ellipse 𝑖𝑖 and 𝑛𝑛 the 284 
number of osteocyte lacunae. Additionally, a second estimate was made based on the work of D’Emic 285 
and Benson (D'Emic and Benson, 2013), using axes from two perpendicular 2D sections to capture the 286 
3D shape more accurately, by estimating three different axes and thus calculating the individual lacuna 287 
volumes based on a tri-axial ellipsoidal shape: 288 

 
𝐿𝐿𝐿𝐿.𝑉𝑉������ =

∑ �43𝜋𝜋𝑟𝑟𝑖𝑖,1𝑟𝑟𝑖𝑖,2𝑟𝑟𝑖𝑖,3�
𝑛𝑛
𝑖𝑖=0

𝑛𝑛
 , (3) 

with 𝑟𝑟𝑖𝑖,1 being the major radius length and 𝑟𝑟𝑖𝑖,2 and 𝑟𝑟𝑖𝑖,3 being the minor radii (‘xy/xz-plane method’). 289 
𝑟𝑟𝑖𝑖,2 and 𝑟𝑟𝑖𝑖,3 were estimated from the transverse section of the osteocyte lacuna, and 𝑟𝑟𝑖𝑖,1 from the 290 
major axis of an ellipse fitted to a perpendicular section following the assumption that osteocyte 291 
lacunae are on average aligned with the long axis of the bone. 292 

Quantification of vascular canals and osteocyte lacunae of 3D models and experimental 3D CT 293 
data 294 

The longitudinal and radial angles ω and θ of vascular canals were also estimated using the full 3D 295 
datasets for both in silico test data and experimental data.  296 

The longitudinal and radial angles ω and θ of vascular canals were derived using a skeletonisation 297 
process (Figure 4) based on Pratt et al. (Pratt et al., 2018, Pratt and Cooper, 2017) and implemented 298 
using BoneJ (Doube et al., 2010), a plugin for ImageJ. A custom ImageJ macro was written to automate 299 
the process. First, the segmented canal was skeletonised using the ‘Skeletonize 2D/3D’ tool (Figure 4 300 
C-D). Then, the skeleton was analysed using the ‘Analyze Skeleton’ tool, producing the coordinates of 301 
the end points of each branch in the skeleton (Figure 4 E). Each canal was defined as the line between 302 
the nodes of the skeleton. 303 

In Pratt’s original method, each branch is broken into smaller segments to measure the orientations 304 
all the way along the branch, following its twists and turns. Here, a simpler skeleton has been used 305 
and each branch was defined as a straight line between the nodes. While this does reduce the accuracy 306 
of quantitative measures for curved canals, it provides an estimate of the overall direction of the canal. 307 
This simplification also reduces computational time, which can be significant in complex networks 308 
within large CT datasets. The longitudinal angle ω of a canal was estimated by calculating the angle 309 
between the skeleton branch (representing the canal) and the long axis of the bone. Additionally, the 310 
original method of Pratt et al. (Pratt et al., 2018, Pratt and Cooper, 2017) was adapted to estimate the 311 
longitudinal angle ω relative to the longitudinal bone axis rather than the reference system of the CT 312 
scan, taking into account bones that have not been mounted perfectly along the rotation axis of the 313 
CT setup (z-axis). For experimental datasets, the scan was set up so that the long axis of the bone was 314 
(as closely as possible) aligned with the z-axis of the CT scan. However, in some cases, the long axis of 315 
the bone was not perfectly aligned with the rotation axis and therefore a correction was applied as 316 
follows. The orientation of the longitudinal bone axis for the experimental CT data was defined by 317 
fitting a circle to manually selected points on the surface of the bone in the first slice of the stack, and 318 
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using a circle of the same diameter to fit the bone surface as closely as possible in the last slice of the 319 
stack. The bone axis was defined as the line between the centres of those two circles, and used as a 320 
correction when the longitudinal angle ω was calculated. For in silico test datasets, this was fixed as a 321 
line parallel to the z-axis of the domain (Figure S6). 322 

The radial angle θ was estimated by calculating the angle of the skeleton branch in the transverse 323 
plane relative to the nearest tangent to the bone surface at the z-slice level of the mid-point of the 324 
canal (Figure 9B). 325 

The orientation of each canal estimated, using both the 2D and 3D method, was categorised as 326 
longitudinal (67.5˚ < ω ≤ 90˚), radial (0˚ < ω ≤ 67.5˚and 67.5˚ < θ ≤ 90 ˚), or laminar (0˚ < ω ≤ 67.5˚ and 327 
0˚ < θ ≤ 22.5˚) (Table 1), with oblique canals being excluded (ω < 67.5˚and 22.5˚ < θ < 67.5˚) following 328 
de Boef and Larsson (de Boef and Larsson, 2007). These major categories were used to calculate a 329 
longitudinal, radial, and laminar index indicating the proportion or percentage of the canal network 330 
that falls into each of the major orientation categories (Table 1). For the 3D method, the overall length 331 
of the canal network in each category (as a proportion of the total network length including oblique 332 
canals) was used rather than the number of canals to reduce the influence of short canals on the result 333 
and give a more accurate representation of the orientation of the whole vascular canal network. As 334 
oblique canals were excluded, (0 < ω ≤ 67.5˚and 22.5˚ < θ ≤ 67.5˚) the three indices are not expected 335 
to add up to 1. 336 

In 3D, the volumes of the osteocyte lacunae were estimated by fitting best-fit ellipsoids in 3D and 337 
using equation (2) (‘ellipsoid fit’ method) for the estimation of the mean lacuna volume. Ellipsoid 338 
fitting was carried out using the ‘Analyze Particles’ tool in the BoneJ (Doube et al., 2010) plugin for 339 
ImageJ. 340 

Statistical analysis and visualisation 341 

Statistical tests were carried out in IBM SPSS Statistics (version 25.0). For in silico test datasets 342 
Pearson’s correlation coefficient was retrieved to characterise correlations between (ground-truth) 343 
input dimensions of vascular canal and osteocyte lacuna in silico models compared to retrieved 344 
measures in 2D and 3D. A two-tailed paired Student’s t-test was employed to test for significant 345 
differences (p < 0.05) between the random (but known) input angles of ω and θ and the estimated 346 
angles, in order to test whether the results differed significantly from those expected. For 2D and 3D 347 
results from experimental datasets, a two-sample two-tailed Student’s t-test was used to test for 348 
differences between the mean values of each measure from the 2D methods, and the mean values of 349 
each measure from the 3D methods. 350 

Bland-Altman plots (also known as Tukey mean-difference plots) were generated using the MatPlotLib 351 
package in the Anaconda distribution of Python 3.7. These plots are used to analyse the agreement 352 
between estimates or measures obtained by two different methods, by plotting their mean values 353 
along the x-axis against their difference on the y-axis. They allow different type of biases (e.g. fixed or 354 
proportional) between different methods to be identified by examining the error across different 355 
values for the measures. In other words, one can investigate whether and how the distinct methods 356 
differ over the range of possible values for those estimates or measures. 357 

Visualisations were generated both in Avizo (version 9.3.0; Thermo Fisher Scientific), a commercial 358 
software package for segmentation, analysis, and visualisation of 2D and 3D datasets, and in ImageJ’s 359 
3D viewer. 360 
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Results 361 

Estimation of 3D canal orientation based on in silico 3D canal models  362 

The ground-truth input angles were compared with the angles estimated using the different methods. 363 
The accuracy of the estimate is described using the r2 value, which indicates how well correlated the 364 
input and estimated values are, and Bland-Altman plots which allow the differences in estimated 365 
values to be compared between the two methods and enable the errors to be explored further. 366 

An implementation of Pratt’s 2017 method (Pratt and Cooper, 2017) was used to estimate the 3D 367 
orientation of each in silico vascular canal model based on 3D data as input. Skeletonisation of the 368 
vascular canals provided near perfect correlations between ground-truth and estimated values for 369 
both the longitudinal angle ω (r2 > 0.99) and radial angle θ (r2 > 0.97) for all aspect ratios (Table 2), and 370 
100% of canals were classified correctly as longitudinal, radial, or laminar (Table 3). 371 

Estimation of 3D canal orientation based on 2D slices of 3D canal models 372 

The estimation methods of de Boef and Larsson (de Boef and Larsson, 2007) were used as a 2D 373 
comparison. When test shapes representing canals were perfectly cylindrical (cross-sectional aspect 374 
ratio 1:1), 2D estimates of canal orientation using ellipse fitting to single cross sections correlated 375 
closely with set values for both the longitudinal angle ω (r2 = 0.995) and the radial angle θ (r2 = 0.968) 376 
(Figure 5 and Table 2), although longitudinal angle estimates became less accurate as the longitudinal 377 
angle increased. However, even a slightly elliptical shape of the cylinders (aspect ratio 1:1.25) reduced 378 
the correlation between set angles and 2D-based estimates of both the longitudinal angle ω (r2 = 379 
0.905) and the radial angle θ (r2 = 0.613), and more substantially for cylinders that have a more 380 
elliptical cross section (1:1.5, 1:3) (Table 2). 381 

Hence, the aspect ratio of in silico vascular canal models was found to be critical for accurately 382 
estimating the radial angle θ.  For a moderately elliptic vascular canal at an aspect ratio of 1:1.5, the 383 
coefficient of determination r2 for the radial angle θ, or in other words, the proportion of the explained 384 
variance in the radial angle, retrieved from 2D data, to estimate the input radial angle from 3D vascular 385 
canal models, dropped to below 40%. The reduction of the explained variance with increasingly elliptic 386 
aspect ratio for the longitudinal angle ω (Table 2) was smaller than for the radial angle θ. For a slightly 387 
elliptic vascular canal at an aspect ratio of 1:1.25, the explained variance was still above 90%, and 388 
above 80% at an aspect ratio of 1:1.5 (compared to less than 40% for the radial angle θ), while it 389 
reduced to 63% for extremely elliptic vascular canals with an aspect ratio of 1:3. However, a systematic 390 
bias was observed in the estimation of the longitudinal angle ω, which was consistently 391 
underestimated with a mean difference in value of 5.64 degrees at an aspect ratio of 1:1.25, 10.03 392 
degrees at 1:1.5, and 13.1 degrees at 1:3 (Figure 5). Looking at the Bland-Altman plots, it is clear that 393 
this bias is more pronounced as the value of the longitudinal angle increases. On the other hand, no 394 
such bias was seen in the radial angle measurements, where, while spread out, the points were 395 
distributed symmetrically (Figure 5). 396 

Although the r2 values appear to demonstrate that the longitudinal angle ω is less severely affected by 397 
an elliptical aspect ratio than the radial angle θ, when these estimates are used to calculate the three 398 
indices (longitudinal, radial, laminar (de Boef and Larsson, 2007), the opposite was the case. Even with 399 
a slightly elliptic aspect ratio (1:1.25), the use of the 2D method for quantitative morphometry did not 400 
result in any longitudinal angle estimates of more than 67.5˚ (Table 3), which is the defined threshold 401 
to classify canals as longitudinal (Table 1). Therefore, these canals would all be misclassified based on 402 
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2D data at hand, due to their deviation from perfect cylindricality (Table 3). For the radial and laminar 403 
categories, more canals were classified correctly. At 1:1, or at 1:1.25 cross-sectional aspect ratio, more 404 
than 80% of the radial and laminar canals were classified correctly. However, the proportion of canals 405 
classified correctly decreased with increasing cross-sectional aspect ratio. Furthermore, the error 406 
increases significantly with increasing longitudinal angles such that while cylinders in the plane of a 407 
section remained fairly accurately characterised in all cases, cylinders that were more aligned along 408 
the longitudinal bone axis were not appropriately represented by the estimated values for the 409 
longitudinal and radial angle (Figure 5). 410 

Estimation of 3D canal orientation based on 2D slice vs. 3D volume of experimental 3D CT canal 411 
data 412 

Following the results generated by vascular canal test datasets, experimental CT datasets were used 413 
(bone samples from right tibiotarsus and humerus of three 7-week-old domestic ducks) to test 414 
whether 2D estimations of canal orientation correlate with 3D estimations, assuming 3D estimates 415 
are accurate (as shown in the previous section). 416 

For the longitudinal, radial, and a laminar index, specifying the proportion of canals in each of the 417 
major orientation categories (Table 1), no significant correlation (p > 0.05) was found between the 418 
indices calculated using 2D ellipse fits and those calculated using 3D skeletonisation (Figure 6). As 419 
predicted by the in silico test datasets, almost no canals were categorised as longitudinal based on 2D 420 
data using a threshold angle of 67.5˚, although the longitudinal index was between 0.16 and 0.53 421 
according to estimates based on 3D data. 422 

Estimation of osteocyte lacunar measures based on 2D slice vs. 3D volume of in silico 3D models  423 

Volume measurements of osteocyte lacunae were carried out using different methods for idealised 424 
ellipsoids, using three different voxel sizes (0.33 μm, 0.8 μm, and 1.6 μm) and two different spatial 425 
arrangements representing woven bone and parallel-fibred bone. 426 

The first method tested for estimating mean lacuna volume (𝐿𝐿𝐿𝐿.𝑉𝑉������) of 3D ellipsoid lacuna models 427 
employing their major and minor radii from the transverse 2D mid-slice of the 3D volume (xy-plane 428 
method). Using this method, the mean lacuna volume was always underestimated, except at 1.6 μm 429 
voxel size (Table 4 and Table 5). The volume was underestimated to a greater extent when the 430 
ellipsoids were aligned longitudinally, but the estimate’s standard deviation was much reduced. 431 
Therefore, the results were more precise, but less accurate when ellipsoids were aligned 432 
longitudinally, as in parallel-fibred bone. 433 

The alternative method tested for estimating mean lacuna volume (𝐿𝐿𝐿𝐿.𝑉𝑉������) used two perpendicular 434 
mid-sections (xy/xz-plane method) to better capture the actual shape of the ellipsoids in 3D. When 435 
ellipsoids were randomly oriented, this measure slightly overestimated the volume (Table 4). The 436 
volume estimate was more accurate when ellipsoids were longitudinally aligned (Table 5) but still 437 
significantly different from the ground truth (one-sample Student’s t-test, p<0.01), even at the 438 
smallest voxel size of 0.33 μm (highest spatial resolution). 439 

Finally, the ellipsoids were quantitatively characterised in 3D, by fitting an ellipsoid (ellipsoid method). 440 
At voxel sizes 0.8 μm or smaller, this method produced results that were close to the ground truth. At 441 
0.33 μm voxel size, the standard deviation was low and the result was close to the expected value, 442 
although still significantly different to the expected value in the ‘parallel fibred’ case (Student’s one-443 
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sample t-test, p<0.01). However, the absolute difference in mean lacuna volume was small (8 μm3, or 444 
4%). 445 

The results observed in the current study are sensitive to voxel size. Although at the highest nominal 446 
resolution (0.33 μm voxel size), 3D measurements were relatively accurate, the same methods used 447 
were less accurate for larger voxel sizes. At 1.6 μm voxel size, the measured volume was approximately 448 
30% larger than the ground-truth value, due to partial volume effects and the choice of threshold 449 
used. Similar relationships between voxel size and estimated volume were also present for the 450 
estimates based on 2D methods for quantitative morphometry. 451 

An additional note is that at 1.6 μm voxel size, too few voxels were sometimes present for reliable 452 
ellipsoid fitting, and therefore, not all ellipsoids could be fitted successfully (76% fitted successfully). 453 
The most accurate estimation for mean lacuna volume, close to the ground truth, was 3D ellipsoid 454 
fitting using high-resolution datasets (Table 4 and Table 5). 455 

Discussion 456 

Vascular canal orientation 457 

The results of this study show that the 2D method for estimating canal orientation published by de 458 
Boef and Larsson (de Boef and Larsson, 2007) is only effective as long as canals are perfectly cylindrical, 459 
and even then there is increasing error as the longitudinal index increases. For the idealised canals 460 
used in this study, a moderately elliptical shape of the canal (cross-sectional aspect ratio 1:1.5) in 3D 461 
was sufficient to reduce, significantly, the proportion of the explained variance by the radial angle θ 462 
retrieved from 2D data to below 40%, while still more than 80% of the variance could be explained by 463 
the longitudinal angle ω when correlated to the ground truth at the same cross-sectional aspect ratio 464 
of the respective canal. This high sensitivity of the radial angle θ to the aspect ratios of canals 465 
represents an important finding for application to histological sections. Thus, from a single cut section, 466 
it is not possible to tell whether a canal is elliptic or not, since that apparent shape may (also) relate 467 
to its radial orientation. Therefore, it is not possible to test whether the assumption of cylindricality 468 
has been met and whether the 2D method can be considered reliable. Even with approximately 469 
cylindrical canals (aspect ratio 1:1.25), the estimation of the radial angle θ was not robust (r2 = 0.61) 470 
and therefore reduces the validity of any studies using radial orientations to estimate, for example, 471 
growth rates (Cubo et al., 2012, Legendre et al., 2013, Legendre et al., 2014) or bone loading (De 472 
Margerie et al., 2005). Furthermore, the longitudinal angle ω was consistently underestimated using 473 
2D methods, as also found in a previous study by Pratt and Cooper (Pratt and Cooper, 2018). Here, 474 
this underestimation was shown to lead to a high proportion of canals being wrongly categorised in 475 
terms of their 3D orientation. The results of any studies applying 2D methods for quantitative 476 
descriptions of intracortical canals should therefore be taken with caution, given their intrinsic 477 
limitations to derive 3D orientations based on 2D data. If multiple tissue sections were taken, it may 478 
be possible to identify reliably the 3D orientation of canals, however, this would require serial 479 
sectioning, which is both time-consuming and destructive (Odgaard et al., 1990). 480 

The 3D method published by Pratt et al. (Pratt and Cooper, 2017), on the other hand, was not sensitive 481 
to changes in cylinder cross-sectional aspect ratio for the in silico vascular canal models, even when 482 
the aspect ratio was large (1:3). This method to estimate 3D canal orientation is therefore more robust 483 
to variation in canal shape. Additionally, since the 3D method is not dependent on estimating shape, 484 
it is expected to be less sensitive to lower scan resolution than either the 2D methods tested here or 485 
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any of the methods of characterising osteocyte lacunae. Moreover, as 3D visualisations of vascular 486 
canal skeletons demonstrated that skeletons and branch points were accurately identified by the 487 
method applied (Figure 4), 3D measurements of orientations in experimental datasets are expected 488 
to be accurate. 489 

In biological datasets, shapes are seldom perfectly symmetrical or perfectly cylindrical. In the 490 
experimental datasets applied in this study, 3D visualisation suggests that canals are not perfectly 491 
circular in cross section (Figure 4). This result supports the findings of Pratt et al. (Pratt and Cooper, 492 
2017), and is similar to data found in osteons (Hennig et al., 2015), which have been traditionally 493 
described as cylindrical in shape (de Boef and Larsson, 2007), but in fact are elliptic cylinders (Hennig 494 
et al., 2015). 495 

Experimental CT datasets from young duck bone were used to compare the results derived when using 496 
2D and 3D methods for quantitative morphometry to estimate canal orientation. The lack of 497 
correlation between 2D and 3D estimates of orientation indices suggests that appropriate 498 
assumptions for 2D estimation have not been satisfied. The poorest result was given for longitudinal 499 
canals, of which almost none have been classified as longitudinal in 2D, despite their presence being 500 
apparent from visualisations and 3D methods for quantitative morphometry. These findings supports 501 
previous work of Pratt and colleagues (Pratt and Cooper, 2018), who also demonstrated 502 
underestimation of longitudinal canals, as well as overestimation of laminar canals, which was also 503 
observed here (Figure 5).  504 

It is possible that differences in vascular orientation between different limb bones in previous studies 505 
reflect some aspect of the organisation of intracortical bone microstructure. However, from individual 506 
tissue sections alone, it is impossible to determine whether this is truly reflecting orientation or 507 
whether shape is also important. While distinguishing between these two possible origins for the 508 
resulting difference in vascular orientation may not be necessary for simply recognising bone types 509 
(De Ricqles, 1975), the difference is important if the functional relationships between bone loading 510 
and microstructure, and bone deposition and microstructure are to be understood, as the two 511 
different explanations may produce functionally different materials. 512 

Osteocyte lacunar volume 513 

Estimates of osteocyte lacunar size have been used in studies estimating genome size (Organ et al., 514 
2007, Organ et al., 2009), growth rate, and body mass between different species. Therefore, it is 515 
important to be able to accurately estimate osteocyte lacunar volume to compare between species. 516 

In the first 2D method tested (xy-plane method) only the transverse mid-slice is used to characterise 517 
the osteocyte lacuna and fit an ellipse to the cross section, where the lacuna is modelled as an 518 
ellipsoid. This method underestimated lacunar volume in all cases except for one scenario (1.6 μm 519 
voxel size). The method substantially underestimated lacunar volume when the lacunae were aligned 520 
longitudinally, since the transverse cross section cuts through the smallest axis of the lacuna. This 521 
result highlights the importance of being able to distinguish shape or size from orientation, as these 522 
osteocyte lacunae would appear much smaller if a transverse cut section was used compared to a 523 
longitudinal section. 524 

The second method tested here (D'Emic and Benson, 2013) used two perpendicular sections to model 525 
the ellipsoid. Estimates of lacunar volume based on this method were closer to the ground truth. 526 
However, this second method must be applied with some caution. In real bone, not all osteocyte 527 
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lacunae are likely to be aligned with the longitudinal bone axis since the lacunae tend to be aligned 528 
with collagen orientation (Kerschnitzki et al., 2011), which, in osteonal bone, runs circumferentially 529 
around osteons, and in woven bone is random, resulting in randomly oriented osteocyte lacunae. 530 
Therefore, this method can only be reliably applied to osteocyte lacunae in parallel-fibred bone and 531 
should not be applied more broadly. In addition, for real samples, results for osteocyte volume would 532 
be less accurate than those observed here, because two sections could not capture the same 533 
osteocyte lacunae and therefore, only average measurements of an osteocyte lacunae ensemble 534 
could be used. On the other hand, true 3D estimates of osteocyte lacunar volume were independent 535 
of orientation of osteocyte lacunar models, and are therefore more robust to differences in bone type 536 
and lacunar orientation. 3D methods for quantitative morphometry are therefore more accurate 537 
when estimating osteocyte lacunar volume. 538 

Estimates for osteocyte lacunar volume varied between different voxel sizes, whether 2D or 3D 539 
methods for quantitative morphometry were used. Osteocyte lacunae with typical dimensions of 5-540 
20 µm fall close the limit of what can be assessed in terms of volume and especially shape when using 541 
lab-based µCT and SR CT imaging. Although osteocyte lacunae can be resolved at slightly lower 542 
nominal resolutions than represented and performed here (voxel size > 1.6 µm), the small number of 543 
voxels representing individual osteocyte lacunae make lacunar measures inaccurate. Firstly, the 544 
number of voxels is insufficient to accurately describe the shape of lacunae and identify their major 545 
and minor axes. Secondly, accuracy is decreased due to partial volume effects leading to errors in 546 
discretisation of the lacunar shape. Partial volume effects occur where pixels at the edge of the 547 
ellipsoid cover both object and background, and therefore have an intermediate grey value, but must 548 
be classified as one or the other during (absolute) thresholding for image segmentation. Where few 549 
voxels are present, partial volume effects are stronger as edge voxels make up a greater proportion 550 
of the total object’s volume. Partial volume effects also mean that slight changes in threshold values 551 
can have large effects on the measured volume of osteocyte lacunae. 552 

For example, for typical dimensions of major and minor axes of osteocyte lacunae (mouse femur) in 553 
the order of 7.5-10.0 μm and 2.5-5.0 μm, respectively, (Mader et al., 2013) and an experimental voxel 554 
size of 0.5 μm, a difference of 1 voxel for one of the ellipsoid’s axes (8.75±0.5 μm, 5.0±0.5 μm, and 555 
2.5±0.5 μm) can lead to changes in estimated volumes up to 20% when using Equation (2) (calculation 556 
not shown here) while similar problems exist for lacuna orientation as shown by Mader and colleagues 557 
(Mader, 2013). For a small and elongated osteocyte lacuna, modelled as prolate spheroid with axes 558 
ratios of 3:1:1 and major and minor axis lengths of 7.5 μm and 2.5 μm, respectively, a difference of 1 559 
voxel for one of the ellipsoid’s axes (7.5±0.5 μm and 2.5±0.5 μm) can lead to changes in estimated 560 
volume and aspect ratio of up to 21% and 43% when using Equation (3), respectively (calculation not 561 
shown here). Therefore, imaging microscopic objects such as osteocyte lacunae, even when using lab-562 
based μCT and SR CT at small voxel sizes around 1 μm and below, does not only limit the sample 563 
volume that can be assessed, but is also a regime where small variations in the input CT data, for 564 
instance due to partial volume effects or simply noise, limits the accuracy of morphometric measures 565 
that can be reasonably expected due to experimental limitations. 566 

The effect of changing voxel size on accuracy of estimates of morphometric measures highlights the 567 
importance of selecting the appropriate nominal resolution for the feature of interest, especially for 568 
shape and volume. If osteocyte lacunae are quantitatively characterised using CT datasets with 569 
inappropriately large voxel sizes, volume estimates are likely to be highly inaccurate and variations 570 
large, making it impossible to compare confidently between different specimens. A sufficiently low 571 
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voxel size (i.e., high nominal spatial resolution) is also important for quantifying vascular canals 572 
accurately, as larger voxel sizes may be sufficient to resolve the structures but not to reliably describe 573 
their shape, orientation, or volume accurately. However, using the 3D skeletonisation method 574 
described in this paper, it is only necessary to resolve the positions of the vascular canals and not their 575 
shape, in order to analyse their orientation and other aspects of the vascular network, making analysis 576 
of blood vessels less reliant on spatial resolution than that of osteocyte lacunae even if they were of 577 
equivalent diameters. At the voxel sizes used here, the problem should be minimal, but at larger voxel 578 
sizes, such as 5-15 μm, the ability to resolve canals has been found to degrade (Cooper et al., 2007). 579 

Consequently, in order to accurately estimate osteocyte lacunar volume, 3D datasets should be used, 580 
at the highest spatial resolution possible. However, osteocyte number density counts should be 581 
possible for CT scans carried out at slightly lower nominal resolutions, as ellipsoid fitting was reliable 582 
for the 0.8 μm voxel size datasets in the current study, thus making osteocyte number density counts 583 
possible using lab-based μCT scanners. 584 

Limitations 585 

As a technical point for this study, it is worth noting that the random generation of input angles for 586 
this study failed to generate any values greater than 80 degrees for one of the datasets (cross-sectional 587 
aspect ratio 1:1, longitudinal angle). This is an artefact of the random number generation process and 588 
not a result of the morphometric method failing to identify canals with a longitudinal angle of more 589 
than 80 degrees. 590 

CT does have limitations, thus, in some cases and for certain questions, other approaches might be 591 
more desirable. For example, the high spatial resolutions required to accurately quantify osteocyte 592 
volume are not easy to achieve using lab-based μCT scanners, and, if achieved, require typically long 593 
scan times (up to 12 h and more). For highest nominal resolutions, smaller samples are optimal due 594 
to the trade-off between sample size and field of view covered for CT, and therefore, samples may 595 
still need to be cut for CT imaging. Using SR CT, high nominal resolutions can be achieved (around 1 596 
μm and below) for short scan times (a few minutes), providing good image quality image data, yet 597 
access to these SR facilities is limited, restricting their use as a standard tool easily accessible for many 598 
researchers. Yet, SR CT at high nominal resolutions can be necessary if very long scanning times on 599 
state-of-the art lab-based μCT are impractical or too expensive, in particular for highly powered 600 
studies with many samples. Additionally, some artefacts characteristic for CT data, such as beam 601 
hardening and ring artefacts, are not issues that would be present in traditional microscopy. 602 
Fortunately, given both the signal-to-noise and contrast-to-noise ratios were excellent in the current 603 
study using SR CT, segmentation of vascular canals and osteocyte lacunae was not effected by neither 604 
beam hardening nor ring artefacts (see Figure S2). 605 

Conclusions 606 

The findings of this study have important implications for the quantitative study of intracortical bone 607 
microstructure. There is a clear need for 3D imaging for the accurate estimation of canal orientation 608 
and osteocyte lacunar volume. Given the inaccuracies identified using idealised and best-case-609 
scenario datasets in this study, applying the 2D methods for quantitative morphometry studied here 610 
to experimental 3D datasets will result in inaccurate results and, as a consequence, potentially 611 
incorrect conclusions. 612 
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3D estimates of morphometric measures for cylindrical and ellipsoidal objects, relevant to studying 613 
bone histology, and many other fields from engineering to plant sciences, requires a truly 3D 614 
approach. Estimates based on 2D sections depend on strict geometric assumptions seldom met in 615 
biological and non-biological samples, and therefore measuring shape and orientation is often 616 
impossible from 2D data. Although the focus of the current study is on intracortical porosity in bone, 617 
the same shapes and problems are present in a wide range of structures, such as roots (Iyer-Pascuzzi 618 
et al., 2010) or bubbles in batter (Tan et al., 2016), making the results here applicable and relevant far 619 
beyond bone. 620 

Canal (cylinder) orientation cannot be estimated from 2D sections unless it can be shown that the 621 
assumption of perfect cylindricality is met, which is impossible from 2D cut sections alone. Therefore, 622 
any study aiming to include estimates of canal orientation should, if possible, not use estimates based 623 
on 2D ellipse fitting but prioritise 3D estimates based on high-resolution 3D data, such as from high-624 
resolution μCT and SR CT scans. 625 

The current study confirms that, if we are to understand how bone microstructure and biological traits 626 
are correlated, including measures that describe shapes, volumes, and orientations, as well as 627 
connectivity, tortuosity, heterogeneity, it is crucial to carry out studies using truly 3D approaches, both 628 
for image acquisition as well as for methods employed to quantify the acquired 3D data. Whilst 2D 629 
imaging and evaluation has long been used as gold standard, it has clear limitations. However, even 630 
cutting-edge lab based CT scanner are not always able to accurately characterise microstructures. 631 
Such analysis is at the forefront of scientific imaging and will become more accessible over time, thus 632 
enabling researchers to access the high-quality 3D methods over their limited 2D counterparts. 633 
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Tables 789 

Table 1: Categories of major canal orientations. 790 
Orientation 

category 
Longitudinal angle ω 

(degrees) 
Radial angle θ 

(degrees) 

Longitudinal 67.5-90.0 0.0-90.0 
Radial 0.0-67.5 67.5-90.0 

Laminar 0.0-67.5 0.0-22.5 
Categories are based on canal’s longitudinal angle ω and radial angle θ, following de Boef and Larsson 791 
(de Boef and Larsson, 2007). 792 

Table 2: Sensitivity of 2D and 3D canal orientation estimates to aspect ratio of in silico 3D canals. 793 
 Aspect ratio 

of cylinder 
(set) 

r2 of estimated vs. 
set angle in 2D 

(mid-slice) 

Difference estimated  
vs. set angle (degrees)  

in 2D (mid-slice) 

r2 of measured vs. 
set angle in 3D 

(skeleton) 

 1:1 0.995 -0.3 1.000 
Longitudinal  1:1.25 0.905 -6.1 1.000 
angle ω 1:1.5 0.819 -10.3 1.000 

 1:3 0.634 -14.2 1.000 
 1:1 0.986 0.4 1.000 

Radial angle θ 1:1.25 0.613 0.1 0.999 
 1:1.5 0.376 -1.9 0.998 
 1:3 0.253 7.4 0.978 

The ground-truth value for the set angles of in silico vascular canal models 3D is compared to the value 794 
that is estimated by fitting an ellipse to the transverse 2D mid-slice and by skeletonising the canal in 795 
3D. 796 

Table 3: Effect of method for quantitative morphometry (2D or 3D) on accuracy of classification of 797 
vascular canals as longitudinal, radial, or laminar. 798 

Aspect 
ratio 

Category Actual number of 
canals in category 

Correctly classified 
canals in 3D 

Correctly classified 
canals in 2D 

1:1 Longitudinal 8 8 (100 %) 7 (87.5 %)  
Radial 16 16 (100 %) 15 (93.8 %)  

Laminar 19 19 (100 %) 19 (100 %)      

1:1.25 Longitudinal 21 21 (100 %) 0 (0 %)  
Radial 17 17 (100 %) 14 (82.4 %)  

Laminar 19 19 (100 %) 17 (89.5 %)      

1:1.5 Longitudinal 29 29 (100 %) 0 (0 %)  
Radial 20 20 (100 %) 11 (55 %)  

Laminar 12 12 (100 %) 10 (83.3 %)      

1:3 Longitudinal 21 21 (100 %) 0 (0 %)  
Radial 19 19 (100 %) 13 (68.4 %) 
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Laminar 16 16 (100 %) 12 (75 %) 

Table 4: Estimations of osteocyte lacunar measures for woven bone in silico test data with 799 
randomly aligned osteocyte lacunae based on 2D slice vs. 3D volume. 800 

 
Set value 

1.6 μm 0.8 μm 0.33 μm 

  Mean SD Mean SD Mean SD 

2D 

(𝑳𝑳𝑳𝑳.𝑽𝑽������) xy-plane 
method (μm3) 

196 204 75 135 34 130 42 

(𝑳𝑳𝑳𝑳.𝑽𝑽������) xy/xz-plane 
method (μm3) 

196 340 106 209 73 227 96 

3D 
(𝑳𝑳𝑳𝑳.𝑽𝑽������) ellipsoid 
method (μm3) 

196 311 49 201 18 195 6 

Osteocyte lacunae have been modelled as ellipsoids, imaged at three different voxel sizes (1.6 μm, 0.8 801 
μm, 0.33 μm). For the 2D xy-plane method, one transverse 2D mid-slice of the 3D volume has been 802 
used to estimate mean lacuna volume (𝐿𝐿𝐿𝐿.𝑉𝑉������), while for the 2D xy/xz-plane method, an additional 803 
perpendicular 2D slice has been included in the analysis. For the 3D ellipsoid method, the volume of 804 
best-fitted ellipsoids has been used to calculate 𝐿𝐿𝐿𝐿.𝑉𝑉������. SD: standard deviation. 805 

Table 5: Estimations of osteocyte lacunar measures for parallel-fibred bone in silico test data with 806 
longitudinally aligned osteocyte lacunae based on 2D slice vs. 3D volume. 807 

 
Set value 

1.6 μm 0.8 μm 0.33 μm 

  Mean SD Mean SD Mean SD 

2D 

(𝑳𝑳𝑳𝑳.𝑽𝑽������) xy-plane 
method (μm3) 

196 114 47 83 8 67 3 

(𝑳𝑳𝑳𝑳.𝑽𝑽������) xy/xz-plane 
method (μm3) 

196 259 69 201 25 174 19 

3D 
(𝑳𝑳𝑳𝑳.𝑽𝑽������) ellipsoid 
method (μm3) 

196 307 63 231 18 204 3 

Osteocyte lacunae have been modelled as ellipsoids, imaged at three different voxel sizes (1.6 μm, 0.8 808 
μm, 0.33 μm). For the 2D xy-plane method, one transverse 2D mid-slice of the 3D volume has been 809 
used to estimate mean lacuna volume (𝐿𝐿𝐿𝐿.𝑉𝑉������), while for the 2D xy/xz-plane method, an additional 810 
perpendicular 2D slice has been included in the analysis. For the 3D ellipsoid method, the volume of 811 
best-fitted ellipsoids has been used to calculate 𝐿𝐿𝑐𝑐.𝑉𝑉������. SD: standard deviation.  812 
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Figures 813 

Figure 1: Longitudinal angle (ω) and radial angle (θ) definition, following de Boef and Larsson’s 814 
definition (de Boef and Larsson, 2007). (A-C) Longitudinal angle ω. (A) ω is defined as the angle 815 
between the main axis of the canal (red) and the longitudinal axis of the bone (z). (B) A longitudinal 816 
canal at ω = 90° and (C) ω = 0°. (D-E) Radial angle θ. (D) θ is defined as the angle between the main 817 
axis of the canal and a tangent to the bone surface. (E) A canal at θ = 0° and (F) θ = 90°. 818 

Figure 2: Estimation of longitudinal and radial angles of cylinders based on a 2D transverse section, 819 
following de Boef and Larsson’s method (de Boef and Larsson, 2007). (A) A section through a cylinder 820 
is an ellipse. (B) The orientation of the major axis a of the ellipse is used to estimate the main 821 
orientation of the canal in the xy-plane. The lengths of a and the minor axis of the ellipse b are used to 822 
estimate the longitudinal angle ω using trigonometry. 823 

Figure 3: Osteocyte lacunar models at different voxel sizes. The ellipsoid shown measures 15×5×5 824 
μm3. (A) At 1.6 μm voxel size, only a few voxels describe the ellipsoid (the major axis is approximately 825 
9 voxels and the minor axis only 3 voxels long) and its shape is not well represented. (B) At 0.8 μm voxel 826 
size, the shape of the ellipsoid is better represented than at 1.6 μm voxel size (the major axis is 827 
approximately 19 voxels and the minor axis 6 voxels long). (C) At 0.33 μm voxel size, the shape of the 828 
ellipsoid is well represented by a larger number of voxels (the major axis is approximately 45 voxels 829 
and the minor axis 15 voxels long). (A-C) Models were generated using ScanIP and visualised as 830 
surfaces using the 3D viewer in Fiji/ImageJ (Schindelin et al., 2012). 831 

Figure 4: Quantification of vascular canals using 3D datasets. (A-C) Processing test datasets. (A) 832 
Shape generated in 3D. (B) Shape voxelised and thresholded to create a binary voxel dataset. (C) Voxel 833 
object thinned to a single line of voxels (skeleton) with the end points recorded (small blue spheres). 834 
(D-E) 3D measurement of canal network from experimental data through skeletonisation process. (D) 835 
Skeletonisation: original segmented canals (transparent) are thinned to a single line of voxels (red, 836 
dilated for visualisation purposes). (E) Analysis: 3D locations of skeleton branch points (blue), length of 837 
branch, and Euclidian distance between nodes are recorded. (D-E) Visualisation of CT datasets 838 
performed in Avizo (version 9.3.0; Thermo Fisher Scientific). 839 

Figure 5: Sensitivity of 2D canal orientation estimates to aspect ratio of 3D canals. Bland Altman 840 
plots to show the agreement between estimated 3D angles (previously demonstrated to closely match 841 
the input angles) of in silico vascular canal models and angles derived from the transverse 2D mid-slice, 842 
using cylinders in 3D with aspect ratios of 1:1, 1:1.25, 1:1.5, and 1:3 (n = 100 for each case), 843 
representing canals imaged at a voxel size of 1.6 µm. Means = mean of 2D and 3D measure. Difference 844 
= the difference between the 2D and 3D measures. Lines show mean difference and dotted lines show 845 
95% confidence limits. 846 

Figure 6: Correlations between 2D and 3D estimates for major orientation categories of vascular 847 
canals in experimental data. 2D estimates are based on the mid-slice of each CT dataset. No significant 848 
correlation was observed for the radial and longitudinal index. Data derived from 3D SR CT datasets 849 
from six duck bone samples. 850 
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Figure S1: Sectioning of duck specimens. Bone diaphysis of duck tibiotarsus and humerus were 
sectioned longitudinally to create matchstick-shaped samples measuring approximately 2 mm × 10 
mm, and mounted vertically for CT imaging. 

Image processing workflow 

Figure S2A shows a greyscale CT slice before processing, and Figure S2B shows the same slice after 
the segmentation workflow but before the vascular canals and osteocyte lacunae were separated. 
First, a 3D Gaussian filter with a standard deviation of 1 was applied to reduce image noise. Images 
were binarised using a minimum cross entropy thresholding algorithm (Li and Tam, 1998). The bone 
volume was separated from small image artefacts and noise by a single-voxel erosion and dilation, 
followed by a component labelling process to remove all except the largest object (i.e., the cortical 
bone tissue), resulting in a cleaned dataset. The pores within the bone cortex were filled by dilation 
and erosion operations to create a solid cortical mask. This mask was used to define the edges of the 
canal network and to extract the intracortical pores (intracortical canals and osteocyte lacunae) by 
applying an AND function with the inverted cleaned dataset or in other words, by applying the mask 
to the inverted cleaned dataset that represents the intracortical pores, the medullary cavity and the 
space around the respective long bone. 



 

Figure S2: Segmentation of duck CT datasets. (A) CT slice showing a transverse section through bone 
from the tibiotarsus of a 7-week-old duck with vascular canals (VC) and osteocyte lacunae (LC). (B) 
Segmented vascular canals and osteocyte lacunae, later separated by volume (in 3D) and area (in 2D). 

 

 

 

 

 

Figure S3: Idealised vascular canals (cylinders) were generated as test datasets. (A) Cylinder 
generated with long axis parallel to the y-axis of the domain and the centre of the cylinder in the centre 
of the domain. (B) Cylinder rotated about the y-axis (in the case of a perfect cylinder, this action does 
not change anything). (C) Cylinder rotated about the x-axis. (D) Cylinder rotated about the z-axis. (A-
D) 100 cylinders were generated with this approach in separate cubic domains. 



 

Figure S4: Elliptic cylinders generated to test sensitivity of estimated spatial orientation to 
deviations from assumption of perfect cylindricality. (A) Cylinder generated with long axis parallel to 
the y-axis of the domain and the centre of the cylinder in the centre of the domain. (B-C) Cylinder 
radially compressed in order to give a cross-sectional aspect ratio of 1:1.25 (slightly elliptic), 1:1.5 
(moderately elliptic), or 1:3 (extremely elliptic) for the resulting elliptic cylinders. (D) Cylinder rotated 
about the y-axis (randomising the direction of the cross section’s major axis). (E) Cylinder rotated about 
the x-axis. (D) Cylinder rotated about the z-axis. (A-F) 100 cylinders were generated in this manner in 
separate cubic domains for each cross-sectional aspect ratio (in total 300 cylinders). 

 

Figure S5: In silico models of osteocyte lacunae in different bone types. (A) Case of woven bone with 
random orientation of osteocyte lacunae (rotations between 0˚ and 90˚ around the x-, y-, and z-axis) 
and (B) case of parallel-fibred bone with longitudinally aligned osteocyte lacunae (rotation between 0˚ 
and 22.5˚ around the x-, y-, and z-axis). 



 

Figure S6: The longitudinal angle ω was estimated relative to the main longitudinal axis of the bone. 
(A) For in silico test datasets, the shape was created in a cubic domain and the ‘longitudinal bone axis’ 
was fixed as parallel with the z-axis of the domain. (B) In experimental datasets, the angle was 
corrected and estimated relative to the longitudinal bone axis (z-axis) rather than the z-axis of the 
dataset. 
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