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Automatic segmentation

of trabecular and cortical
compartments in HR-pQCT images
using an embedding-predicting
U-Net and morphological
post-processing
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High-resolution peripheral quantitative computed tomography (HR-pQCT) is an emerging in vivo
imaging modality for quantification of bone microarchitecture. However, extraction of quantitative
microarchitectural parameters from HR-pQCT images requires an accurate segmentation of the
image. The current standard protocol using semi-automated contouring for HR-pQCT image
segmentation is laborious, introduces inter-operator biases into research data, and poses a barrier
to streamlined clinical implementation. In this work, we propose and validate a fully automated
algorithm for segmentation of HR-pQCT radius and tibia images. A multi-slice 2D U-Net produces
initial segmentation predictions, which are post-processed via a sequence of traditional morphological
image filters. The U-Net was trained on a large dataset containing 1822 images from 896 unique
participants. Predicted segmentations were compared to reference segmentations on a disjoint
dataset containing 386 images from 190 unique participants, and 156 pairs of repeated images were
used to compare the precision of the novel and current protocols. The agreement of morphological
parameters obtained using the predicted segmentation relative to the reference standard was
excellent (R? between 0.938 and > 0.999). Precision was significantly improved for several outputs,
most notably cortical porosity. This novel and robust algorithm for automated segmentation will
increase the feasibility of using HR-pQCT in research and clinical settings.

High-resolution peripheral quantitative computed tomography (HR-pQCT) is an in vivo medical imaging tool
that provides an isotropic voxel size of 60.7 um, allowing for precise and direct quantification of cortical and
trabecular microarchitectural parameters via morphometric analysis'. HR-pQCT is an emerging technology
and has the potential to transition from a being research-only tool to become the future of advanced clinical
bone densitometry. In combination with micro-finite element modelling (\FEM)*?, HR-pQCT has provided
insight into how trabecular microarchitecture at the distal radius and tibia is affected by a wide variety of factors,
including age, sex, physical activity, disease, and nutrition*”. HR-pQCT shows particular promise for fracture
screening, as several studies have shown that bone morphology and phenotypes at peripheral skeletal sites are
independently and significantly predictive of fracture risk'*-'2,

A limitation of HR-pQCT is that standard quantitative morphometric analysis of radius and tibia images
requires an accurate semantic segmentation of the trabecular and cortical bone compartments (Fig. 1). The cur-
rent gold-standard segmentation protocol requires human operators to manually inspect and correct automati-
cally generated segmentations'. Manual correction is time-consuming and introduces potential for inter- and
intra-operator biases, particularly with untrained or inexperienced operators. This has been recently demon-
strated in a study performed in our lab that found systematic biases exceeding the least significant change (LSC)
when uncorrected segmentations were used, and a significant influence of operator experience level on precision
errors even with corrected segmentations'®. With the current segmentation protocol, the skill and experience level
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Figure 1. Axial 2D slice of HR-pQCT radius image cropped close to the bone. The cortical, trabecular, and
background compartments are labelled, as are the periosteal and endosteal surface contours. The periosteal
surface is the interface between the background and the cortical region, while the endosteal surface is the
interface between the cortical and trabecular regions.

of the operator has a large effect on both the accuracy and precision of the analysis, and thus on the reliability of
study outcomes. The requirement for manual inspection and correction, and the potential biases these processes
incur, poses a significant barrier to wider adoption of this technology in both clinical and research settings.

Development of robust segmentation protocols for distal radius and tibia images has been an active area of
research since HR-pQCT became available. Originally, segmentations were produced manually, slice-by-slice,
assisted by the Snakes edge-finding algorithm'>'°. This method was later supplanted in common practice by
an automatic dual-thresholding algorithm'’, and a modified version of this method remains the current gold
standard for generating preliminary segmentations'®. However, the dual-threshold technique was developed
using assumptions based on typical bone characteristics. It can fail to distinguish cortical from trabecular bone in
atypical cases, such as professional athletes (high bone quality) and osteoporotic patients (low bone quality). Con-
sequently, the segmentations must be manually inspected for deviations and corrected'?, and the specific types
and prevalence of errors that must be corrected have been documented in prior studies'*. There have been several
automatic segmentation approaches developed recently, including the combination of image texture analysis with
machine learning'’, multiple dual-active contours approaches**?!, and a deep learning-based computer vision
approach??. However, there has yet to be a segmentation technique developed for standard HR-pQCT images
at distal sites that sufficiently matches or exceeds performance of the current semi-automated gold standard.

Convolutional neural networks (CNNs) were first introduced nearly three decades ago for computer vision?.
Since the breakthrough development of AlexNet in 2012%, development and application of CNNs has greatly
accelerated for several tasks and domains**=?’. In particular, the development of the fully connected network
(FCN)?* and the U-Net**° were critical developments for the advancement of biomedical image segmentation.
U-Nets have been shown to accurately automate semantic segmentation across a broad range of biomedical
imaging modalities and applications®. Recently, standard 2D and 3D U-Nets have been successfully applied to
the task of segmenting HR-pQCT hand images?, although the aim was whole bone segmentation for estimation
of total volumetric bone mineral density, rather than defining cortical and trabecular compartments separately
for full morphometric analysis of bone microarchitecture.

The objective of this study is to develop and evaluate a fully automated, end-to-end algorithm to replace the
current standard semi-automated method for segmenting HR-pQCT distal tibia and radius images. The proposed
protocol combines a modified U-Net segmentation model with a morphological post-processing algorithm that is
specifically designed for the task of segmenting HR-pQCT radius and tibia images in preparation of quantitative
morphological analysis. Robust automation of HR-pQCT image analysis will incent wider adoption of HR-pQCT
technology in the bone densitometry research community and make feasible clinical adoption of HR-pQCT.

Results

After stratified splitting of the dataset, there were 896, 190, and 190 unique participants in the training, valida-
tion, and test subsets, respectively. There were 326 men and 570 women in the training dataset, 67 men and 123
women in the validation dataset, and 64 men and 126 women in the test dataset. The training dataset contained
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885 radii and 937 tibiae, the validation dataset contained 187 radii and 203 tibiae, and the test dataset contained
185 radii and 201 tibiae.

Using the trained segmentation model and post-processing algorithm, the mean time to produce a post-
processed 3D predicted segmentation for a full radius or tibia image in the fest subset was 140 s (SD 56 s) on
a research computing cluster node with an NVIDIA Tesla V100 and an Intel Xeon Gold 6148. Inference and
post-processing times scale with the size of the image, which depends on the size of the radius or tibia and how
close the image has been cropped to the bone.

Held-out test subset. The comparative analysis of predicted and reference segmentations on the test sub-
set are shown in Tables 1 and 2 and in Fig. 2. Dice similarity coefficient (DSC) and Jaccard similarity coefficient
(JSC) are reported separately for each compartment while Hausdorff distance and average symmetric surface
distance (ASSD) are reported separately for each surface. For both the radius and the tibia, the mean DSC of the
predicted cortical and trabecular segmentations are>0.97 and > 0.99, indicating extremely close segmentation
overlap across the test subset. The mean ASSD is no greater than 0.08 mm (less than one and a half times the
width of a 0.0607 mm voxel) for both surfaces in both scan sites in the test subset and the mean Hausdorff dis-
tances are less than 0.91 mm (approximately 15 voxels) for both surfaces in both scan sites across the test subset.

Figure 2 compares results of a quantitative morphometric analysis via linear regression and Bland-Altman
plots for cortical thickness (Ct.Th), cortical porosity (Ct.Po), trabecular bone volume fraction (Tb.BV/TV), and
trabecular separation (Tb.Sp), while Table 2 tabulates summary statistics of Bland-Altman and linear regres-
sion analysis for all standard analysis outputs, separated by scan site, each evaluated using the full test subset.
All parameters at both scan sites have limits of agreement that overlap with zero mean bias error. Nearly all
parameters have coefficients of determination that are >0.97, where the lone exception is Ct.Po in the radius
(R*=0.938). There were no substantial differences (95% confidence interval for slope estimate contained the
unit slope) between the fitted slopes and the null hypothesis unit slope for 13 of the total 24 parameters. While
there are substantial differences between the linear fit and the null zero-intercept, unit-slope linear model for
11 parameters, all but one of these deviating parameters have estimated slopes between 0.944 and 1.004. The
outlying parameter is again Ct.Po in the radius, with a fitted slope of 0.847 +0.031. This discrepancy is reflected
visually in the second row, left column of Fig. 2, where both the linear correlation and Bland-Altman plots for
Ct.Po in the radius shows several extreme over-estimates of predicted Ct.Po where the mean value is low (< 1%)
and several extreme under-estimates of predicted Ct.Po where the mean value is high (>2%).

The linear correlation and Bland-Altman sub-analyses on the “low cortical thickness” and “high cortical
porosity” sub-groups are tabulated in Tables S.1 and S.2 in the Supplementary Data. Referring to Table S.1 for
the “low cortical thickness” sub-group: Coefficients of determination were >0.93 for all parameters, where the
two lowest values were for Ct.Th in the radius and tibia. Zero mean bias was observed for all parameters, and
the quality of the linear fits were not substantially different from those in the main group (Table 2). Referring
to Table S.2 for the “high cortical porosity” sub-group: Coeflicients of determination were >0.94 for all but
two parameters, these being Ct.Po in the radius and tibia, where the coefficients of determination were 0.810
and 0.816, respectively. Zero mean bias was observed for all parameters. The quality of the linear fits were not

Mean (SD) (Min, Max)

Radius (n=185)

DSC 0.98 (0.02) | (0.90,0.99)
Cortical Mask

JSC 0.94 (0.03) (0.82, 0.98)

DSC 0.99 (<0.01) |(0.97,>0.99)
Trabecular Mask

JSC 0.99 (0.01) (0.94, 0.99)

Hausdorff (mm) | 0.6 (0.3) (0.2, 1.9)
Endosteal Surface

ASSD (mm) 0.05 (0.02) (0.02,0.18)

Hausdorff (mm) | 0.3 (0.2) (0.1, 1.0)
Periosteal Surface

ASSD (mm) 0.02 (0.01) | (0.01,0.06)
Tibia (n=201)

DSC 0.97 (0.02) (0.90, 0.98)
Cortical Mask

JSC 0.93 (0.03) (0.81,0.97)

DSC 0.99 (<0.01) | (0.98,>0.99)
Trabecular Mask

JSC 0.99 (0.01) (0.96,>0.99)

Hausdorff (mm) | 0.9 (0.4) (0.3, 3.5)
Endosteal Surface

ASSD (mm) 0.08 (0.03) | (0.04,0.21)

Hausdorff (mm) | 0.4 (0.3) 0.2,2.7)
Periosteal Surface

ASSD (mm) 0.02 (0.01) (0.01, 0.09)

Table 1. Results of direct comparison of predicted and reference masks on held-out test dataset. DSC Dice
similarity coeflicient, JSC Jaccard similarity coefficient, Hausdorff maximum symmetric surface distance, ASSD
average symmetric surface distance.

Scientific Reports |

(2023) 13:252 | https://doi.org/10.1038/s41598-022-27350-0 nature portfolio



www.nature.com/scientificreports/

Bland-Altman Linear Regression
Mean Error (95% LOA?) Slope (95% C.1.) Intercept (95% C.1.) R?

Radius (n=185)

Tt.BMD mg HA/cm?® 0.6 (- 3.3,4.6) 0.995 (0.991, 1.000) .0 (0.6,3.4) 0.999
Ct.BMD mg HA/cm?® -0.9(-214,19.7) 1.013 (0.990, 1.037) —12.7 (- 33.6,8.3) 0.975
Tb.BMD mg HA/cm? 0.2 (- 6.2,6.6) 0.990 (0.980, 1.000) .8(0.1,3.4) 0.995
Ct.Th mm —0.01 (- 0.06, 0.04) 0.963 (0.946, 0.980) 0.030 (0.012, 0.048) 0.986
Ct.Po % —-0.08 (- 0.43,0.27) 0.847 (0.816, 0.878) 0.050 (0.016, 0.083) 0.938
Tb.BV/TV % 0.047 (- 0.943,1.037) | 0.991 (0.980, 1.001) 0.253 (0.004, 0.502) 0.994
Tb.N mm™! 0.000 (~ 0.004, 0.004) | 1.000 (0.999, 1.001) | 0.000 (- 0.001,0.002) | >0.999
Tb.Th mm 0.000 (- 0.007, 0.007) | 0.964 (0.939, 0.988) 0.009 (0.003, 0.014) 0.970
Tb.Sp mm —0.001 (- 0.006, 0.004) | 0.999 (0.997, 1.000) 0.000 (- 0.001, 0.001) >0.999
Tt.Ar mm? 0.6 (- 0.8,1.9) 1.001 (1.000, 1.003) 2(~0.2,0.7) >0.999
Ct.Ar mm? 0.1(-3.1,3.2) 0.957 (0.944, 0.971) .7 (1.9, 3.6) 0.991
Tb.Ar mm? 0.5 (- 2.6,3.5) 1.004 (1.000, 1.008) -0.5(-1.3,04) 0.999
Tibia (n=201)

TtBMD mg HA/cm? 0.1(-2.5,0.4) 0.999 (0.999, 1.000) 3(0.2,0.4) >0.999
Ct.BMD mgHA/cm? 3.8(-14.3,21.9) 0.975 (0.962, 0.988) 25.2 (14.4,36.1) 0.991
Tb.BMD mgHA/cm? 0.3(-44,4.9) 0.990 (0.982, 0.998) .9 (0.6,3.2)" 0.997
Ct.Th mm ~0.01(-0.11,0.08) | 0.944 (0.924,0.963) | 0.072 (0.042,0.101) 0.979
Ct.Po % —-0.13 (- 0.75, 0.49) 0.957 (0.935,0.979) | —0.008 (- 0.083, 0.068) 0.973
Tb.BV/TV % 0.044 (- 0.547, 0.634) | 0.991 (0.984, 0.998) 0.263 (0.085, 0.441) 0.997
Tb.N mm™! 0.000 (- 0.004, 0.005) | 1.000 (0.998, 1.001) 0.001 (- 0.001, 0.003) >0.999
Tb.Th mm 0.000 (- 0.006, 0.007) | 0.985 (0.969, 1.001) 0.004 (>0.000, 0.008) 0.987
Tb.Sp mm —0.001 (- 0.004, 0.002) | 0.998 (0.997, 0.999) 0.001 (>0.000, 0.002) >0.999
Tt.Ar mm? 0.3(-0.9,1.4) 1.000 (1.000, 1.001) -0.1(-0.50.3) >0.999
Ct.Ar mm> ~12(-87,63) 0.956 (0.940, 0.972) 6(25,6.8) 0.986
Tb.Ar mm? 1.3(-6.1,8.8) 1.002 (0.998, 1.006) .0 (- 2.3,2.5) 0.999

Table 2. Results of linear regression and Bland-Altman analysis on the held-out test dataset, comparing the
predicted morphometric outputs, obtained using predicted segmentations, and the reference morphometric
outputs, obtained using reference segmentations. *95% limits of agreement (LOA) are the mean error plus or
minus 1.96 times the standard deviation of the errors. *95% confidence interval (C.1.) are the estimated slope
or intercept plus or minus 1.96 times the estimated standard error of the estimate, as reported by statsmodels’
ordinary least squares linear regressor after being fit to the data.

substantially different from those in the main group (Table 2) for all parameters except Ct.Po in the radius and
tibia, where the fitted slopes were 0.813+0.116 and 0.893 +0.101, respectively. This indicates both a tendency
to under-estimate Ct.Po and a greater variance in predicted Ct.Po values relative to reference values, for images
with larger reference Ct.Po values.

Sample visual results. While the discrepancy in Ct.Po between the predicted and reference segmentations
is less than 0.5% for>93% of the images in the test subset, we visually explore specific cases of extreme disa-
greement to gain insight into how they arise. Accordingly, Fig. 3 shows sample visualizations of predicted and
reference masks, and disagreement, for three axial slices from the two images in the test subset with the largest
over- and under-estimates in Ct.Po. Disagreements arise primarily along the endosteal surface in regions where,
when looking at a single slice, it is ambiguous whether a specific structure corresponds to porous cortical zones
or thickened near-endosteal trabeculae. Figure 3 also includes volumetric surface renderings of the reference
and predicted cortical compartment for these two images, to qualitatively demonstrate the overall similarity in
shape and surface smoothness.

Held-out precision subset. Table 3 shows the root-mean-square percentage coefficient of variance (RMS
%CV) and least significant change (LSC) values, in parameter-specific units, for all standard quantitative analysis
outputs, evaluated with the full precision subset. RMS %CV and LSC are reported separately for scan site and
for each of the current semi-automated gold standard and proposed segmentation protocols. Root-mean-square
standard deviation (RMS SD) values are provided in Table S.3 in the Supplementary Data. D’Agostino and Pear-
son’s test for normality indicated that the individual standard deviations were not normally distributed for most
parameters. Therefore, for consistency, the significance of the differences in the coefficients of variation were
assessed using independent Wilcoxon signed-rank tests for all parameters.

The novel automated segmentation algorithm produced equivalent or significantly better precision for all
morphometric parameters except for total area (Tt.Ar) and trabecular area (Tb.Ar) in the tibia (Tt.Ar: RMS
CV% was 0.27% and 0.13% for the novel and standard protocols, respectively; Tb.Ar: RMS CV% was 0.29% and
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Figure 2. Linear regression and Bland-Altman plots for select parameters comparing results of morphometric
analysis on the held-out test set using predicted and reference segmentations. Linear regression: the dashed
black line is the line of unity, while the dashed red line is the linear fit between the predicted and reference
outputs. Bland-Altman: the solid black line is the line of zero error, the dashed red line indicates the mean bias
error, and the dashed black lines indicate the 95% limits of agreement (n =185 for radius; n=201 for tibia).

0.16% for the novel and standard protocols, respectively). For most of these parameters, the magnitudes of the
significant differences were small, ranging between -0.13% and 0.52% (negative indicating worse precision and
positive indicating improved precision). The exception is the Ct.Po in both the radius and tibia. In the radius, the
RMS %CV of the novel and standard protocols were 7.92% and 9.55%, respectively. In the tibia, the RMS %CV of
the novel and standard protocols were 9.07% and 11.67%, respectively. These statistically significant differences
indicate an absolute reduction in variation, and thus improvement in precision, of 1.63% and 2.60% in the radius
and tibia, respectively, for cortical porosity measurements with the novel, automated segmentation protocol.
Precision analysis results for “low cortical thickness” and “high cortical porosity” sub-groups are tabulated
in Table S.4 in the Supplementary Data. With the “low cortical thickness” sub-group, the proposed algorithm
produces outputs with equivalent or better precision for all morphometric parameters with the exception of Tt.Ar
in the tibia. Precision was statistically significantly better with the proposed algorithm than with the standard
protocol for Ct.Th in the radius, Ct.Po in the radius, and Tb.N in the radius and tibia. RMS %CV values for
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Figure 3. Sample visualization of the two images in the fest dataset with the most extreme over- and under-
estimates of Ct.Po (predicted value less reference value). Both are distal tibia images. The largest over-estimate
of Ct.Po was +1.48% (left column: a,b,e,f) while the largest under-estimate of Ct.Po was -1.48% (right column:
c,d,gh). (a-d) 3D surface renderings are shown of reference (a,c) and predicted (b,d) cortical compartment
segmentations. (e-h) The image is shown in all panes in grayscale, overlaid with colored masks corresponding to
the reference (e,g—green), the prediction (fh—blue), and the voxels for which there is disagreement (fh—red).
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RMS %CV L5€ Wilcoxon

U-Net* | Standard® | U-Net | Standard |p Value
Radius (n=71)
Tt.BMD mg HA/cm® | 0.29 0.70 2.51 5.60 0.796
Ct.BMD mg HA/cm® | 0.27 0.79 6.67 19.12 0.010°
Tb.BMD mg HA/cm® | 0.51 0.61 1.87 2.37 0.055
Ct.Th mm 0.69 0.80 0.022 0.025 0.781
Ct.Po % 7.92 9.55 0.23 0.25 0.001°¢
Tb.BV/TV % 1.00 1.06 0.51 0.54 0.030°
Tb.N mm™! 1.40 1.41 0.057 0.057 0.030°
Tb.Th mm 0.63 0.72 0.004 0.005 0.005¢
Tb.Sp mm 1.06 1.07 0.021 0.022 0.036°
Tt.Ar mm? 0.71 0.77 6.20 5.01 0.000°
Ct.Ar mm? 0.76 1.17 1.46 1.78 0.000°
Tb.Ar mm? 0.79 1.27 5.35 6.29 0.284
Tibia (n=85)
Tt.BMD mg HA/cm® | 0.47 0.48 3.72 3.74 0.639
Ct.BMD mg HA/cm® | 0.36 0.45 8.37 10.47 0.000°
Tb.BMD mg HA/cm® | 0.61 0.69 2.79 3.06 0.016°
Ct.Th mm 0.61 0.74 0.026 0.032 0.333
Ct.Po % 9.07 11.67 0.76 0.82 0.045°¢
Tb.BV/TV % 0.83 0.82 0.50 0.52 0.560
Tb.N mm™! 2.97 2.98 0.11 0.11 0.246
Tb.Th mm 0.56 0.67 0.004 0.005 0.460
Tb.Sp mm 2.21 2.21 0.045 0.045 0.497
Tt.Ar mm? 0.27 0.13 5.63 2.74 0.000¢
Ct.Ar mm? 0.37 0.66 1.41 242 0.991
Tb.Ar mm? 0.29 0.16 4.92 2.68 0.000¢

Table 3. Root-mean-square percentage coeflicient of variation (RMS %CV) and least significant change (LSC)
compared between the proposed algorithm (U-Net) and the current semi-automated gold standard (Standard)
segmentation protocols on the held-out precision dataset. *U-Net: automated segmentation algorithm using

a U-Net and morphological post-processing. ®Standard: Current standard semi-automated segmentation
protocol. “Wilcoxon signed-rank test indicates significantly lower individual standard deviations with
automated segmentation algorithm as compared to the standard semi-automated protocol. ‘Wilcoxon signed-
rank test indicates significantly higher individual standard deviations with automated segmentation algorithm
as compared to the standard semi-automated protocol.

Ct.Th and Ct.Po in the tibia were lower with our algorithm than with the standard protocol, but the differences
were not statistically significant.

With the “high cortical porosity” sub-group, the proposed segmentation algorithm produces outputs with
equivalent or better precision for all morphometric parameters. Precision was statistically significantly better
with our algorithm than with the standard protocol for Ct. BMD in the radius, Tb.N in the tibia, and Ct.Ar in the
tibia. RMS %CV values for Ct.Th in the tibia and radius and Ct.Po in the radius were lower with the proposed
algorithm than with the standard protocol, while the RMS %CV values for Ct.Po in the tibia were higher with
the proposed algorithm than with the standard protocol; however, none of these differences were statistically
significant.

Discussion

This study proposes a segmentation algorithm that utilizes a 2D U-Net applied to stacks of five axial slices at a
time to obtain preliminary 3D segmentations. These segmentations are then morphologically post-processed
to ensure physiological validity. The combination of machine learning with traditional image processing is a
truly novel approach for HR-pQCT image segmentation. The fully automated algorithm was able to segment
trabecular and cortical compartments at least ten times faster than the current gold-standard protocol (2-3 min
versus up to 30 min), with superior precision, while requiring no human intervention or oversight. The predicted
segmentations were found to be accurate when compared to reference segmentations based on both traditional
medical image segmentation metrics and by comparing predicted and reference morphological analysis outputs,
using a large fest dataset comprised of 386 total images from 190 participants. Predicted segmentations were also
found to be as precise or more precise when compared to reference segmentations from 156 same-day, repeat-
scan image pairs from 90 participants.
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To the authors’ knowledge, this is the first study to present a fully automated algorithm for segmentation
of HR-pQCT radius and tibia images that requires no manual correction and demonstrates greater or equal
precision when compared to the current standard segmentation protocol. While a previous study successfully
explored the use of 2D and 3D U-Nets for segmentation of HR-pQCT hand images®?, the U-Nets in that study
were designed to extract the entire bone for estimation of Tt. BMD—a simpler task than semantic segmentation
of the cortical and trabecular compartments for a complete morphometric analysis of distal bone microarchi-
tecture. There have been several recent attempts to automate segmentation of radius and/or tibia HR-pQCT
images using dual active contours and texture analysis combined with machine learning. However, none of these
techniques have supplanted the current semi-automated protocol in standard practice, due to varying limitations.
These techniques were either exclusively focused on obtaining only the periosteal contour?', did not quantify the
accuracy of subsequent morphometric analysis®’, or had insufficient agreement between reference and generated
segmentations (DSC =0.90+0.05). Further, no prior work presenting a new automated pipeline for HR-pQCT
segmentation has quantified the precision of the proposed protocol.

The proposed algorithm requires no human intervention or correction, in contrast to the current standard
protocol, where correction of individual images may occupy a human operator for as much as 30 min for chal-
lenging images'*. With the proposed algorithm, standard analysis-compatible cortical and trabecular masks are
ready in approximately 2 min and 20 s. Further, processing can be batched while researchers attend to other tasks
or parallelized on a computing cluster if a large dataset needs to be processed quickly. However, the elimination
of human intervention would not only save time. Automation prevents inter-operator error since the algorithm
is deterministic and will always create the same segmentation from the same input image. Inter-operator error
can materially impact precision and LSC in both multi-center and longitudinal studies, where it can often be
infeasible to have a single expert operator correct all segmentations consistently.

While the predicted segmentations are highly accurate for >93% of images, disagreements between reference
and predicted segmentations can still occur; however, we have shown visually that the most extreme of these
disagreements occur in places where a human operator may experience the same challenge in defining compart-
ments. This observation is further reinforced by the tendency for the Hausdorft distance and ASSD to be much
lower at the periosteal surface than the endosteal surface, by at least a factor of two. The correct label or classifica-
tion for voxels in these low-density regions can be unclear even for the human observer, as the structures could
be interpreted as either porous cortical zones or thickened trabecular zones. The semi-automated segmentation
correction protocol does not provide rigorous criteria for how to differentiate between these cases, so human
operators must make inherently subjective real-time decisions when correcting segmentations. Whether the
proposed algorithm or standard semi-automated protocol more often achieve the objectively correct endosteal
surface, or whether such a thing even exists, is unclear. However, it is apparent from analysis of the precision
data that this surface is selected with greater consistency and reproducibility with the proposed algorithm than
it is with the semi-automated protocol. This is evinced by the statistically significant decreases of RMS %CV for
Ct.Po from 9.55 to 7.92% in the radius and from 11.67 to 9.07% in the tibia (Table 3). The inherent difficulty of
correctly placing the endosteal surface in the presence of low-density cortical bone also explains the relatively
worse linear fit for cortical porosity in the radius and the larger scatter observed in the linear regression plots
for this parameter in both scan sites in the analysis of the test data.

There are important limitations in this study that should be considered. First, all the image data used for
training and evaluation were produced using the same scanning parameters at two specific standard distal
scan sites. The distal radius and tibia are the standard HR-pQCT scan sites, and the vast majority of the usage
of HR-pQCT for basic and translational research focuses on these sites®>. However, there is growing interest in
applying HR-pQCT to study in vivo bone microarchitecture at other sites, including the knee*® and the elbow™.
Extension of the proposed algorithm to other scan sites may be achievable using domain adaptation techniques,
such as transfer learning®, and would undoubtedly require adjustments to the post-processing procedure. It
is not currently clear how difficult this adaptation process would be, or if the proposed algorithm would be as
successful for segmentation of these alternate scan sites as it has been shown to be for the distal radius and tibia.

Second, all the segmentations used for training and evaluation in this study were produced, or reviewed, by
an experienced operator at a single research centre using data from participants from a single region in Canada.
Generated segmentations and morphometric outputs were also compared only to reference segmentations created
by that same experienced operator, albeit on unseen data. Comparing segmentations generated by the proposed
algorithm to segmentations created by additional operators would undoubtedly result in increased variance in
the comparison results'*, but the benefit of a fully automated approach is the consistency of the output, which
could be shared across all sites and at all timepoints when this approach is used. At the same time, by training on
data with segmentations produced by a single expert operator, specific inferential bias has been encoded into the
model that informs how the periosteal and endosteal surfaces are placed. While this will not affect the precision
of the resulting segmentations or corresponding analysis outputs, it could influence the accuracy when compared
to segmentations generated using standard protocols employed at other research centres. An alternative approach
for training and developing this algorithm could be to involve a multi-national, multi-center collaboration that
produces a large dataset of images and reference segmentations. This approach would both incorporate input
from different centres and include study participants representing different geographic areas and ethnicities. In
the interim, potential users who are concerned about the agreement between segmentations generated by the
proposed algorithm and the segmentations created by their own operators with the standard protocol could
perform comparative studies using new unseen data or, if necessary, retrain the 2D U-Net on their own datasets.

In a fully automated system, it would be beneficial to establish robust error detection. However, to capture
errors, one must define a ‘failed segmentation’ in the absence of a reference segmentation to compare to. A simple
definition would be a segmentation that either misses large portions of the structures of interest or that errone-
ously includes portions of the background or secondary bone. We did not observe any failed segmentations of
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this kind in the combined 1088 images in the validation, test, and precision data subsets; however, this is not
conclusive evidence that the algorithm will always succeed. A reasonable protocol using the proposed automated
protocol will likely still require a human operator to quickly inspect output segmentations to screen for these
types of obvious failures.

Development of an automated error screening algorithm is a subject for future work but could include:
monitoring axial slice-to-slice variations in the segmentations, monitoring simple morphological metrics of the
segmentations (such as the number of connected components in each compartment in the final segmentation),
flagging segmentations where the difference between the raw U-Net output and post-processing output exceeds
some threshold, or using unsupervised or supervised machine learning methods for outlier detection® with the
morphometric analysis outputs and/or the segmentations directly.

Methods

Datasets. All images used in this study were obtained using HR-pQCT (XtremeCT II, Scanco Medical AG,
Briitisellen, Switzerland) with the standard in vivo protocol™", at standard scan sites for the distal radius and
tibia®. In each image, 168 slices were collected with a nominal isotropic voxel size of 60.7 um. Images were
excluded if the motion score was recorded as a four or higher on a one-to-five scale®. All participants provided
written informed consent prior to data collection, which was approved by the Conjoint Health Research Ethics
Board at the University of Calgary (REB16-1606, REB15-0858), and all methods were carried out in accordance
with relevant guidelines and regulations. All images used in this study have corresponding reference segmenta-
tions, produced by an expert following the standard semi-automated protocol. There were four distinct sets of
data used in this study, referred to as the training, validation, test, and precision subsets.

Train, validate, test subsets. 'The training, validation, and test subsets were produced by pooling together all
second-generation HR-pQCT images from two cross-sectional studies: a normative study (n=1236)% and a
hip fracture study (n=108)". Participants in the combined dataset were stratified by study then split into four
equally sized groups based on total volumetric bone mineral density (Tt.BMD), obtained using reference seg-
mentations. There are multiple images, and therefore multiple Tt. BMD values, for each participant. The mini-
mum Tt.BMD across all images corresponding to each participant was used for the purposes of stratification.
Finally, participants in each stratified group were randomly assigned to the training, validation, or test subsets
with 70% of participants assigned to the training subset, and 15% to each of the validation and test subsets. In
total, there were 1257 radius and 1343 tibia images from 1278 participants used in the training, validation, and
test subsets combined.

The training dataset was used to train the U-Net’s internal parameters. The validation dataset was used to
evaluate the U-Net’s performance after training, to inform selection of U-Net architecture and training hyper-
parameters, and to develop the post-processing algorithm. The test dataset was set aside immediately following
subset splitting to prevent data leakage. It was accessed only once to evaluate the performance of the overall
pipeline on unseen data, after satisfactory performance was achieved on the validation dataset.

Precision subset. The precision dataset is fully disjoint from the training, validation, and test datasets and was
derived from two separate previous studies®”*. The precision dataset served as a second held-out dataset, but
with repeated same-day scans of the same sites in the same participants. There were 85 tibia and 71 radius images
from 90 participants in the precision dataset, with a duplicate, same-day scan with repositioning for each image.
In the precision dataset there were 46 men and 44 women with a combined mean age of 64 years (SD 8 years).
The repeated scans allow for an unbiased, quantitative comparison of the precision error and LSC***! between
the proposed and current standard segmentation protocols.

Pre-processing. During training, HR-pQCT images are imported and converted from native units to den-
sities in milligrams hydroxyapatite per cubic centimeter (mg HA/cm?), and reference cortical and trabecular
masks are imported and converted to binary images. A padding transform aligns the image and masks and
pads the coronal and sagittal extents to the same multiple of eight voxels. A standardization transform performs
a truncated linear mapping on the image densities from the interval [- 400, 1400] mg HA/cm® to the unitless
interval [- 1, 1] using the following equations:

o (x, v z) = min (max (p (x,y, z), —400), 1400), (1)
_ /(x, z)
p(xy.z) = 22, @)

where p is the image densities, p’ is the truncated image densities, and p is the truncated and rescaled image
densities on the interval [— 1, 1], which are then used as inputs to the U-Net.

Embedding-predicting U-Net. Architecture. The U-Net used in this work, shown schematically in
Fig. 4, is based on the original 2D biomedical U-Net architecture? and implemented using Python v3.7.12*
and PyTorch v1.8.0**. The U-Net takes five adjacent axial slices, stacked on the channel dimension, as input to
produce predictions for only the center slice, using reflection padding to fill in the missing adjacent slices when
necessary at the proximal and distal ends of the image. A 3D prediction is constructed by sweeping over the im-
age axially, creating an independent prediction for each axial slice.
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Figure 4. Schematic of modified U-Net architecture. Each box represents a PyTorch tensor containing an
input, latent, or output image. All tensors in the same row have the same height and width, but depth (number
of channels) varies and is labelled for all tensors. Block arrows represent transitions between tensors and are
described in a legend, where 5’ refers to stride and ‘p’ refers to padding. Pre-processing refers to padding,
scaling, and conversion to PyTorch tensor format, while in this context post-processing refers to converting
output surface embeddings to binary masks (cortical and trabecular compartments and background).

The double convolutional filters used in each layer of the U-Net are the same as in the original configuration
with the modification of ‘same’-style padding in the convolutions and the addition of group normalization** and
dropout layers®. Finally, the U-Net does not directly produce a prediction of the cortical and trabecular segmen-
tations as output. Instead, the outputs are of predicted level-set embedding fields* for the endosteal and periosteal
surfaces (see Fig. 1), where the sign of the field indicates whether a voxel is inside or outside of the embedded
surface, and the magnitude of the field indicates the distance between a voxel and the embedded surface.

Loss functions. Classification accuracy. The primary loss function is based on the voxel-wise classification
accuracy in the output slice. While the semantic segmentation of the image will consist of three non-overlapping
binary masks (indicating trabecular, cortical, and background regions), the output of the network consists of
two scalar fields: ¢endo and @peri, the embedding fields for the endosteal and periosteal surfaces, respectively. The
embedding fields are first converted to predicted probabilistic segmentations, peort> Ptrab> a0 Phack» as follows:

Ptrab = H, (_(pendo)’ (3)
Peort = He (Pendo)He (_¢peri) > (4)
Pback = He ((pperi)) (5)

where Hc (+) is an approximate and differentiable Heaviside function*” of the following form:
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He(x) = 5 + tan~! (x/e). (6)

The predicted segmentation probabilities are normalized to sum to one in each voxel:

’

— _PDi
pi = b’ 7)

where i and j are indices over the three classes (background, cortical, trabecular). A cross-entropy loss func-
tion is used to compute the mean of the negative log-likelihood of the output, Lcg, across all voxels in the slice:

Lo = § 2 =5 log (7). ®)

where N is the number of voxels, k is an index over all voxels, j is an index over the classes, and sj are the cor-
responding binary values of the reference masks for each class at a voxel.

Curvature regularization. The curvature, «, of a surface defined by an embedding in 2D can be calculated as
the divergence of the surface normals*:

c=v- (%) 9

where V is the vector differential operator, V¢ is the gradient of the embedding field, and |V¢|is the magnitude
of the gradient of the embedding field. An accurate semantic segmentation of the cortical and trabecular com-
partments will have a characteristic smoothness, with the distribution of local curvatures falling within a specific
band. Extreme curvatures in an output embedding field therefore would be non-physical and may indicate either
overfitting or an incorrect model for the shape of the endosteal or periosteal surface. To penalize this, a regular-
izing loss function based on zero-level set local curvatures in embedding field 7, L, ;, is defined as:

Lei = 5(¢,~)ReLU(<Kﬂfrfesh)2 - 1), (10)

where §(¢;) is a binary mask that is activated where the embedding field crosses zero or is equal to zero, ReLU(-)
is the rectified linear unit function*® and kyeqh is a curvature threshold below which the local value of L, ; will
be zero. Based on preliminary investigation of surface curvatures in a subset of the training dataset, kyresh Was
set at 0.005 um™! for both the endosteal and periosteal embedding fields.

Magnitude gradient regularization. When an embedding is a signed distance function, the magnitude of the
gradient of the embedding field should be equal to one at all points not on the embedded surface®:

IVo| = 1, wherep # 0 (11)

This property motivates the construction of a second regularization loss function that penalizes the model
for producing output embeddings that are not proper signed distance transforms of an embedded surface,
formulated as such:

Livgli = (1 — 8(¢)) log? [Vgl;. (12)

The form of this loss function penalizes output embedding fields where the magnitude of the gradient is
below or above one for voxels not directly on the embedded surface. There are two primary benefits: (1) extreme
local variations in the output embedding fields could be indicative of overfitting, and (2) as the model outputs
become more like a proper signed distance function, the curvature calculations for the loss function described
in the preceding sub-section become more accurate.

Combined loss function. The combined loss function is a linear combination of the classification error, cur-
vature regularization, and magnitude gradient regularization functions applied to each of the endosteal and
periosteal embedding fields:

Ltotal = LCE + ;LK (LK,endo + LK,peri) + /1|V¢| (L\Vq’)\,endo + L\Vd)\,peri)a (13)

where /. and /jvg| are regularization coefficients for the curvature and magnitude gradient regularization loss
functions, respectively. Typically, optimal regularization coefficients would be determined using grid or random
search in tandem with cross-validation®®. However, this was infeasible due to computational resource constraints
and so in this work each of these coefficients were set to 10™%. This value was selected empirically so that the
classification accuracy-based loss would dominate at the start of training and that all losses would be of the same
order of magnitude at convergence.

Training. 'The U-Net was trained on a research computing cluster node with two NVIDIA Tesla V100 GPUs for
25 epochs using the AdamW optimizer> and the super-convergence one-cycle scheduling policy for optimizer
hyper-parameters®2. There were 10 epochs in a half-cycle and 5 convergence epochs, resulting in 25 total epochs
and approximately 1.9 million iterations (25 epochs, 1822 images in the training set, and 42 batches per image).
The minimum and maximum learning rates were 10~ and 107, selected via learning rate range plot analysis, and
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the maximum and minimum momentums were 0.95 and 0.85. All other optimizer hyperparameters were left as
default values. During each training epoch, the images in the training subset were shuffled then loaded sequen-
tially. For each image, the axial slices were shuftled, then full slices were used sequentially for training with a
batch size of 4. One inferential pass is performed on the full validation subset at the end of each training epoch.

Morphological post-processing. Post-processing of output segmentations is necessary to ensure opti-
mal morphometric analysis accuracy and precision. The specific post-processing approach used in this work is
motivated by qualitative observations of the topology of the structures of interest: the cortical and trabecular
compartments at the distal radius and tibia. First, there is only one simply connected region for each of the corti-
cal and trabecular compartments. Second, there should be no background gaps between these compartments:
there is only a single endosteal surface. Finally, the trabecular compartment should be fully separated from
the background by a continuous cortical shell with a defined, and configurable, minimum physical thickness.
Accordingly, a post-processing procedure was designed to ensure that these topological properties of the physi-
ological structures are shared by the final predicted segmentations. In the following sub-sections, components of
the post-processing procedure are described, followed by a high-level description of the overall procedure. The
morphological image processing operations in the post-processing procedure were implemented using NumPy
v1.16.6%, scikit-image v0.18.1%%, and VTK®.

Iterative binary segmentation filter. The iterative binary segmentation filter is a modified version of the canoni-
cal alternating sequential filter®®, in which open-close operations are applied to an image repeatedly with gradu-
ally increasing structural elements. A canonical ‘open’ is an erosion followed by a dilation, while a canonical
‘close’ is a dilation followed by an erosion. The first modification is to add a connectivity filter step to keep only
the largest connected component of the foreground between the erosion and dilation of the open and keep only
the largest connected component of the background between the dilation and erosion of the close. The second
modification is to use different maximum structural element sizes for the open and close operations, which were
radii of 5 voxels and 15 voxels, respectively. The purpose of this filter is to remove both union and subtractive
noise and to ensure that the secondary bone (ulna, fibula) is not inadvertently included in the primary bone
(radius, tibia) segmentation.

Minimum cortical shell filter. 'The minimum cortical shell filter takes a binary segmentation of the trabecular
compartment as input and produces a binary segmentation of a cortical shell around this trabecular compart-
ment as output. First, the trabecular binary segmentation is dilated by 8 voxels, or approximately 0.5 mm. Then
the original trabecular segmentation is subtracted from the dilated segmentation, producing a cortical shell with
a width of 8 voxels.

Morphological bone mask filter. 'The morphological bone mask filter is based on the first step of the gold-stand-
ard dual-thresholding algorithm'’. The rescaled image is binarized using — 0.25 as a threshold in the normalized
image intensity space, equivalent to a density-based threshold of 275 mg HA/cm®. A median filter is applied with
a 3x3x1 (sagittal, coronal, axial) kernel, followed by the iterative binary segmentation filter (with maximum
structural sizes of radius 3 voxels and radius 15 voxels for the open and close operations, respectively). The
result is a purely morphologically derived binary image containing a rough mask of the entire primary bone.
The purpose of generating this mask and combining it with the bone mask generated by the U-Net is to reduce
the likelihood of a catastrophic error—i.e., the bone mask missing a portion of the primary bone—at the cost of
potentially reducing the accuracy of the periosteal contour.

Post-processing procedure. The U-Net-output embeddings for the endosteal and periosteal surfaces are con-
verted to two binary images, or masks: the cortical mask is defined as the region between the endosteal and
periosteal surfaces (¢endo > 0 and @peri < 0), and the trabecular mask is defined as the region inside of the
endosteal surface (¢endo < 0). This conversion procedure is like what is done during training for calculation of
the classification accuracy, except here binary segmentations are computed by checking if the embedding fields
are greater than or less than zero, rather than using differentiable approximations to generate fuzzy segmenta-
tions. Figure 5 shows a flow-chart of the complete morphological post-processing procedure that follows, along
with incremental visualizations of the outputs of the major steps and the corresponding operations explained
in detail in the figure caption. The final post-processing outputs are the filtered cortical and trabecular masks.
During inference or testing, these can be automatically saved in a manufacturer-specific image format for further
processing, such as morphometric analysis.

Evaluation and metrics. After the U-Net was trained using the training subset and the post-processing
procedure was developed using the validation subset, the parameters of the U-Net and post-processing proce-
dure were frozen and used in sequence to obtain predicted segmentations on the test and precision subsets. These
predicted segmentations were compared to the corresponding reference segmentations to evaluate the accuracy
and reproducibility of the proposed segmentation algorithm. All statistical analysis was performed using Python
v3.7.12%, statsmodels v0.11.1%7, and SciPy v.1.6.1%® with a significance threshold of 5% for all statistical testing.
Predicted and reference segmentations were compared on the test subset both by using standard segmentation
quality metrics and by comparing the quantitative outputs of the standard HR-pQCT extended cortical analysis
using the standard manufacturer-provided procedure'>*. The standard segmentation quality metrics used were
the Dice similarity coefficient (DSC), the Jaccard similarity coefficient (JSC), and the average and maximum
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Figure 5. Schematic of post-processing procedure visualised using a distal tibia image. The top row shows

the inputs while the bottom row shows the outputs. Block arrows correspond to composite morphological
filtering operations: grey—the mask is simply copied, red—iterative binary segmentation filter, pink—minimum
cortical shell filter, blue—morphological bone mask filter, and yellow—subtraction (the filtered trabecular mask
is subtracted from the filtered bone mask). When multiple arrows converge on the same output mask, this
indicates the outputs were combined (union).

of the symmetric surface distances (SSD)®, hereafter referred to as ASSD and Hausdorff distance, respectively
(implemented using SimpleI TK v2.0.2'). The quantitative analysis outputs used for comparison were: total bone
mineral density (Tt.BMD) and area (Tt.Ar), cortical bone mineral density (Ct.BMD), thickness (Ct.Th), poros-
ity (Ct.Po), and area (Ct.Ar), and trabecular volumetric bone mineral density (Tb.BMD), bone volume fraction
(Tb.BV/TV), number (Tb.N), thickness (Tb.Th), separation (Tb.Sp), and area (Tb.Ar)"'*. For each parameter at
each scan site, the paired prediction and reference outputs were compared using both direct linear correlation
analysis and by the difference and mean values in Bland-Altman (or Tukey mean difference) plots.

To investigate the performance of the proposed protocol in particularly adverse situations where a human
operator would find the most difficulty in correcting the endosteal contour, two sub-groups were also analyzed
separately for each scan site: The “low cortical thickness” sub-groups, which were composed of the radius and
tibia images in the bottom quartile for Ct.Th for each scan site, and the “high cortical porosity” sub-groups, which
were composed of the radius and tibia images in the top quartile for Ct.Po for each scan site.

Finally, the precision of the proposed algorithm was compared to the gold-standard protocol by calculating
the least significant change (LSC) and the root-mean-squared percentage coeflicient of variation (RMS %CV)
on the pairs of same-day repeat scans in the precision subset*!. The pairs of repeat-scan images were registered,
and the common volume shared between the two was computed. Then, morphometric analysis was applied only
to the common volume using the predicted and reference masks for each image®?. The LSC and RMS %CV were
calculated for each of the standard quantitative analysis outputs. Normality of the individual standard deviations
from the paired precision data were assessed separately for the predicted and reference analysis outputs using
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D’Agostino and Pearson’s method®, and the significance of the differences in precision outputs were assessed using
independent Wilcoxon signed-rank tests®. As with the fest subset, this analysis procedure was then repeated for
“low cortical thickness” and “high cortical porosity” sub-groups formed separately for each scan site.

Visualizations. Plots were generated using pandas v1.2.4%°, Matplotlib v3.4.3%, and seaborn v0.11.2%. Vol-
umetric renderings were created using vtkbone (https://github.com/Numerics88/vtkbone), VIK v8.2.0°*, and
PyVista v0.33.2%.

Conclusion

We have presented and validated a novel, fully automated algorithm for the semantic segmentation of HR-pQCT
distal radius and tibia images. The proposed algorithm requires no human input or oversight and is faster, as
accurate, and as precise or more precise when compared to the current gold-standard semi-automated approach.
In its current form, it can be seamlessly integrated into standard workflows for HR-pQCT morphometric analysis
with radius and tibia images. Future work will focus on translating this approach to additional scan sites.

Data availability

The datasets used in the current study are not publicly available to protect confidentiality and privacy of partici-
pants. They can be made available to other researchers for non-commercial use, upon reasonable request, from
Steven K. Boyd at skboyd@ucalgary.ca.

Code availability

All code used for model development, training, inference, post-processing, visualization, and statistical analysis
is publicly available in the following GitHub repository: https://github.com/Bonelab/HR-pQCT-Segmentation.
The trained model weights used for segmentation of the test and precision data in this work are available upon
reasonable request.

Received: 7 October 2022; Accepted: 30 December 2022
Published online: 05 January 2023

References

1. Manske, S. L., Zhu, Y., Sandino, C. & Boyd, S. K. Human trabecular bone microarchitecture can be assessed independently of
density with second generation HR-pQCT. Bone 79, 213-221 (2015).

2. Arias-Moreno, A. J. et al. Validation of distal radius failure load predictions by homogenized- and micro-finite element analyses
based on second-generation high-resolution peripheral quantitative CT images. Osteoporos. Int. 30, 1433-1443 (2019).

3. Knowles, N. K., Neeteson, N. & Boyd, S. K. High performance multi-platform computing for large-scale image-based finite element
modeling of bone. Comput. Methods Programs Biomed. https://doi.org/10.1016/j.cmpb.2022.107051 (2022).

4. Samelson, E. J. et al. Diabetes and deficits in cortical bone density, microarchitecture, and bone size: Framingham HR-pQCT Study:
Diabetes and deficits in cortical bone density and microarchitecture. J. Bone Miner. Res. 33, 54-62 (2018).

5. Zhu, T. Y. et al. Normative standards for HRpQCT parameters in chinese men and women: Normative standards for HRpQCT
parameters. J. Bone Miner. Res. 33, 1889-1899 (2018).

6. Burt, L. A. et al. Effect of high-dose vitamin d supplementation on volumetric bone density and bone strength: A randomized
clinical trial. JAMA 322, 736-745 (2019).

7. Foreman, S. C. et al. Factors associated with bone microstructural alterations assessed by HR-pQCT in long-term HIV-infected
individuals. Bone 133, 115210 (2020).

8. Whittier, D. E., Burt, L. A., Hanley, D. A. & Boyd, S. K. Sex- and site-specific reference data for bone microarchitecture in adults
measured using second-generation HR-pQCT. J. Bone Miner. Res. 35, 2151-2158 (2020).

9. Yu, F. et al. Age-, site-, and sex-specific normative centile curves for HR-pPQCT -derived microarchitectural and bone strength
parameters in a chinese mainland population. J. Bone Miner. Res. 35, 2159-2170 (2020).

10. Samelson, E. J. et al. Cortical and trabecular bone microarchitecture as an independent predictor of incident fracture risk in
older women and men in the Bone Microarchitecture International Consortium (BoMIC): A prospective study. Lancet Diabetes
Endocrinol. 7, 34-43 (2019).

11. Mikolajewicz, N. et al. HR-pQCT measures of bone microarchitecture predict fracture: Systematic review and meta-analysis. J.
Bone Miner. Res. 35, 446-459 (2020).

12. Whittier, D. E. et al. Hip fractures in older adults are associated with the low density bone phenotype and heterogeneous deteriora-
tion of bone microarchitecture. J. Bone Miner. Res. https://doi.org/10.1002/jbmr.4663 (2022).

13. Whittier, D. E. et al. Guidelines for the assessment of bone density and microarchitecture in vivo using high-resolution peripheral
quantitative computed tomography. Osteoporos. Int. 31, 1607-1627 (2020).

14. Whittier, D. E., Mudryk, A. N., Vandergaag, I. D., Burt, L. A. & Boyd, S. K. Optimizing HR-pQCT workflow: A comparison of bias
and precision error for quantitative bone analysis. Osteoporos. Int. 31, 567-576 (2020).

15. Kass, M., Witkin, A. & Terzopoulos, D. Snakes: Active contour models. Int. J. Comput. Vis. 1,321-331 (1988).

16. Laib, A., Hauselmann, H. J. & Riiegsegger, P. In vivo high resolution 3D-QCT of the human forearm. Technol. Health Care Off. J.
Eur. Soc. Eng. Med. 6, 329-337 (1998).

17. Buie, H. R., Campbell, G. M., Klinck, R. J., MacNeil, J. A. & Boyd, S. K. Automatic segmentation of cortical and trabecular com-
partments based on a dual threshold technique for in vivo micro-CT bone analysis. Bone 41, 505-515 (2007).

18. Burghardt, A. J., Buie, H. R, Laib, A., Majumdar, S. & Boyd, S. K. Reproducibility of direct quantitative measures of cortical bone
microarchitecture of the distal radius and tibia by HR-pQCT. Bone 47, 519-528 (2010).

19. Valentinitsch, A. et al. Automated threshold-independent cortex segmentation by 3D-texture analysis of HR-pQCT scans. Bone
51, 480-487 (2012).

20. Hafri, M., Jennane, R., Lespessailles, E. & Toumi, H. Dual active contours model for HR-pQCT cortical bone segmentation. In
2016 23rd International Conference on Pattern Recognition (ICPR) 2270-2275 (IEEE, 2016). https://doi.org/10.1109/ICPR.2016.
7899974.

21. Ohs, N. et al. Automated segmentation of fractured distal radii by 3D geodesic active contouring of in vivo HR-pQCT images.
Bone 147, 115930 (2021).

22. Folle, L. et al. Deep learning methods allow fully automated segmentation of metacarpal bones to quantify volumetric bone mineral
density. Sci. Rep. 11, 9697 (2021).

Scientific Reports |

(2023) 13:252 | https://doi.org/10.1038/s41598-022-27350-0 nature portfolio


https://github.com/Numerics88/vtkbone
https://github.com/Bonelab/HR-pQCT-Segmentation
https://doi.org/10.1016/j.cmpb.2022.107051
https://doi.org/10.1002/jbmr.4663
https://doi.org/10.1109/ICPR.2016.7899974
https://doi.org/10.1109/ICPR.2016.7899974

www.nature.com/scientificreports/

23.
24.

25.
26.
27.
28.
29.

30.
. Isensee, E, Jaeger, P. F, Kohl, S. A. A, Petersen, J. & Maier-Hein, K. H. nnU-Net: A self-configuring method for deep learning-

32.
33.
34.
35.
36.

37.

38.

39.

Yann, L. Convolutional networks for images, speech, and time series. Handb. Brain Theory Neural Netw. 3361, (1995).
Krizhevsky, A., Sutskever, I. & Hinton, G. E. ImageNet Classification with Deep Convolutional Neural Networks. In Advances in
Neural Information Processing Systems (eds. Pereira, E, Burges, C. J., Bottou, L. & Weinberger, K. Q.) vol. 25 (Curran Associates,
Inc., 2012).

Anwar, S. M. et al. Medical image analysis using convolutional neural networks: A review. J. Med. Syst. 42, 226 (2018).

Bernal, J. et al. Deep convolutional neural networks for brain image analysis on magnetic resonance imaging: A review. Artif. Intell.
Med. 95, 64-81 (2019).

Dhillon, A. & Verma, G. K. Convolutional neural network: A review of models, methodologies and applications to object detection.
Prog. Artif. Intell. 9, 85-112 (2020).

Long, J., Shelhamer, E. & Darrell, T. Fully Convolutional Networks for Semantic Segmentation. Preprint at http://arxiv.org/abs/
1411.4038 (2015).

Ronneberger, O., Fischer, P. & Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation. http://arxiv.org/15050
4597 Cs (2015).

Falk, T. et al. U-Net: Deep learning for cell counting, detection, and morphometry. Nat. Methods 16, 67-70 (2019).

based biomedical image segmentation. Nat. Methods 18, 203-211 (2021).

van den Bergh, . P. et al. The clinical application of high-resolution peripheral computed tomography (HR-pQCT) in adults: State
of the art and future directions. Osteoporos. Int. 32, 1465-1485 (2021).

Shiraishi, K. et al. In vivo analysis of subchondral trabecular bone in patients with osteoarthritis of the knee using second-
generation high-resolution peripheral quantitative computed tomography (HR-pQCT). Bone 132, 115155 (2020).

Sada, K. et al. Bone mineral density and microstructure of the elbow in baseball pitchers: An analysis by second-generation HR-
pQCT. J. Clin. Densitom. 23, 322-328 (2020).

Kouw, W. M. & Loog, M. An introduction to domain adaptation and transfer learning. Preprint at http://arxiv.org/abs/1812.11806
(2019).

Pang, G., Shen, C,, Cao, L. & van den Hengel, A. Deep learning for anomaly detection: A review. ACM Comput. Surv. 54, 1-38
(2022).

Manske, S. L., Davison, E. M., Burt, L. A., Raymond, D. A. & Boyd, S. K. The estimation of second-generation HR-pQCT from
first-generation HR-pQCT using in vivo cross-calibration: Cross-calibration of XCTI and XCTIL. J. Bone Miner. Res. 32, 1514-1524
(2017).

Pauchard, Y, Liphardt, A.-M., Macdonald, H. M., Hanley, D. A. & Boyd, S. K. Quality control for bone quality parameters affected
by subject motion in high-resolution peripheral quantitative computed tomography. Bone 50, 1304-1310 (2012).

Whittier, D. E., Burt, L. A. & Boyd, S. K. A new approach for quantifying localized bone loss by measuring void spaces. Bone 143,
115785 (2021).

40. Glier, C.-C. Monitoring skeletal changes by radiological techniques. J. Bone Miner. Res. 14, 1952-1962 (1999).

41. Glier, C.-C. et al. Accurate assessment of precision errors: How to measure the reproducibility of bone densitometry techniques.
Osteoporos. Int. 5, 262-270 (1995).

42. Van Rossum, G. & Drake, E L. Python 3 Reference Manual. (CreateSpace, 2009).

43. Paszke, A. et al. PyTorch: An Imperative Style, High-Performance Deep Learning Library. In Advances in Neural Information
Processing Systems 32 8024-8035 (Curran Associates, Inc., 2019).

44. Wu, Y. & He, K. Group Normalization. http://arxiv.org/abs/180308494 Cs (2018).

45. Wu, H. & Gu, X. Towards dropout training for convolutional neural networks. Neural Netw. 71, 1-10 (2015).

46. Osher, S. & Fedkiw, R. Level Set Methods and Dynamic Implicit Surfaces Vol. 153 (Springer, 2003).

47. Bracewell, R. N. The Fourier Transform and its Applications (McGraw Hill, 2000).

48. Fukushima, K. Cognitron: A self-organizing multilayered neural network. Biol. Cybern. 20, 121-136 (1975).

49. Chunming Li, Chenyang Xu, Changfeng Gui & Fox, M. D. Level Set Evolution without Re-Initialization: A New Variational
Formulation. In 2005 IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR05) vol. 1 430-436
(IEEE, 2005).

50. Yu, T. & Zhu, H. Hyper-Parameter Optimization: A Review of Algorithms and Applications. Preprint at http://arxiv.org/abs/2003.
05689 (2020).

51. Loshchilov, I. & Hutter, F. Decoupled weight decay regularization. http://arxiv.org/abs/171105101 Cs Math (2019).

52. Smith, L. N. & Topin, N. Super-Convergence: Very fast training of neural networks using large learning rates. http://arxiv.org/abs/
170807120 Cs Stat (2018).

53. Harris, C. R. et al. Array programming with NumPy. Nature 585, 357-362 (2020).

54. Van der Walt, S. et al. scikit-image: Image processing in Python. Peer] 2, €453 (2014).

55. Schroeder, W., Martin, K. & Lorensen, B. The Visualization Toolkit 4th edn. (Kitware, 2006).

56. Dougherty, E. R. & Lotufo, R. A. Hands-on Morphological Image Processing (SPIE Optical Engineering Press, 2003).

57. Seabold, S. & Perktold, J. statsmodels: Econometric and statistical modeling with python. In 9th Python in Science Conference
(2010).

58. Virtanen, P. et al. SciPy 1.0: Fundamental algorithms for scientific computing in python. Nat. Methods 17, 261-272 (2020).

59. Hildebrand, T., Laib, A., Miiller, R., Dequeker, J. & Riiegsegger, P. Direct three-dimensional morphometric analysis of human
cancellous bone: Microstructural data from spine, femur, iliac crest, and calcaneus. J. Bone Miner. Res. 14, 1167-1174 (1999).

60. Yeghiazaryan, V. & Voiculescu, I. Family of boundary overlap metrics for the evaluation of medical image segmentation. J. Med.
Imaging 5,1 (2018).

61. Lowekamp, B. C., Chen, D. T., Ibafiez, L. & Blezek, D. The Design of SimpleITK. Front. Neuroinformatics 7, (2013).

62. Ellouz, R. et al. Challenges in longitudinal measurements with HR-pQCT: Evaluation of a 3D registration method to improve
bone microarchitecture and strength measurement reproducibility. Bone 63, 147-157 (2014).

63. DAgostino, R. & Pearson, E. S. Tests for departure from normality: Empirical results for the distributions of b 2 and \b 1. Biometrika
60,613 (1973).

64. Conover, W. J. Practical Nonparametric Statistics (Wiley, 1999).

65. McKinney, W. Data Structures for Statistical Computing in Python. In 56-61 (2010). https://doi.org/10.25080/Majora-92bf1
922-00a.

66. Hunter, J. D. Matplotlib: A 2D graphics environment. Comput. Sci. Eng. 9, 90-95 (2007).

67. Waskom, M. seaborn: Statistical data visualization. J. Open Source Softw. 6, 3021 (2021).

68. Sullivan, C. & Kaszynski, A. PyVista: 3D plotting and mesh analysis through a streamlined interface for the Visualization Toolkit
(VTK). J. Open Source Softw. 4, 1450 (2019).

Acknowledgements

The authors acknowledge the support and contributions of the staff and students of the Bone Imaging Laboratory
at the University of Calgary and the recruitment efforts of the Calgary Fracture Liaison Service Nurses and the
Orthopaedic Trauma Research Team at Foothills Medical Centre in Calgary. Funding: This work was supported

Scientific Reports | (2023) 13:252 |

https://doi.org/10.1038/s41598-022-27350-0 nature portfolio


http://arxiv.org/abs/1411.4038
http://arxiv.org/abs/1411.4038
http://arxiv.org/150504597
http://arxiv.org/150504597
http://arxiv.org/abs/1812.11806
http://arxiv.org/abs/180308494
http://arxiv.org/abs/2003.05689
http://arxiv.org/abs/2003.05689
http://arxiv.org/abs/171105101
http://arxiv.org/abs/170807120
http://arxiv.org/abs/170807120
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a

www.nature.com/scientificreports/

by the Canadian Institutes of Health Research (CIHR) [PJT 162189], The Arthritis Society (TAS) PhD Salary
Award [TGP-21-0000000093], and an Alberta Graduate Excellence Scholarship (AGES).

Author contributions

N.J.N. and B.A.B. conceived of the project. N.J.N., B.A.B. and D.E.W. created the experimental plan. D.E.-W.
assembled and inspected the datasets. N.J.N. developed the algorithms, wrote the code, conducted the experi-
ments, analyzed the data, and wrote the manuscript. S.K.B. supervised and provided project administration. All
authors reviewed and edited the manuscript.

Competing interests
Bryce A. Besler reports a relationship with O.N. Diagnostics LLC that includes: employment. Nathan J. Neeteson,
Danielle E. Whittier, and Steven K. Boyd declare they have no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-27350-0.

Correspondence and requests for materials should be addressed to S.K.B.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:252 | https://doi.org/10.1038/s41598-022-27350-0 nature portfolio


https://doi.org/10.1038/s41598-022-27350-0
https://doi.org/10.1038/s41598-022-27350-0
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Automatic segmentation of trabecular and cortical compartments in HR-pQCT images using an embedding-predicting U-Net and morphological post-processing
	Results
	Held-out test subset. 
	Sample visual results. 
	Held-out precision subset. 

	Discussion
	Methods
	Datasets. 
	Train, validate, test subsets. 
	Precision subset. 

	Pre-processing. 
	Embedding-predicting U-Net. 
	Architecture. 
	Loss functions. 
	Classification accuracy. 
	Curvature regularization. 
	Magnitude gradient regularization. 
	Combined loss function. 

	Training. 

	Morphological post-processing. 
	Iterative binary segmentation filter. 
	Minimum cortical shell filter. 
	Morphological bone mask filter. 
	Post-processing procedure. 

	Evaluation and metrics. 
	Visualizations. 

	Conclusion
	References
	Acknowledgements


