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Partial volume blurring precludes accurate measurement of
structural dimensions in the limited-resolution regime in which
image voxel size is larger than the typical structural element to
be resolved. Since acquiring images at increased resolution
often exacts an unacceptable signal-to-noise ratio (SNR) pen-
alty, methods to alleviate the adverse effects of partial volume
blurring are instrumental for the accurate measurement of ar-
chitectural parameters in applications such as predicting the
mechanical competence of trabecular bone networks. In the
current work, a novel post-processing method, referred to as
“subvoxel processing,” is described for increasing apparent
image resolution. The method is applicable to volumes of inter-
est containing material phases of two discrete signal intensi-
ties. The principal strategy consists of subdividing voxels and
assigning voxel intensities to each subvoxel on the basis of
local neighborhood criteria and strict mass conservation. In the
current work, the method’s accuracy has been evaluated using
microcomputed tomography images (22 � 22 � 22 �m3 voxel
size) of human trabecular bone. The results demonstrate that
subvoxel processing is significantly more accurate than trilin-
ear interpolation in decreasing apparent voxel size, especially in
the presence of noise. In addition, the method’s effectiveness is
illustrated with MR images of human trabecular bone acquired
in vivo at 137 � 137 � 350 �m3 voxel size. The subvoxel-
processed images are shown to have architectural features
characteristic of images acquired at higher spatial resolution.
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MRI is a powerful tool for noninvasively quantifying tissue
morphology. However, when voxel size is larger than the
structures of interest, partial volume blurring complicates
the accurate measurement of structural parameters. On the
other hand, acquisition of images at higher resolution of-
ten exacts an unacceptable signal-to-noise ratio (SNR) pen-
alty, and thus does not represent a viable alternative. For
example, these constraints have been the major obstacle to
the development of MRI as a means of quantifying trabec-
ular bone architecture in vivo for the purpose of predicting
fracture risk in osteopenic subjects (1–4). As trabecular
thickness (80–150 �m) is typically less than the achiev-

able voxel size in vivo (�150 �m), accurate structural
information is difficult to obtain. The common approach
toward quantifying trabecular structure has been to clas-
sify voxels as either “bone” or “marrow” via binary seg-
mentation. In the low-spatial-resolution regime, however,
the “bone” voxels contain varying amounts of bone, usu-
ally with a higher proportion of marrow. In order to avoid
the loss of information inherent in binary classification, a
means of estimating the bone volume fraction (BVF) in
each voxel (5) was devised. The logical extension of this
method, referred to as BVF mapping, would be to apply an
algorithm for increasing the apparent resolution of the
BVF map.

Linear interpolation has commonly been applied to in-
crease the apparent resolution of digital images. In one
dimension, for example, BVF at a spatial location between
the centers of two adjacent voxels would be computed as
the average of the two voxels. Therefore, additional values
calculated in this manner will never increase beyond the
original values, and thus contradict the axiom that smaller
voxels are more likely to contain larger fractions of bone.
In the current work, a method is presented for increasing
the apparent image resolution. The method is illustrated
with images of trabecular bone; however, the algorithm
may easily be applied to images of other materials, which
may be considered to locally contain only two phases. The
method is related to the method of Bayesian subvoxel
classification (6), which also divides voxels into subvox-
els. However, with the latter method, the output is a bina-
rized image, i.e., the subvoxels are constrained to contain
either 100% bone or 100% marrow. In contrast, subvoxel
processing assigns partial fractions to each subvoxel (7).

THEORY

Single-Pass Subvoxel Processing

Subvoxel processing is an empirical algorithm (rather than
one derived from mathematical theory), and is based on
two assumptions: 1) smaller voxels are more likely to have
high BVF, and 2) bone is generally in close proximity to
more bone. The starting point of the algorithm is the par-
titioning of each voxel into eight subvoxels by strictly
enforcing conservation of bone mass, i.e., the total BVF in
the original voxel is divided among the subvoxels. The
precise amount allotted to a subvoxel is determined by the
amount and location of bone outside the voxel but adja-
cent to the subvoxel. Thus, bone tends to be sequestered in
the area of the voxel that is closest to other bone.

The images subjected to subvoxel processing are as-
sumed to be BVF maps, i.e., the value of each voxel is
equal to the volume fraction occupied by bone. Since
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protons in bone have very short transverse relaxation
times, their signal is not ordinarily detected. Thus, bone
appears with background intensity in MR images and, in
the absence of noise, voxel intensity is proportional to
marrow volume fraction (MVF). Although MR images are
actually images of marrow, not bone, bone is the material
of primary interest in regard to predicting the mechanical
competence of trabecular bone; therefore, processing of the
images has been discussed and defined in terms of BVF.
Since images of trabecular bone may be considered as
containing only marrow and bone, BVF � 1 – MVF, and
MVF maps may be converted to BVF maps without loss or
corruption of information.

The principle of subvoxel processing is illustrated in
two dimensions with a 3 � 3 array of voxels in which the
central voxel (BVF � 0.2) has been partitioned into four
subvoxels (Fig. 1a). The weight for a subvoxel is computed
as the sum of the BVFs from all the voxels adjacent to the
subvoxel. For the example, the weight for subvoxel a is
obtained as the sum of the three adjacent voxel BVFs (i.e.,
0.3 � 0.4 � 0.6 � 1.3). Similarly, the weights for subvoxels
b, c, and d are 1.1, 0, and 0.3, respectively. In general, the
number of adjacent voxels is 2N-1, where N is the dimen-
sionality of the image array.

To explicitly define the subvoxel weights, let (x, y),
where x � 0, 1, 2, . . . xres-1 and y � 0, 1, 2, . . . yres-1,
represent the indices of the voxel being processed in an
array of resolution xres � yres. Each subvoxel is referenced
by an integer s, ranging from 0 to 2N-1 (Fig. 2). The 2N-1
offsets (vxs,n, vys,n) for localizing the neighboring voxels in
reference to the voxel containing subvoxel s are shown in
Table 1, where n � 0 to 2N-2. The subvoxel weights ws are
then computed as:

wsubvoxel,s�x, y� � �
n�0

2N�2

BVFvoxel�x � vxs,n, y � vys,n� [1]

where BVFvoxel(x,y) is the voxel BVF at (x, y). The weights
for a 3D voxel are computed in similar manner with the 3D
offsets (vxs,n, vys,n, vzs,n) shown in Table 2.

The bone is then partitioned among the subvoxels ac-
cording to their fractional weights, which may be com-
puted as wsi/wtotal, where wtotal is the total sum of weights:

wtotal � �
s�0

s�2N�1

wsubvoxel,s. [2]

The absolute volume of bone in the voxel, BVvoxel, is equal
to the product of BVFvoxel, the bone volume fraction of the
voxel, and Vvoxel, the volume of the voxel. To enforce
conservation of bone mass, the volume of bone allotted to
a subvoxel, BVsubvoxel,i, may be assumed to be:

BVsubvoxel,s �
wsubvoxel,s

wtotal
� BVvoxel. [3]

Note that

�
s�0

s�2N�1

BVsubvoxel,s � �
s�0

s�2N�1 wsubvoxel,s

wtotal
BVvoxel � BVvoxel, [4]

demonstrating that the amount of bone is conserved. Sub-
sequently, the subvoxel BVF is given by

FIG. 1. a: An array of voxels in which the central voxel has been
partitioned into subvoxels a–d. b: The computed BVFs of the sub-
voxels are shown assuming that the BVF of the central voxel was
0.20. Note that the average of the subvoxel BVFs (i.e., [0.38 �
0.33 � 0 � 0.09]/4) is still 0.20, in accordance with the condition that
total mass be conserved. FIG. 2. The neighboring voxels applied to compute the weights for

each of the subvoxels in a 2D voxel. The dashed lines partition the
2D voxel into the subvoxels, which are labeled 0–3. The hatched
voxels in a–d represent the voxels whose intensities are summed to
compute the weight for subvoxels 0–3, respectively. The coordinate
offsets for the hatched voxels are shown in Table 1.

Table 1
Voxel Offsets (vx, vy) for Computing the Weights for Subvoxels
0 Through 3 in a 2D Voxel

Subvoxel 0 Subvoxel 1 Subvoxel 2 Subvoxel 3

(�1, �1) (1, �1) (1, 1) (�1, 1)
(�1, 0) (1, 0) (1, 0) (�1, 0)
(0, �1) (0, �1) (0, 1) (0, 1)
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BVFsubvoxel,s �
BVsubvoxel,s

Vsubvoxel
�

wsubvoxel,s

wtotal
� BVFvoxel

�
Vvoxel

Vsubvoxel
�

wsubvoxel,s

wtotal
� BVFvoxel � 2N. [5]

Note that the product BVFvoxel � 2N is equal to the sum of
BVF from all the subvoxels in the voxel. For the example
in Fig. 1, the sum of weights is 2.7. Thus, 1.3/2.7 � 0.48 of
the bone volume is allotted to subvoxel a, yielding a BVF
of 0.48 � 0.2 � 4 � 0.38.

If voxel BVF is high, a subvoxel may be assigned an
unrealistic BVF 	 1 because the subvoxels are smaller
than the original voxel. For example, if the center voxel
had a BVF of 0.9, the resulting BVFsubvoxel for a would be
1.7. In such a case, the subvoxel is assigned a BVF of 1 and
the residual bone is partitioned among the other subvoxels
according to the remaining weights. Therefore, for each
voxel, the algorithm processes each subvoxel in order of
decreasing weight. The BVF assigned to each subvoxel is
determined from the subvoxel’s weight and then sub-
tracted from the remaining bone in the voxel. To express
this algorithm mathematically, each subvoxel in a voxel
may be referenced by the subscript n, where n is an integer
ranging from 0 through 2N-1. The subscript n differs from
s in that n references each subvoxel in order of decreasing
weight such that subvoxel n must have a weight less than
or equal to subvoxel n-1. If the residual sum of BVF is
defined as

BVFresidual,n � 2N � BVFvoxel � �
i�0

n�1

BVFsubvoxel,i [6]

then the residual BVF for the first voxel is BVFresidual,0 �
2N � BVFvoxel, the product that was noted in Eq. [5] as the
sum of BVF from all the subvoxels in the voxel. A residual
sum of unprocessed subvoxel weights is also expressed as

wtotal,n � �
i�n

2N�1

wsubvoxel,i. [7]

Subvoxel BVF is then given as in Eq. [5], except that the
sums of subvoxel BVF and of the weights are replaced by
the residual sums of BVF and the weights. In addition, the
minimum function, min(a,b), which returns the lesser of a
and b, is applied to restrict BVF to values �1:

BVFsubvoxel,n � min�1,
wsubvoxel,n

wtotal,n
� BVFresidual,n�. [8]

Multiple-Pass Algorithm

Trabeculae may still become artifactually diffuse with the
single-pass algorithm. For example, consider the 2D tra-
beculae represented by the array of voxels in Fig. 3a. After
applying the single-pass subvoxel algorithm (Fig. 3c), bone

Table 2
Voxel Offsets (vx, vy, vz) for Computing the Weights for Subvoxels 0 Through 7 in a 3D Voxel

Subvoxel 0 Subvoxel 1 Subvoxel 2 Subvoxel 3 Subvoxel 4 Subvoxel 5 Subvoxel 6 Subvoxel 7

(�1, �1, �1) (1, �1, �1) (1, 1, �1) (�1, 1, �1) (�1, �1, 1) (1, �1, 1) (1, 1, 1) (�1, 1, 1)
(�1, �1, 0) (1, �1, 0) (1, 1, 0) (�1, 1, 0) (�1, �1, 0) (1, �1, 0) (1, 1, 0) (�1, 1, 0)
(�1, 0, 1) (1, 0, �1) (1, 0, �1) (�1, 0, �1) (�1, 0, 1) (1, 0, 1) (1, 0, 1) (�1, 0, 1)
(�1, 0, 0) (1, 0, 0) (1, 0, 0) (�1, 0, 0) (�1, 0, 0) (1, 0, 0) (1, 0, 0) (�1, 0, 0)
(0, �1, �1) (0, �1, �1) (0, 1, �1) (0, 1, �1) (0, �1, 1) (0, �1, 1) (0, 1, 1) (0, 1, 1)
(0, �1, 0) (0, �1, 0) (0, 1, 0) (0, 1, 0) (0, �1, 0) (0, �1, 0) (0, 1, 0) (0, 1, 0)
(0, 0, �1) (0, 0, �1) (0, 0, �1) (0, 0, �1) (0, 0, 1) (0, 0, 1) (0, 0, 1) (0, 0, 1)

FIG. 3. Multi-pass processing. a: Intersecting tra-
beculae (gray) partially filling two rows and two
columns in an array of voxels delineated by the
solid lines. b: A BVF map of the array in part a, in
which increased intensity indicates higher BVF
(e.g., black and white indicate BVF � 0 and BVF �
1, respectively). c: Although single-pass subvoxel
processing allocates more bone to the central sub-
voxels, none of them contain 100% bone. d: After
second-pass processing, the central subvoxels
have been correctly assigned BVF � 1. e: The BVF
map in part b would be identical if the vertical
trabecula were replaced by multiple thin trabeculae
(e.g., two trabeculae of half thickness) within the
same two columns of voxels. It is assumed that the
image resolution is high enough that the simpler
structure with a single trabecula is the correct so-
lution.
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has been preferentially allocated towards the central rows
of subvoxels, but none of them contain 100% bone. If it is
assumed that the original spatial resolution is high enough
that there are no voxels that contain more than one trabec-
ula, only subvoxels that are on the boundary of a trabecula
should contain partial fractions of both bone and marrow.
Blurred trabeculae may be completely eliminated to pro-
duce a more compact solution by application of a multi-
ple-pass algorithm. Subvoxels are classified as boundary
or central subvoxels on the basis of the output of the
first-pass algorithm. During subsequent passes, boundary
subvoxels are not assigned bone until the central voxels
contain 100% bone (Fig. 3d). If image resolution is low, the
assumption of no more than one trabecula in each voxel
may be violated. Given a single voxel that contains partial
volumes of both bone and marrow, it is impossible to
know how many trabeculae are within the voxel. For ex-
ample, if it is known that a voxel is 20% bone, there could
be two trabeculae, each of which occupies 10% of the
voxel, or four trabeculae, each of which occupies 5% of the
voxel. The BVF map in Fig. 3b would be identical if the
vertical trabecula were replaced by multiple thinner tra-
beculae (e.g., by two trabeculae of half the original thick-
ness) passing through the same two columns of voxels
(Fig. 3e). Subvoxel processing would then, of course, re-
sult in an incorrect solution. However, at the current in
vivo voxel size of 137 � 137 � 350 �m3, and considering
average trabecular thicknesses and intertrabecular spac-

ings of 100 and 500–1000 �m, respectively, the occurrence
of multiple trabeculae within a single voxel is highly un-
likely.

In the multiple-pass algorithm, bone-containing subvox-
els are classified as boundary or central subvoxels on the
basis of adjacency and connectivity criteria. The adjacency
criterion requires that one of the subvoxel’s six nearest
neighbors in 3D (four nearest neighbors in 2D) does not
contain bone. A boundary subvoxel also must not be crit-
ical to the trabecular network as quantified by local con-
nectivity. The local connectivity is computed on the basis
of the 2N-1 nearest-neighbor previous-pass subvoxels. The
connectivity is equal to the number of “islands” of bone
that are generated in the local neighborhood by tempo-
rarily assuming the central subvoxel contains marrow only
(Fig. 4). If the edge subvoxel has a connectivity of 
2, its
bone may be shifted to another voxel without damaging
the connectivity of the network, and may thus be classified
as a boundary voxel. Subvoxels, which do not satisfy both
of these criteria, are classified as central subvoxels.

Central subvoxels are preferentially filled with bone by
assigning subvoxels primary and secondary weights.
Boundary voxels that are not critical to the trabecular
network are assigned a primary weight of zero. Bone is
then partitioned among the subvoxels on the basis of the
primary weights. After the subvoxels with non-zero pri-
mary weights have been assigned bone, the remaining
bone is partitioned among the subvoxels, which have not
been assigned a BVF, according to the secondary weights.
Weights may be computed as the weights in the single-
pass algorithm. However, the current implementation of
the algorithm further compacts the bone by calculating the
secondary weights as the sum of the BVFs of the 2N-1
first-pass subvoxels whose locations are adjacent to that of
the second-pass subvoxel but outside the voxel (Fig. 5):

FIG. 4. Local connectivity for a central bone voxel (black) is defined
as the number of objects a particular pixel might connect, judging
from its eight nearest neighbors (26 neighbors in 3D). The connec-
tivity may be obtained by counting the number of isolated “islands”
of bone generated by reclassifying the central voxel as marrow. a:
Connectivity � 0. Reclassifying the central voxel does not discon-
nect any regions. b: Connectivity � 1. c: Connectivity �
2. Reclassification of the central voxel apparently disconnects the
bone voxels in the corners even though they might still be con-
nected outside the local neighborhood.

FIG. 5. The neighboring subvoxels applied to compute the weights
for each of the subvoxels in a 2D voxel after the first iteration in the
multiple-pass algorithm. The hatched subvoxels in a–d represent
the subvoxels whose intensities are summed to compute the weight
for subvoxels 0–3, respectively.
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wsecondary,s�x, y� � �
n�0

2N�2

BVFsubvoxel�2x � svxs � vxs,n, 2y � svys

� vys,n�, [9]

where (svxs, svys) is an additional offset for each subvoxel
relative to subvoxel 0. For example, the offsets for subvox-
els 0–3 for a 2D subvoxel are (0, 0), (1, 0), (1, 1), and (0, 1),
respectively. The factors of 2 in the indices of BVFsubvoxel

are necessary since there are twice as many subvoxels for
each dimension. Central subvoxels only require primary
weights, which are thus identical to the secondary
weights. For the boundary subvoxels, the secondary
weights are obtained in the same manner (Eq. [9]) but the
primary weights are set to zero:

wprimary,s�x, y�

� �
wsecondary,s�x, y�, subvoxel s in voxel �x, y�

is a central subvoxel
0, subvoxel s in voxel �x, y�

is a boundary subvoxel.

[10]

As was done in the single-pass algorithm, subvoxels are
sorted in order of decreasing primary weights, and those
with the same primary weight are further sorted according
to their secondary weights. Subvoxel BVFs are then com-

puted in a manner similar to the single-pass algorithm
using the following modified definitions:

BVFsubvoxel,n

� � min�1,
wprimary,n

wtotal,n
� BVFresidual,n� , n � B

min�1,
wsecondary,n

wtotal,n
� BVFresidual,n� , n � B

[11]

wtotal,n � � �
i�n

2N�1

wprimary,n, n � B

�
i�n

2N�1

wsecondary,n, n � B

, [12]

where B is the index of the first subvoxel that is not a
central subvoxel, i.e., the first voxel that has a zero primary
weight. BVFresidual is defined as in Eq. [6]. Since only the
central subvoxels have non-zero primary weights, the
boundary subvoxels are not assigned any bone unless all
the central subvoxels are assigned BVF � 1 (Fig. 3d).

METHODS
Simulated In Vivo Test Images

Images for evaluating subvoxel processing were generated
from six 3D �-CT images of a cylindrical human radius

FIG. 6. a: One of 416 cross-sectional slices of the unprocessed 3D �-CT image (22 � 22 � 22 �m3 voxel size) of one of the human radius
specimens. b: Cross section of the gold-standard BVF map (33 � 33 � 22 �m3 voxel size). Voxel intensity is proportional to BVF (i.e., black
indicates no bone). c: Cross section of the noiseless low-resolution BVF map (132 � 132 � 352 �m3 voxel size). d: Cross section of the test image
(132 � 132 � 352 �m3 voxel size, SNR � 10) e: Cross section of the result of applying fast BVF mapping applied to the image in d.
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specimen (Fig. 6a, 9 mm diameter and 9 mm length). The
images were acquired with an MS-8 Volume Micro-CT
system (Enhanced Visual Systems Corp., London, Canada)
or a �-CT 20 scanner (Scanco Medical, Bassersdorf, Swit-
zerland) at a voxel size of 22 � 22 � 22 �m3. They were
then binarized with a classification threshold halfway be-
tween the marrow and bone peaks in the voxel intensity
histogram. Subvoxel processing has been intended for ap-
plication to in vivo MR forearm images, which are cur-
rently acquired with a voxel size of 137 � 137 � 350 �m3.
Therefore, “gold standard” BVF maps (Fig. 6b) with a
voxel size of 33 � 33 � 22 �m3 were generated from each
of the six specimens by interpolation such that increasing
each voxel dimension by a factor of a power of 2 (i.e., a
factor of 4 for the x and y dimensions, and a factor of 16 for
the z direction) approximates the corresponding in vivo
voxel dimension. Low-resolution BVF maps (Fig. 6c) were

subsequently created by averaging neighboring voxels (4 �
4 � 16 voxels3) to yield a voxel size of 132 � 132 �
352 �m3.

To evaluate subvoxel processing in the presence of
noise, simulated 3D MR images were generated (Fig. 7d).
Since the MR signal from bone is negligible, the intensity
of each voxel in the absence of noise is proportional to its
marrow volume fraction (1-BVF):

I � �1 � BVF� � Imarrow [13]

where Imarrow is the intensity of a voxel that contains
marrow only. In the current work, Imarrow was arbitrarily
set to 100. Rician noise, the type of noise inherent to
magnitude MR images (8), was added to simulate an SNR
(defined as the ratio of the noise standard deviation in one
Gaussian channel over the signal) of 10. Thus, both the
resolution and the SNR were typical of in vivo MR images
of the forearm (9).

Evaluation of Accuracy—Subvoxel Processing vs. Trilinear
Interpolation

The accuracy of subvoxel processing was evaluated and
compared with trilinear interpolation using the noiseless
low-resolution BVF maps as input to the algorithms. Sub-
voxel processing was applied four times to each of the
low-resolution BVF maps to return the voxel size to that of
the gold standards. Each subvoxel processing iteration de-
creases voxel size by a factor of 2 in each dimension.
Therefore, groups of four voxels (2 � 2 voxel2) were aver-
aged in the x, y plane following the first and second iter-
ations so that the overall voxel size was reduced by a factor
of 4 in the x and y directions and by a factor of 16 in the z
direction. The accuracy was assessed by generating histo-
grams showing the fraction of subvoxels plotted vs. the
error, computed as subvoxel BVF minus the spatially cor-
responding voxel BVF in the high-resolution gold stan-
dards. Quantitative parameters derived from the histo-
grams include the fraction of subvoxels with zero error and
the mean absolute error.

To evaluate the effect of noise on accuracy, subvoxel
processing and trilinear interpolation were also applied to
the test images with SNR � 10. Since subvoxel processing
requires an estimate of the BVF in each voxel, the test
images were first processed with a fast BVF mapping tech-

FIG. 7. Cross sections of the radius obtained from in vivo forearm
images of (a) a 60-year-old (DEXA BMD L2-4 spine T-score � 0.3)
and (b) a 63-year-old (T-score � 1.11) woman. The images were
acquired at 1.5T using the fast large-angle spin-echo (FLASE) pulse
sequence (11) at a voxel size of 137 � 137 � 350 �m3. The subject
in part b has a higher number of trabeculae that are homogeneously
distributed, while the subject in part a has thicker trabeculae, which
are more numerous towards the periphery. In the current work, both
data sets were subvoxel-processed and projected in 3D to highlight
the differences in architecture.

Table 3
Comparison of Accuracy Between Subvoxel Processing and
Linear Interpolation for Infinite SNR

Specimen

Subvoxel
processing

Trilinear
interpolation

Mean
absolute

error

%
zero
error

Mean
absolute

error

%
zero
error

1 0.064 86.7% 0.16 30.9%
2 0.070 86.6% 0.15 32.2%
3 0.056 87.7% 0.17 35.6%
4 0.038 91.8% 0.11 49.8%
5 0.078 84.7% 0.19 25.8%
6 0.063 86.1% 0.21 27.0%
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nique (described in detail in Ref. 10) (Fig. 6e). Fast BVF
mapping was designed to accurately estimate voxel BVF
even in the presence of artifactual intensity shading
caused by spatially nonuniform coil sensitivity. The
method generates BVF maps at the original voxel size of
the input image, similarly to the BVF mapping technique
of Hwang and Wehrli (5). Trilinear interpolation was ap-
plied directly to the test images to demonstrate accuracy in
the worst-case scenario. Subvoxel BVF was then estimated
from the interpolated image as

BVF � 1 � I/Imarrow. [14]

Accuracy was assessed using error histograms and the
previously-described parameters.

Application to In Vivo MR Images

To illustrate the effectiveness of the method, subvoxel
processing was applied to two in vivo images of trabecular
bone (Fig. 7). The images were acquired in the distal radius
at 137 � 137 � 350 �m3 voxel size (9,11), and were first
processed with the fast BVF mapping technique. These
images were subsequently subvoxel-processed, binarized,
and projected to provide a visual impression of the trabec-
ular architecture.

RESULTS AND DISCUSSION

The parameters quantifying accuracy for all the processed
specimens are summarized in Tables 3 and 4, which show
the mean absolute error and the percent of subvoxels as-
signed correct BVF. The results for infinite SNR show that
85–92% of the subvoxels were assigned correct BVF by
subvoxel processing in comparison to only 26–50% using
trilinear interpolation. The improvement in accuracy is
even more striking at a realistic SNR of 10. Only 3–5% of

FIG. 8. Trilinear interpolation. a: Trilinear interpolation decreases the apparent voxel size of the low-resolution BVF map (Fig. 6c) to that of
the gold standard, but the low intensities demonstrate that BVF did not increase in any of the voxels. b: The blurring is particularly evident
when all voxels with BVF 	 0 are shown in white. c: The histogram of error shows that only 30.9% of the subvoxels have zero error (i.e.,
were assigned the correct BVF) and that the average absolute error was 17.72. d–f: The analogous images and histogram for the result of
applying trilinear interpolation to the test image with SNR � 10 (Fig. 6d). The grayscale in part d is different from the one in part a because
noise results in negative values. The histogram in part f shows that 
4% of the subvoxels were assigned correct BVF.

Table 4
Comparison of Accuracy Between Subvoxel Processing and
Linear Interpolation for SNR � 10

Specimen

Subvoxel
processing

Trilinear
interpolation

Mean
absolute

error

%
zero
error

Mean
absolute

error

%
zero
error

1 0.092 83.4% 0.18 3.9%
2 0.090 83.9% 0.17 4.0%
3 0.078 84.5% 0.19 4.0%
4 0.055 89.5% 0.14 5.1%
5 0.099 81.8% 0.21 3.3%
6 0.088 82.3% 0.22 3.2%
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subvoxels were assigned correct BVF by trilinear interpo-
lation. In contrast, 82–90% of the subvoxels were still
assigned correct BVF by subvoxel processing. The results
also show that the mean absolute error is two to three
times less for subvoxel processing than for trilinear inter-
polation at both SNR levels.

To visually demonstrate the accuracy of subvoxel pro-
cessing in comparison to trilinear interpolation, Fig. 6a
shows a cross section of one of the unprocessed images
while Fig. 6b–d shows the corresponding gold-standard
BVF map, noiseless low-resolution BVF map, and test
image with SNR � 10. Fast BVF mapping removes back-
ground noise, but there is still extensive partial volume
blurring (Fig. 6e). Although trilinear interpolation pro-
duces smoother images (Fig. 8a and d), blurring is evident,
especially after thresholding the BVF maps such that all
voxels with BVF 	 0 appear white (Fig. 8b and e). The
error histograms (Fig. 8c and f) show that even in the
noiseless case, the mean absolute error was 0.16 and only
31% of the subvoxels were assigned the correct BVF. At
SNR � 10, fewer than 4% of the subvoxels were error-free.
Furthermore, the low intensities of the BVF maps indicate
that none of the voxel BVFs have increased. In contrast,
the results of subvoxel processing (Fig. 9a and d) are de-
void of blurring and are nearly identical to the thresholded
images (Fig. 9b and e). The similarity between the gold

standard and the processed test image is striking, espe-
cially given the low resolution and SNR of the unproc-
essed test image (Fig. 6d).

The multiple-pass algorithm exacts a penalty in compu-
tation time. One alternative that has been investigated is
the modified single-pass algorithm, which assigns primary
and secondary weights during the first pass. For example,
a zero primary weight may be assigned to subvoxels that
do not have at least one bone-containing voxel “attracting”
bone to all of its exposed sides. For example, the boundary
subvoxels in Fig. 10 are assigned a primary weight of zero
since they all have one side that lacks a bone-containing
voxel. All the bone is thus shifted to the central subvoxels
(Fig. 10). Similarly, subvoxel d from the first example in
Fig. 1 is assigned a zero primary weight by the modified
algorithm since it has no voxels attracting bone from the
left. Although the modified single-pass algorithm helps
keep the trabeculae from becoming diffuse, preliminary
results confirm that the multiple-pass algorithm is more
effective in providing a compact solution.

A demonstration of the potential of subvoxel processing
for enhancing images in the low-resolution regime is given
in Fig. 11, which shows 3D projections of subvoxel-pro-
cessed 3D in vivo images of the human radius. The aniso-
tropic tubular structure, suggesting a predominance of tra-
beculae along the direction of principal loading, is well

FIG. 9. Subvoxel processing. a: The result of applying subvoxel processing to the noiseless low-resolution BVF map in Fig. 6b demon-
strates an increase in apparent resolution without blurring trabeculae. b: The BVF map was binarized by displaying all subvoxels with BVF 	
0 in white to accentuate any blurring. The binarized image looks nearly identical to the BVF map in part a since blurring is essentially
nonexistent. c: The error histogram. d–f: The analogous images and error histogram for the result of applying fast BVF mapping and
subvoxel processing to the test image with SNR � 10 (Fig. 6d). The error histograms show that classification accuracy is very nearly the
same at infinite SNR (c) and at SNR � 10 (f).
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visualized. It should be noted that even with the most
advanced technology it is currently not possible to obtain
images of trabecular architecture in vivo at a resolution
better than trabecular thickness. In the distal radius, voxel
sizes reported by MR range from 5.5 � 10–3 mm3 (9) to
12 � 10–3 mm3 (3), corresponding to a mean linear reso-
lution of 187 and 257 �m, respectively. In peripheral
quantitative CT (p-QCT) of the wrist, the smallest reported
voxel size is 160 �m (12). However, the point-spread func-
tion is considerably wider in CT than in MR, resulting in
an effective resolution closer to 300 �m. Realizing the
limitations of image resolution, Majumdar et al. (3) re-
ferred to the derived histomorphometric measures as “ap-
parent.” Müller et al. (13) demonstrated excellent serial
reproducibility in histomorphometric parameters obtained
in vivo in the distal radius of test subjects by p-QCT,
although the reported trabecular thickness values were
overestimated by at least a factor of 2. While apparent
histomorphometric measures may still be useful as long as
they track true variations in these parameters, analytical
approaches aimed at deriving topological parameters (14–
17) are unlikely to yield meaningful parameters at in vivo
resolution without enhancement of the apparent resolu-
tion.

Subvoxel processing was recently applied to MR images
of the distal radius in a study of 79 women with varying
degrees of osteopenia (18). The subvoxel-processed bone
volume fraction maps were subsequently subjected to dig-
ital topological analysis (15,16) as a means of characteriz-
ing the connectivity of the trabecular network. The result-
ing data showed that the structural parameters better dis-
criminated women who had sustained vertebral fractures
from those who had not.

CONCLUSIONS

In summary, a method has been presented that greatly
alleviates the effects of partial volume blurring in tomo-
graphic images of binary systems, i.e., objects possessing
only two discrete materials. The results suggest that accu-
rate structural information for characterizing trabecular
bone architecture may be possible on the basis of MR
images acquired in vivo. Such information has previously
only been obtainable by histomorphometry or microscopic
imaging in bone specimens and biopsies. The new algo-
rithm may therefore facilitate the noninvasive quantifica- tion of trabecular architecture for predicting fracture risk

or for monitoring the efficacy of therapy.
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