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Background: Cortical bone porosity is a major determinant of bone strength. Despite the biomechanical 
importance of cortical bone porosity, the biological drivers of cortical porosity are unknown. The content 
of cortical pore space can indicate pore expansion mechanisms; both of the primary components of pore 
space, vessels and adipocytes, have been implicated in pore expansion. Dynamic contrast-enhanced MRI 
(DCE-MRI) is widely used in vessel detection in cardiovascular studies, but has not been applied to visualize 
vessels within cortical bone. In this study, we have developed a multimodal DCE-MRI and high resolution 
peripheral QCT (HR-pQCT) acquisition and image processing pipeline to detect vessel-filled cortical bone 
pores.
Methods: For this in vivo human study, 19 volunteers (10 males and 9 females; mean age =63±5) were 
recruited. Both distal and ultra-distal regions of the non-dominant tibia were imaged by HR-pQCT  
(82 µm nominal resolution) for bone structure segmentation and by 3T DCE-MRI (Gadavist; 9 min scan 
time; temporal resolution =30 sec; voxel size 230×230×500 µm3) for vessel visualization. The DCE-MRI was 
registered to the HR-pQCT volume and the voxels within the MRI cortical bone region were extracted. 
Features of the DCE data were calculated and voxels were categorized by a 2-stage hierarchical kmeans 
clustering algorithm to determine which voxels represent vessels. Vessel volume fraction (volume ratio of 
vessels to cortical bone), vessel density (average vessel count per cortical bone volume), and average vessel 
volume (mean volume of vessels) were calculated to quantify the status of vessel-filled pores in cortical bone. 
To examine spatial resolution and perform validation, a virtual phantom with 5 channel sizes and an applied 
pseudo enhancement curve was processed through the proposed image processing pipeline. Overlap volume 
ratio and Dice coefficient was calculated to measure the similarity between the detected vessel map and 
ground truth. 
Results: In the human study, mean vessel volume fraction was 2.2%±1.0%, mean vessel density was 
0.68±0.27 vessel/mm3, and mean average vessel volume was 0.032±0.012 mm3/vessel. Signal intensity for 
detected vessel voxels increased during the scan, while signal for non-vessel voxels within pores did not 
enhance. In the validation phantom, channels with diameter 250 µm or greater were detected successfully, 
with volume ratio equal to 1 and Dice coefficient above 0.6. Both statistics decreased dramatically for channel 
sizes less than 250 µm.
Conclusions: We have a developed a multi-modal image acquisition and processing pipeline that 
successfully detects vessels within cortical bone pores. The performance of this technique degrades for vessel 
diameters below the in-plane spatial resolution of the DCE-MRI acquisition. This approach can be applied 
to investigate the biological systems associated with cortical pore expansion.
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Introduction

Cortical bone strength is an important aspect of skeletal 
integrity and health. Cortical bone comprises 80% of total 
skeletal mass and supports a great proportion of axial load 
transfer (1-3). Poor cortical bone quantity and quality 
increases bone fracture risk (4-8). While many aspects of 
bone quality such as geometry, tissue composition, and 
mineral distribution can impact the mechanical properties 
of cortical bone, cortical bone porosity, which is defined 
as bone voids or pores within the cortical compartment, 
is a major determinant of strength, stiffness, and fracture 
toughness of cortical tissue. Cortical bone porosity naturally 
increases with age (9-11), but may be accelerated by certain 
diseases such as Type-2 diabetes (T2D) (12-15). In addition, 
some clinical interventions such as parathyroid hormone 
therapy for osteoporosis and gastric bypass surgery for 
obesity will increase cortical porosity (16-19). Understanding 
the impact of disease and treatment on pathological cortical 
porosity as well as the mechanisms of pathological pore 
growth will be helpful in developing treatments to inhibit 
pore expansion and thus decrease fracture risk.

Traditionally, metrics of cortical bone porosity are 
measured  ex vivo from bone samples or  in vivo via 
medical imaging. Ex vivo measurement involves cortical 
bone biopsy followed by histology, microradiography or 
microcomputed tomography. While ex vivo measurement 
methods are invasive, destructive, and time-consuming,  
in vivo quantification techniques provide non-invasive, fast 
estimation of porosity-related parameters without biopsy. 
High resolution peripheral QCT (HR-pQCT), which 
is currently widely used in musculoskeletal research, has 
high spatial resolution that enables direct visualization and 
segmentation of cortical bone morphology including larger 
canal and resorption spaces. Several quantitative parameters 
such as cortical thickness (Ct.Th), cortical porosity (Ct.
Po) and cortical volume (Ct.V) can then be calculated 
from these segmented regions to describe bone micro- 
and macro-structure, and biomechanics (20-24). Magnetic 
resonance imaging (MRI) with ultrashort echo time 
sequence (UTE) is an alternative in vivo imaging modality 
to indirectly assess cortical porosity by measuring proton 
signal from mobile water in cortical pores (25,26). 

Those conventional methods, however, are insufficient 
to understand the mechanisms of pore growth or to predict 
the development of pathological porosity. To achieve this, 
detailed data beyond pore morphology parameters are 
needed. Pore content can be a useful indicator of pore 
expansion mechanisms. Specifically, vessels within newly 
expanded pores may indicate pore growth driven by the 
expansion of the vascular system. Fat cells or marrow 
within pores may indicate pore growth driven by marrow 
compartment expansion. In previous work, Goldenstein et al.  
successfully identified the cortical bone pores filled with 
marrow fat by using a dual modality technique combining 
HR-pQCT with magnetic resonance imaging (MRI) (27). 
However, there is no established imaging technique to 
detect the vasculature within cortical bone pores, which 
is particularly challenging due to the small sizes of the 
vessels and the surrounding calcified tissue (28-30). The 
imaging modalities and processing techniques widely used 
in vascular analysis in other organ systems could be adopted 
to detect vessels within cortical bone pores. Dynamic 
contrast-enhanced MRI (DCE-MRI) is a common imaging 
modality used widely for evaluating tissue perfusion  
(31-33). Contrast agent injected into the blood stream 
causes signal enhancement within vessels, which can be used 
to identify vessels based on the temporal variation of pixel 
intensity (34,35). 

In this study, we present a multi-modality imaging 
approach utilizing HR-pQCT and DCE-MRI and an 
image processing technique for the in vivo visualization 
and detection of vessels within cortical bone porosity. We 
present results of the technique applied to in vivo scan 
data, as well as assessment of the technique using physical 
phantom data to validate our vessel detection image 
processing pipeline.

Methods

Subjects

Nineteen volunteers (10 males and 9 females; mean age 
=63±5) were recruited for this study. The UCSF Committee 
on Human Research approved the study protocol, and all 
volunteers provided written informed consent prior to 
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participation. All volunteers were screened by DXA and 
a medical history questionnaire, and included only if they 
were in the osteopenic range (T-score between −1.0 and 
−2.5) and not taking bone-active medications. 

HR-pQCT

HR-pQCT images of the non-dominant tibia were acquired 
with an XtremeCT scanner (Scanco Medical AG, Bruttisellen, 
Switzerland) using the standard protocol provided by 
the manufacturer: 60 kVp source potential, 900 µA  
tube current, and 100 ms integration time. Data were 
acquired at both the distal and ultra-distal scan locations. At 
each location, a total of 110 slices were acquired beginning 
37.5 mm (distal) or 22.5 mm (ultra-distal) proximal to 
the endplate, the scan region extending proximally from 
there, with isotropic voxels of 82 µm (Figure 1A). Image 
quality was evaluated immediately after acquisition using 
the manufacturer’s qualitative grading scheme to confirm 
motion artifacts would not affect the analysis. 

MRI

MRI scans of the non-dominant tibia were acquired on a 3T 
whole-body scanner (MR750w, GE Healthcare, Waukesha, 
Wisconsin, USA) using a sixteen-channel flex coil (In-Vivo 
Corporation, Gainesville, FL). Scans were positioned to 
cover both distal and ultra-distal HR-pQCT scan locations, 
using the joint line as a reference (Figure 1B). A three-
dimensional (3D) DCE-MRI series was acquired using 
a spoiled gradient-recalled (SPGR) pulse sequence with 

the following parameters: TR/TE =11.8–12.2 ms/4.1 ms; 
bandwidth = ±125 kHz; flip angle =20°; field of view (FOV) 
=12×9 cm2; matrix size of 512×384; in-plane resolution of 
230×230 µm2, and total 56 slices with thickness of 500 µm. 
To visualize the vessels a contrast agent (Gadavist, Bayer 
HealthCare) was injected at 0.1 mL/kg and 2 mL/sec with 
1 min delay. The total scan time was 9 min, including 
one minute of scanning prior to contrast agent injection, 
continuing for 8 min after contrast agent injection. A high 
acceleration strategy was applied in the data acquisition 
(36,37), and the data were reconstructed to 18 time frames 
with 30s temporal resolution (achieving an acceleration 
factor of 9). 

Image analysis

HR-pQCT images were processed using algorithms 
provided by the manufacturer (IPL v5.08b, Scanco Medical 
AG) to semi-automatically segment the complete bone 
region, trabecular bone region, cortical bone region, and 
intra-cortical pores as described previously (20,21) (Figure 2). 

The DCE-MRI image at each time point was registered 
to the distal and ultra-distal HR-pQCT scans separately 
using FSL (Analysis Group, FMRIB, Oxford, UK). In 
brief, the rigid transformation between DCE-MRI and 
HR-pQCT was estimated by maximizing the overlapping 
normalized mutual information (Figure 3). To get the 
best registration, only HR-pQCT voxels inside whole 
bone region were used to calculate normalized mutual 
information.

The time series of the registered MRI were processed 

Figure 1 Scanning range for (A) HR-pQCT and (B) DCE-MRI. The MRI scan range covered both distal and ultra-distal HR-pQCT scan 
regions. HR-pQCT, high resolution peripheral quantitative computed tomography; DCE-MRI, dynamic contrast-enhanced magnetic 
resonance imaging; MRI, magnetic resonance imaging.
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with a 3-point moving average along the time domain 
to reduce any effects of mis-registration (Figure 4). The 
smoothed MRI time-series were then normalized by 
subtracting the baseline intensity, which was estimated by 
averaging the first two MRI images. After normalization, 
a Frangi filter was applied to the entire time-series to 
enhance vessel structure (38). The Frangi filter is multi-
scale, Hessian-based vessel enhancement filter. In brief, 
the Hessian matrix at point x with scale σ is estimated by 
applying a second-order Gaussian derivative filter on the 
image,
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Where gσ (x) is the Gaussian function with standard 
deviation σ. The local geometric information is extracted 
from the eigenvalues λ1, λ2, λ3 of the Hessian matrix 
(|λ1|≤|λ2|≤|λ3|). Based on the information in (38), the 
ideal tube structure satisfies the following requirement: (I) 
0≈|λ1|≪|λ2|, (II) λ2≈λ3. Therefore, the “vesselness” at the 
scale σ, indicating similarity to an ideal tube structure, is 
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RA, RB and S are used to describe the dissimilarity to 
plate, blob and the background, respectively. After vessel 
enhancement, voxels representing vessels enhanced by 
contrast agent become brighter and other voxels become 
darker (Figure 5A,B). 

Figure 2 Example HR-pQCT image (left) and segmented bone masks (right: cortical bone mask, trabecular bone mask, cortical pore mask). 
HR-pQCT, high resolution peripheral quantitative computed tomography.

Figure 3 Flow chart of image processing pipeline.

HR-pQCT

t=1
t=2

t=n

Cortical mask

Vessel-filled 
pores

Registration 
(normalized 

mutual 
information)

Reg. MRI

Segment-
ation

Vessel 
identification



932 Wu et al. Cortical bone vessel detection on DCE-MRI

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2019;9(6):928-941 | http://dx.doi.org/10.21037/qims.2019.05.23

In order to detect voxels representing the vessel 
compartment within cortical bone, it is necessary to identify 
the complete cortical region on MRI. This is more easily 
done using HR-pQCT data, due to better contrast between 
bone and soft tissue. However, distortion in the MR image 
causes misalignment between the HR-pQCT cortical mask 
and the MRI cortical region. To solve this problem, the 
distortion field between the HR-pQCT and the registered 
MRI was calculated using a modified demons registration 
method (39,40). In brief, the intensity of HR-pQCT 
was inverted and adjusted to match MRI by histogram 
matching, and the displacement field was acquired by 
applying the demons registration method to both images. 
This displacement field was then applied to the HR-pQCT 
cortical mask to create a MRI cortical bone mask. The 
temporal intensity of each voxel of the vessel-enhanced MRI 
image within the MRI cortical bone mask was extracted. 
Principal component analysis (PCA) was performed, and 
the projection of the first-component, which represents the 
general shape of the enhancement curve, was calculated 
as a feature (Figure 5C). Additionally, the area under the 
enhancement curve (AUC) was used as a feature because 
high AUC indicates contrast—and therefore vessels—exist 
within the voxel (Figure 5D).

While these two features identified most of the vessel-
filled voxels, vessels with delayed contrast uptake time were 
not captured. Therefore, two more features were added to 
improve the detection algorithm. The first was standard 
deviation of temporal intensity (Figure 5E). The second 
was summation of absolute temporal intensity difference 

(SATID) (Figure 5F). SATID at point x can be calculated by 
the following formula,
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Where S1 is the temporal intensity at point x. Standard 
deviation and SATID will have high values in vessel-voxels 
due to the initial increase and subsequent decrease in signal 
intensity during contrast agent wash-in and wash-out. 

All voxels inside the cortical bone region were clustered 
using a 2 stage, hierarchical k-means algorithm based on 
these four features (41,42). In brief, k-means clustering 
attempts to group all data to k clusters by iteratively 
minimizing the total error of each data point to its cluster 
center by the following formula,
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Where k is number of clusters and N is number of data 
points, which is number of voxels in the cortical bone 
region. j

ix  is the data point belonging to the j-th cluster and 
cj is the center of the j-th cluster. In this study, the voxels 
were clustered into 4 groups. The voxels belonging to the 
cluster with the highest average intensity and belonging 
to the largest five connected components were designated 
as “large vessels”. The remaining voxels were processed 
through the second stage k-means to extract smaller vessels. 
The final vessel mask was the union of “large vessels” and 
“small vessels”. 

Following this process, discontinuity in the vessel mask 

Figure 4 Flow chart of vessel detection algorithm.
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was apparent. To repair these missing or broken vessels, 
a vessel connection algorithm was devised. The vessel 
connection algorithm performed k-means clustering with 
3 groups on the full set of voxels. Those voxels belonging 
to the cluster with the highest average intensity were 
extracted, binarized, and labeled the “expanded vessel 
mask”. This expanded vessel mask was then skeletonized to 
generate an “indicator of discontinuity”. For the missing 
sections with indicator value “1”, the corresponding regions 
of the expanded vessel mask were inserted to fill in the 
discontinuities (Figure 6).

To quantify the proportion of vessel-filled pores in 
cortical bone, three quantitative metrics were used. “Vessel 
volume fraction” was defined as the ratio between the 
number of vessel voxels and cortical bone voxels,

Vessel volume fraction = Vvessel / Vcortical bone [6]

Where Vvessel is the total number of vessel voxels and 
Vcortical bone is the total number of cortical bone voxels. “Vessel 
density” was defined as number of vessels per cortical bone 
voxel,

Vessel density = Nvessel / Ncortical bone [7]

Where Nvessel is total count of objects in the 3D vessel 
map. “Average vessel volume” was defined as average 
number of voxels per vessel. 

Average vessel volume = Vvessel / Nvessel  [8]

These metrics were calculated for both distal and ultra-
distal tibia regions for each subject.

Validation

To validate the proposed vessel-filled pore detection 
method, and evaluate minimum detectable vessel size, a 
virtual phantom containing isolated, small channels of 5 
different diameters (500, 400, 300, 250, 200, and 100 µm) 
was designed (Figure 7A). A pseudo temporal intensity for 
each channel was generated by imposing a baseline intensity 
at the first two time points and an enhanced intensity of 
2× baseline at subsequent time points. The remaining 
voxels of the virtual phantom were assigned a low intensity 

Figure 5 Example SPGR image and feature maps: (A) SPGR image at middle time point (B) vessel-enhanced image (C) first PCA projection 
(D) area under curve (E) temporal standard deviation (F) SATID. These images demonstrate that voxels representing vessels (red circles) 
enhance on DCE-MRI and have high values on feature maps. SPGR, spoiled gradient-recalled; PCA, principal component analysis; SATID, 
summation of absolute temporal intensity difference.
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representing bone tissue. A point spread function (PSF) and 
Gaussian noise were applied to mimic in vivo MRI data. 
The PSF was deconvolved (43,44) from the edge spread 
of intensity measured in cross sections of large, isolated 
channels from MRI scans of physical phantoms. The 
resulting virtual phantom image (Figure 7B) was processed 
through the image analysis pipeline to generate a vessel 
mask.

To measure the similarity between the detected vessel 
mask (VM) and the ground truth (GT), the overlap volume 
ratio and Dice coefficient of each channel was calculated by:

Volume Ratio = (VM ∩ GT) / GT [9]
Dice = 2 (VM ∩ GT) / (VM + GT) [10]

Results

Human subjects study

Mean vessel volume fraction was 2.2%±1.0% (2.3%±1.0% 
and 2.0%±1.0% at the distal and ultra-distal sites, 
respectively). Mean vessel density was 0.68±0.27 (0.73±0.22 
and 0.63±0.31 vessel/mm3 at the distal and ultra-distal sites, 
respectively). Mean average vessel volume was 0.032±0.012 
(0.029±0.008 and 0.035±0.014 mm3/vessel at the distal 
and ultra-distal sites, respectively). While no significant 
differences were found between the distal and ultra-distal 
sites (all P>0.05), mean vessel volume fraction and mean 
vessel density consistently trended higher at the distal 
site than at the ultra-distal site, while mean average vessel 
volume consistently trended higher at the ultra-distal site.

To confirm that the processing pipeline correctly 
identified vessel-filled voxels, enhancement curves for 

detected vessel voxels were evaluated and compared to 
those for voxels outside the vessel mask but within a cortical 
bone pore (determined based on MRI signal intensity and 
by comparison to HR-pQCT) (Figure 8A). Signal intensity 
for detected vessel voxels uniformly increased during the 
scan, while those for non-vessel voxels within pores did 
not enhance. Further, for each case, we evaluated average 
enhancement for all vessel voxels as compared to average 
enhancement for all non-vessel voxels within the cortical 
mask (Figures 8,9). The average intensity of detected vessel 
voxels increased starting at approximately 2 min, arrived 
the peak intensity between 5 and 7 min and maintained 
a high level to the end. Compared to the detected vessel 
voxels, the average intensity in the rest of the cortical bone 
was constant over the scan duration, suggesting that the 
proposed algorithm correctly identified vessel-filled pores 
from temporal DCE-MRI data (Figure 8). In the case of 
noisy images, the performance of the proposed algorithm 

Figure 6 Representative result of the vessel connection algorithm. Disconnected portions of the vessel mask were detected and repaired 
(circles).

Before vessel connection After vessel connection

Figure 7 Virtual phantom with channels of varying diameter: (A) 
original design (B) virtual MRI data created by applying the PSF 
and noise derived from physical phantom scan data. MRI, magnetic 
resonance imaging; PSF, point spread function.
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was difficult to determine because for a subset of vessels 
true vessel enhancement was indistinguishable from noise 
(Figure 9).

Validation study

For channels with diameter 250 µm and larger, overlap 
volume ratio was 1 and dice coefficient was above 0.6. Dice 
coefficient exhibited a drop in value at 300 µm and did not 
reach 1; this was due to a vessel mask (detected volume) 
that was larger than the ground truth (true channel size). 
For channels with diameter less than 250 µm, both volume 
ratio and dice coefficient decreased substantially (Figure 10),  

suggesting that the performance of the vessel detection 
algorithm deteriorates when the vessel size is less than voxel 
size. 

Discussion

In this study, we developed a multi-modal image acquisition 
and processing pipeline to visualize and detect vasculature 
within cortical bone pores. In our pipeline, HR-pQCT 
provided the morphological information of cortical bone, 
and DCE-MRI provided visualization of vasculature within 
cortical bone. The enhancement curves of detected vessel 
regions suggest that the proposed vessel detection technique 

Figure 8 Representative MRI images and graphs demonstrating the vessel detection algorithm: (A) distal tibia (B) ultra-distal tibia. Detected 
vessel-filled pores displayed enhancement (red box), while non-vessel filled pores did not (blue box). The mean intensity of detected vessel-
filled pores (red line) also increased over the acquisition period. The mean intensity of voxels within the cortical bone boundaries excluding 
the detected vessel-filled pores (blue line) remained unchanged. MRI, magnetic resonance imaging.
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successfully identified vessels. 
We have demonstrated that the vasculature within 

cortical bone can be isolated by the proposed pipeline 
and compared quantitative measurements between distal 
and ultra-distal regions of the tibia. While these results 
are preliminary, they demonstrate the application of the 
proposed algorithm in evaluating vessel status using in vivo 
imaging techniques. Our research program will use this 
technique to investigate the impact of the vascular system 
on pore expansion.

Based on anatomic data drawn from histological 
evaluations, the epi-metaphyseal arteries, which are large 
but few, perforate the distal tibia cortical bone through 
openings in both epi- and metaphyseal regions, and then 
branch into smaller vessels proximally (45,46). These 
smaller branched vessels will form a dense, interlocking 

vascular network proximally to connect to the branches 
of the nutrient vessel (47). In our quantitative metrics, we 
discovered: (I) average vessel size trended higher distally, 
and (II) mean vessel density trended higher proximally. 
Though it must be said that these differences did not reach 
statistical significance, they were consistent in all subjects. 
Interestingly, they are also consistent with the anatomic 
data, which supports fewer but larger vessels distally and 
more numerous but smaller vessels proximally 

Using the temporal intensity variation of DCE-MRI 
to isolate blood vessel systems is a common strategy for 
vascular analysis, which assists physicians to evaluate 
perfusion, distinguish malignant from benign tissue, and 
evaluate treatment performance or disease condition. Most 
analysis methods include manually delineating a region 
of interest (ROI) and using average temporal intensity 

Figure 9 Result of the vessel detection algorithm in a noisy scan (background intensity standard deviation 1,136.64). In this case, many 
vessel voxels were detected; however, the enhancement of a subset of detected vessel voxels was indistinguishable from noise (left).
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Figure 10 Similarity measurements comparing detected vessel voxels and ground truth for the virtual phantom.
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variation as an indicator (33,48,49). In the case that the 
enhancement curve is monotonic and smooth, several 
simple quantitative parameters [e.g., maximum relative 
enhancement (ME), time to peak (TTP)] can completely 
represent the curve shape. This strategy, however, needs to 
be modified when applied to vessel detection within cortical 
bone. The vessel types and sizes in cortical bone are varied, 
causing extreme variations of enhancement and contrast 
agent arrival time. Therefore, the common quantitative 
parameters for the voxels with vessel content vary 
dramatically and cause difficulty in distinguishing vessels 
from skeletal tissue. Temporal standard deviation and 
SATID, which are sensitive to temporal intensity variation, 
can be helpful features to detect vessels that have an unusual 
enhancement pattern (e.g., late TTP, small enhancement).

There are three additional differences between the 
proposed method and other quantitative vessel detection 
and analysis methods. First, most methods of quantitative 
vascular or perfusion analysis are applied to normalized 
DCE-MRI images. There are two common ways to 
normalize images (49-53): (I) dividing the original signal 
directly by the baseline signal and (II) calculating the 
percentage of enhancement with respect to baseline signal. 
In our study, however, normalization was accomplished by 
subtracting the baseline signal from the original signal. This 
was done because of the large variation in voxel intensity 
of cortical bone. Both standard normalization methods are 
sensitive to baseline intensity. For voxels with extremely low 
baseline intensity, normalized intensity will be high even if 
there is only a small intensity variation (e.g., noise): these 
would therefore be classified as vessel voxels. For voxels 
with extremely high baseline intensity, normalized intensity 
will be suppressed; these would be eliminated by our 
vessel detection algorithm. The second difference between 
our method and existing vessel detection methods is that 
existing methods attempt to extract the representative 
quantitative parameters directly from the normalized DCE-
MRI image. In our study, we extracted parameters from the 
vessel-enhanced (Frangi filtered) image instead. While the 
temporal variation of “vesselness”—the output of Frangi 
filter—is highly related to intensity, the difference between 
vessel and background voxels will be enhanced, improving 
the performance of vessel detection. Third, most vessel 
detection methods use only a single k-means clustering 
to detect the desired objects. In our study, the intensity 
distribution of enhanced vessels has a high variance so 
that vessel voxels with strong features—primarily those 
belonging to large vessels—may dominate the k-means 

clustering algorithm and reduce the performance of 
detecting small vessels. Therefore, in a second k-means 
clustering step we removed voxels belonging to the largest 
vessels in order to increase the efficiency of small vessel 
detection.

The major limitation of the proposed technique is 
that voxel size of SPGR reconstructions is 230×230 µm2  
in-plane. Vessels smaller than this may not be visible, or 
their enhancement may be insufficient for the proposed 
method to classify them accurately. In our validation 
exam, detected volume ratio and dice coefficient decreased 
dramatically for channels smaller than the in-plane 
resolution. Conversely, if vessel size exceeds the voxel 
size, partial volume effects will blur the vessel objects so 
that voxels surrounding the vessel will also have similar 
temporal enhancement curves (54-57). These enhanced 
surrounding voxels may be incorrectly classified as vessel 
voxels, causing over-estimation of vessel size. In our 
validation exam, the Dice coefficient for vessel sizes above 
250 µm decreased while the volume ratio remained equal 
to 1. This overestimation of vessel size can be corrected 
through trimming of the vessel mask with the cortical pore 
mask from HR-pQCT. Therefore, the proposed method 
does detect large vessel-filled pores, which dominate pore 
growth and bone biomechanics (58), enabling further 
research on pore expansion mechanisms. While in theory 
increased spatial resolution may be helpful to visualize 
and detect smaller vessel-filled pores, image quality will 
degrade and cause errors in vessel detection. Image quality 
would degrade with lower signal-to-noise, greater motion-
induced artifacts and temporal resolution. Therefore, the 
current DCE-MRI protocol is a compromise between 
spatial resolution and image quality to optimize vessel 
detection.

There are additional limitations of the proposed 
technique that deserve discussion. First, MRI data 
incorporate inherent image distortion, generally small 
and non-critical, but which become problematic when 
high-resolution image processing is attempted. Even after 
applying the demons method to non-rigidly register MRI 
and HR-pQCT, the resulting MRI cortical bone mask 
occasionally covers voxels outside of the cortical region, 
leading to the occasional identification of vessel-filled pores 
outside of the cortical bone boundary. Second, noise on 
MRI images negatively influences accurate vessel detection. 
Temporal standard deviation and SATID are sensitive to 
noise. Therefore, the performance of the proposed vessel 
detection algorithm requires optimal MRI acquisition and 
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reconstruction. 
There are  a lso l imitat ions  of  the analys is  and 

evaluation presented in this manuscript. First, we 
cannot compare to a “ground truth” of vessel-filled 
pore distribution for human subjects because no other 
in vivo technique exists to visualize and quantify them. 
Therefore the presented intensity curves and quantitative 
metrics are the only possible methods to examine the 
performance of the proposed processing pipeline. 
However, high DICE coefficient for channels larger 
than 250 µm demonstrate the accuracy of our processing 
pipeline. Second, examining the reproducibility of the 
proposed metrics is challenging because we are not 
permitted to inject contrast agent for a DCE-MRI scan 
more than once in the same participant due to concerns 
related to participant safety. Image quality and contrast 
uptake may vary between scans, which would influence 
the performance of vessel detection. However, the image 
analysis pipeline is completely automated and therefore 
fully reproducible. 

UTE MRI is an alternative imaging technique to detect 
vessels within cortical bone. Water content in cortical bone, 
whether bound or free water, has extremely short relaxation 
time (T2*) so its signal is undetectable under conventional 
MRI (26,59). UTE can detect free water signal in cortical 
bone, located in Haversian canals (60,61). In this way, 
cortical porosity can be estimated from free water content 
mapping (25,62,63). However, the low resolution of UTE 
MRI hinders the visualization and spatial mapping of 
individual vessels. 

In conclusion, we developed a multi-modal imaging 
and image processing technique to visualize vessel-filled 
pores within cortical bone. Several image processing 
techniques including a vessel-enhancement filter and 
k-means clustering were applied to enhance visualization 
and detection of the vessel compartment. The enhancement 
curves of the identified vessel voxels indicate that our 
algorithm can successfully detect vessel-filled pores. 
Future research will focus on: (I) spatially matching 
the vessels to cortical pores (derived from HR-pQCT 
image processing) for analysis of vessel proportion and 
distribution; (II) developing longitudinal analysis techniques 
to track individual pore content and growth over time, 
and (III) recruiting additional participants to our ongoing 
longitudinal study of vessel distribution and pore growth in 
type II diabetes.
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