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Abstract
Purpose To propose an MR-based method for generating
continuous-valued head attenuation maps and to assess its
accuracy and reproducibility. Demonstrating that novel MR-
based photon attenuation correctionmethods are both accurate
and reproducible is essential prior to using them routinely in
research and clinical studies on integrated PET/MR scanners.
Methods Continuous-valued linear attenuation coefficientmaps
(Bμ-maps^) were generated by combining atlases that provided
the prior probability of voxel positions belonging to a certain
tissue class (air, soft tissue, or bone) and an MR intensity-based
likelihood classifier to produce posterior probability maps of
tissue classes. These probabilities were used as weights to gen-
erate the μ-maps. The accuracy of this probabilistic atlas-based
continuous-valued μ-map (BPAC-map^) generation method was
assessed by calculating the voxel-wise absolute relative change
(RC) between the MR-based and scaled CT-based attenuation-
corrected PET images. To assess reproducibility, we performed

pair-wise comparisons of the RC values obtained from the PET
images reconstructed using the μ-maps generated from the data
acquired at three time points.
Results The proposedmethod produced continuous-valued μ-
maps that qualitatively reflected the variable anatomy in pa-
tients with brain tumor and agreed well with the scaled CT-
based μ-maps. The absolute RC comparing the resulting PET
volumes was 1.76 ± 2.33 %, quantitatively demonstrating that
the method is accurate. Additionally, we also showed that the
method is highly reproducible, the mean RC value for the PET
images reconstructed using the μ-maps obtained at the three
visits being 0.65 ± 0.95 %.
Conclusion Accurate and highly reproducible continuous-
valued head μ-maps can be generated from MR data using a
probabilistic atlas-based approach.

Keywords Attenuation correction . Reproducibility . PET/
MR . Probabilistic atlas

Introduction

Recently, there has been growing interest in the development
and application of integrated PET/MR scanners. The ability to
simultaneously acquire MR and PET data could particularly
benefit brain imaging studies [1–3]. However, to accurately
quantify PET radiotracer activity, a method to derive subject-
specific voxel-wise linear attenuation coefficient (LAC) maps
(Bμ-maps^) is needed to perform precise 511-keV photon at-
tenuation correction. The limited physical space inside inte-
grated PET/MR scanners, and the need to reduce the acquisi-
tion time and radiation exposuremake the implementation and
routine use of a standard attenuation correction method that
employs a transmission source extremely difficult [1] and al-
ternative strategies are needed for deriving μ-maps from the
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MRdata. This is a challenging task because theMR images do
not reflect the tissue electron density needed for this purpose.

The current MR-based μ-map generation methods can be
divided into three main classes: segmentation-based, atlas-
based and machine learning-based methods [4, 5], each with
its advantages and disadvantages. For example, while
segmentation-based and machine learning-based methods
provide algorithms for mapping MR intensities to LACmaps,
enabling the μ-map produced to take into account variability
in the local anatomy, the heterogeneity of MR signal intensi-
ties both within the image and across scanners can lead to
inaccuracies in μ-map generation and difficulties in the gen-
eralization of the method to multiple institutions [6–11].
Segmentation approaches in which a discrete number of
LACs are assigned to only a few classes cannot accurately
reflect the variable attenuating properties of human tissue,
especially at the boundaries between these classes [4, 12,
13]; the accuracy of these methods may also be dependent
on the accuracy of the MR pulse sequences used [14]. Atlas-
based methods, on the other hand, coupled with an accurate
registration method, can warp a predefined atlas, such as that
constructed from Bgold standard^ CT images, to each individ-
ual subject [5]. In this case, however, the main drawback is the
inability of the atlas to account for local anatomical variations
in each subject, such as those encountered in patients who
have undergone neurosurgery [4].

We have previously implemented two MR-based μ-map es-
timation methods using dual-echo ultrashort echo time (UTE)
images either alone or in combination with magnetization-
prepared rapid acquisition gradient-echo (MPRAGE) morpho-
logical MR images to segment the most relevant classes (i.e.,
bone, soft tissue, and air cavities) [6, 7]. By assigning known
LACs to each voxel class, μ-maps were generated from these
segmented images. These μ-maps were shown to agree well
with those generated by segmenting the corresponding CT im-
ages – the Bsilver standard^ approach [6, 7]. However, bias was
still present in the PET images reconstructed using these seg-
mented maps compared with those obtained using the Bgold
standard^ – the scaled CT approach [6]. Moreover, for μ-maps
to be generated reliably, a method must be not only accurate but
also reproducible. In other words, very similar μ-maps should
be obtained from different datasets acquired from the same sub-
ject in the absence of anatomy-modifying physiological or path-
ological changes or surgical interventions.

Our first goal in this work was to improve the accuracy of
the previously proposed method [7] by extending it to gener-
ate probabilistic atlas-based continuous-valued μ-maps
(BPAC-maps^) using both atlas registration and a trained prob-
abilistic classifier that incorporates local anatomical informa-
tion. By combining the strengths of both segmentation-based
and atlas-based methods, an MR-based μ-map that agrees
well with the Bgold standard^ and takes into account the
subject-specific anatomical variability can be obtained [15].

The second goal of this work was to assess the reproducibility
of the PAC-map generation method. To the best of our knowl-
edge, there have been no previous studies that have specifi-
cally addressed reproducibility of head MR-based μ-map es-
timation methods, and other reproducibility studies have only
focused on other body regions (e.g., carotids [16]). We inves-
tigated the reproducibility by comparing the μ-maps produced
from MR data acquired at different time points and the PET
images reconstructed using attenuation correction factors de-
rived from these μ-maps.

Materials and methods

Data acquisition

The pipeline for generating the atlas and the μ-map is shown in
Fig. 1. Simultaneously acquired PET/MR data and separately
acquired head-only CT data from 13 patients with glioblastoma
were retrospectively used in this work for the construction of
the probabilistic atlas and classifier and for evaluating the ac-
curacy of the PAC-map generation method. There was substan-
tial variability in tumor size (longest axis from 1 to 7 cm) and
location, as well as intrasubject and intersubject heterogeneity
in the MR images. One subject was removed from this study
during method evaluation due to mismatch between the MR
and PET data. The reproducibility of the PAC-map method
was investigated using data from nine of these subjects who
underwent PET/MR examinations at three time points. The
study was approved by the local Institutional Review Board.

The imaging data acquisition protocols have been de-
scribed in detail in by Poynton et al. [7]. Briefly, the CT data
were acquired using a LightSpeed QX/I scanner (GE
Healthcare) with the following protocol performed within
1 month of the first PET/MR scan: 140 kVp, 150 mAs,
512 × 512 in-plane voxels (0.492 × 0.492 mm to 0.668 ×
0.668 mm), 87 – 104 2.5-mm2 slices [7]. To prevent erroneous
tissue class classification during atlas training (which is a pos-
sibility when anatomical mismatches between the MR and CT
data are present), no patients who underwent surgical proce-
dures that altered the anatomy of the head between the two
examinations were enrolled. Similarly, no surgical procedures
were performed between the three PET/MR visits. MR and
PET data were acquired simultaneously on a MAGNETOM
Trio 3-T human MRI scanner (Siemens Healthcare) with a
prototype brain PET scanner insert (BBrainPET^). The
BrainPET has a transaxial/axial view of 32/19.25 cm,
allowing full brain coverage in a single bed position [17].
Dual-echo UTE and T1-weighted MPRAGE MR data (256
slices with 256 × 256 voxels, 1 mm3 isotropic) were collected
for each subject. PET data acquisition in list-mode format was
started shortly before administration of about 180 MBq of
[18F]fluorodeoxyglucose (FDG), sorted and compressed
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axially in the sinogram space for fast reconstruction [18].
Static frames for the period 40 – 60 min after injection were
reconstructed using an ordered-subsets expectation maximiza-
tion (OSEM) algorithm and corrected for random coinci-
dences [19], detector sensitivity, scatter [20], and attenuation
to obtain a final volume of 153 slices with 256 × 256 voxels,
1.25 × 1.25 × 1.25 mm isotropic. All subsequent analyses for
accuracy and reproducibility were performed in the PET
space.

Probabilistic atlas and classifier construction

The atlas was constructed following the approach described
by Poynton et al. [7]. Briefly, using the FMRIB Software
Library program (Oxford Centre for Functional MRI of the
Brain) [21, 22], the CT images were rigidly registered (six
degrees of freedom, cost function: mutual information) to each
subject’s intensity-normalized (FreeSurfer normalization [23])
MPRAGE images. Next, the MPRAGE and dual-echo UTE
MR images were registered (12 degrees of freedom, cost func-
tion: normalized correlation ratio) to the Montreal
Neurological Institute (MNI) 152 T1 atlas [24] and the same
coregistration parameters were applied to the CT images.
Linear interpolation was the method of choice for reslicing
all anatomical MR and CT images after coregistration. The
registered CT images were then segmented into three distinct
tissue classes (soft tissue, bone, and air; Fig. 1a) and the data
from all the subjects were combined to generate three proba-
bilistic tissue class atlases. These atlases, when coregistered to
the MPRAGE of a new subject, would provide probabilistic a
priori information of the tissue class (Lm) segmentation at a
given voxel Xn in the form P(Lm | Xn) = k/N, where k is the
number of occurrences of the tissue class and N is the total
number of subjects in the training atlas (Fig. 1c).

To construct the likelihood matrices for each tissue class,
the MR images (MPRAGE and two dual-echo UTE images
transformed as described by Catana et al. [6]; Fig. 1b) of each
subject were masked by the corresponding CT segmentation,
and the MR intensity triplets for each voxel were
histogrammed to form a 3D histogram. The histograms were
aggregated across all subjects to give the probability P(Ii, Ij,
Ik | Lm) that a voxel belonging to a certain tissue class Lm
would belong to a certain histogram bin {Ii, Ij, Ik}, where i, j
and k represent the three MR images described previously
(Fig. 1d). A Bleave-one-out^ framework was used to construct
13 separate atlases such that none of the subjects was used
simultaneously as a test subject and training dataset.

Attenuation map generation

For each test subject, the dual-echo UTE images were first
registered to the MPRAGE images using SPM8 [25] with a
12 degrees of freedom transformation and then combined (as

described by Catana et al. [6]) to enhance the signal from bone
and air, respectively (Fig. 1e). The constructed atlas was also
registered with SPM8 to the subject’s MPRAGE images. The
posterior probabilities of each tissue class at each voxel were
then generated through a Bayesian combination of the a priori
atlas information P(Lm | Xn) and the likelihoods of MR image
intensities belonging to a certain tissue class P(Ii, Ij, Ik | Lm;
Fig. 1f):
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The posterior probabilities P(Lm | Ii, Ij, Ik; Fig. 1g) obtained
were weighted with the empirically derived LACs of 0,
0.0973 and 0.1593 cm−1 (the nonzero values were the mean
LACs obtained from the segmentation of the training data-
scaled CT maps) for air, soft tissue and bone, respectively, to
obtain the continuous-valued LAC values inside a subject-
specific MPRAGE-derived head mask (Fig. 1h). Voxels out-
side the head mask were assigned a LAC of 0. Scaled CT-
based μ-maps were obtained from each subject’s CT data by
scaling the Hounsfield units in the CT images according to the
bilinear approach described by Burger et al. [26]. These maps
were the Bgold standard^ for assessing the accuracy of the
PAC-map generation method.

Evaluation of the accuracy of the PAC-map generation
method

We investigated the bias in PET data quantification by com-
paring the PET images reconstructed using theμ-maps obtain-
ed using the PAC-map method and the scaled CT approach.
The radiofrequency coil μ-map (derived from a CTscan of the
coil), stationary in the PET field of view, was added to the
head μ-map to produce the final μ-map for a subject, which
was then smoothed with a gaussian kernel (4 mm full-width at
half-maximum) to match the BrainPET scanner’s spatial res-
olution. The smoothed μ-map was forward projected and
exponentiated to generate the attenuation correction factor
sinogram. To assess the accuracy of the reconstructed PET
images, the relative changes (RC) for all brain voxels were
calculated using the equation RC = 100 × (PETMR − PETCT)/
PETCT, where PETCT and PETMR denote the values from the
PET images reconstructed using scaled CT μ-maps and PAC-
maps, respectively, for attenuation correction. The means and
standard deviations of the absolute RC values in the brain
voxels represent the bias and variability used to evaluate the
proposed method. Bland-Altman plots comparing PETMR and
PETCT values, converted to standard uptake values (SUVs),
for all brain voxels were also generated. The regional accuracy
of the proposed method was also evaluated in ten brain re-
gions of interest defined using an automated anatomical
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labeling-based atlas [27] and warped using the diffeomorphic
anatomical registration using the exponentiated Lie algebra
(DARTEL) method in SPM8 [28] to each individual patient
and resliced with a nearest-neighbor scheme.

Evaluation of the reproducibility of the PAC-map
generation method

Data from nine patients who had undergone three PET/MR
scans within a 10-day period were used to assess the repro-
ducibility of the proposed method. The PET emission data
acquired at the first visit were reconstructed three times, in
each case using a μ-map generated from the coregistered data

acquired at a different visit (the resulting PET images were
denoted PETMR1, PETMR2, and PETMR3). Absolute RC values
and Bland-Altman plots (PETMR1, PETMR2, and PETMR3

values converted to SUVs) were calculated and plotted for
the pair-wise comparisons of brain voxels from between the
first and second, the first and third, and the second and third
visits. Voxel-wise paired t-testing was carried out on each of
the pair-wise comparisons using SPM8 software. PET emis-
sion volumes were first warped into MNI space and smoothed
using a 10 × 10 × 10 mm gaussian kernel. We chose a more
stringent p value of <0.001, uncorrected for multiple compar-
isons, as the threshold for this test. Clusters were identified if
the voxel number k was >5. In addition, the overall accuracy

Fig. 1 The μ-map generation pipeline. In addition to the mathematical
variables provided in the figure, explanations of the acronyms and
abbreviations used are provided in the text. MPRAGE magnetization-

prepared rapid acquisition gradient-echo, UTE ultrashort echo time,
UTEtr intensity-transformed UTE, Coreg. coregistration
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of the PET images was quantified for all brain voxels for each
patient visit by calculating the RC values between each of the
resulting PET images (PETMR1, PETMR2, and PETMR3) and
PETCT images. For all three comparisons, the means and stan-
dard deviations for absolute RC values in the brain voxels of
each subject were computed.

Results

Accuracy of the PAC-map generation method

The CT-based μ-maps and PAC-maps for a representative
subject are shown in Fig. 2 (and transverse slices of the μ-
maps for two additional subjects are provided in the
Supplementary Data). The PET images reconstructed using
the twomethods for the same representative subject are shown
in the two left panel of Fig. 3 and the RC map is shown in the
right panel. The effect of the linear combination of posterior
probabilities was most evident in voxels near the sinus (a
region with a mixture of multiple tissue types and varying
attenuating properties), where the LACs assigned were be-
tween the values corresponding to air and soft tissue. Across
all subjects, the bias and variability were on average 1.76 %
and 2.33 %, respectively. For the specific subject shown in
Fig. 3, the bias and variability were 1.38 % and 1.44 %. The
Bland-Altman plot for the voxel-based analyses comparing
the PET activity reconstructed with the proposed method
and the scaled CT method are shown in Fig. 4. The RC values
for voxels in each of the ten brain regions of interest are shown
in Fig. 5. Relatively greater RC bias and variability were

observed in smaller cortical regions or those closer to regions
with complex tissue composition, such as the base of the skull
and sinus regions.

Reproducibility of the PAC-map generation method

Representative PAC-maps for three visits in one subject are
shown in Fig. 6, while the PET reconstructions and the corre-
sponding RC maps are shown in Fig. 7. The μ-maps from the
three visits showed good overall agreement. The sinus region,
an area with complex tissue class composition, as well as the
skull anatomical abnormalities, were also in agreement across
visits. PET reconstructions from the three visits also showed
similar RCs, with higher values in the cerebellar and inferior
cortical regions of the brain consistently across visits. For each
of the three visits, the mean bias and variability were 1.73 ±
2.29 %, 1.88 ± 2.41 %, and 1.66 ± 2.22 % for the nine subjects
analyzed. For the particular subject shown in Figs. 6 and 7, the
values were 1.38 ± 1.44 %, 1.25 ± 1.30 %, and 1.44 ± 1.49 %.

The RC maps from the pair-wise comparisons among the
three MR-based PET reconstructions are shown in Fig. 8. All
the RC maps in Fig. 8 showed lower absolute values than the
maps shown in Fig. 7. Across all subjects, the mean absolute RC
for the pair-wise comparisons was 0.65 ± 0.95 %. For the partic-
ular subject shown in Fig. 6, the values were 0.71 ± 0.69 %. The
Bland-Altman plots for the voxel-based analyses in all three pair-
wise comparisons are shown in Fig. 9, with no obvious skew
towards the upper or lower portions of the plots. From the voxel-
wise paired t tests, only two clusters in the cerebellar region
exceeded the threshold (p < 0.001 uncorrected) comparing visits

Fig 2 Representative μ-maps, in
the sagittal and transverse
orientations, derived from the
scaled CT method (a) and the
PAC-map generation method (b)
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1 and 3; no other significantly different clusters were identified
for other pair-wise comparisons.

Discussion

In this work, we assessed the accuracy and reproducibility of a
novel PAC-map generation method. Unlike pure atlas-based
methods [4], the novel procedure incorporated elements from
both atlas-based and segmentation-based methods, a combi-
nation of features that yielded a method robust to local ana-
tomical anomalies. In our previous work [7], we used this
probabilistic atlas-based approach to produce segmented μ-
maps and have shown that these agree well with segmented
CT μ-maps. The PAC-map generation method on the other
hand has the potential to produce results comparable to the
Bgold standard^ scaled CT method. The μ-maps generated
with the proposed method and the corresponding PET recon-
structions showed overall agreement with those obtained
using the gold standard (Fig. 3); in particular, while atlas-
based methods such as those described by Hofmann et al.

[8] andMalone et al. [8, 29] may base LAC assignment heavi-
ly on the anatomical information of the atlas and rely on ac-
curate registration to the subject, with the addition of MR
intensity-based likelihood matrices that are independent of
the subject’s anatomy and physiology, the μ-maps generated
by the method described here demonstrated the ability of the
method to take into account local anatomical variation, as
shown by the anatomical irregularities (i.e., subject-specific
anatomy not exhibited in the atlas) apparent in a representative
subject (Fig. 2). The sinus regions, with a mix of different
tissue types, were also accurately represented. The voxel-
based analysis of the RC in brain regions also supported this
observation, showing bias and variability within 5 % and even
lower values for most of the cerebrum.

Pure machine learning-based methods, such as those
employing gaussian mixture models [9, 10] or support vector
machines [11], are difficult to generalize to data acquired on
different scanners due to variability in MR image intensities. In
contrast, the proposed method could relatively easily be applied
to data acquired on different scanners. In spite of the MR signal
intensity variability among different scanners, customized
atlases and likelihood matrices could be constructed from these
data to produce continuous μ-maps specifically for each

Fig 3 Representative PET images reconstructed with attenuation correction μ-maps derived from the scaled CT method (PETCT, a) and the PAC-map
generation method (PETMR, b). The corresponding relative change map between the two PET reconstructions is shown in c

Fig 4 Bland-Altman plot for comparison between PETCT and PETMR (in
SUVs) of all brain voxels for all subjects. The difference and average of all
voxelswere calculated and sorted into a histogram; the bar shows the density of
voxels in each histogram bin; the dashed lines indicate the 2σ limits
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scanner. Moreover, this customizability also allows more flex-
ibility in terms of tissue class selection, or even pulse sequence
substitution (such as using zero-echo-time sequences [30] in-
stead of dual-echo UTE). As shown in this work, continuous-
valued μ-maps are generated from a hybrid segmentation and
atlas-basedmethod using a three-tissue class CT-based segmen-
tation, avoiding reliance on either MR intensity-derived infor-
mation or atlas prior probabilities alone.

We then investigated the reproducibility of the PAC-map
generation method by qualitatively assessing the μ-maps and
PET images generated at different time points. The μ-maps
from the three visits agreed with each other upon visual

inspection (Fig. 6). Similarly, the PETMR images shown in
Fig. 7 (top row) are similar to the PETCT images shown in
Fig. 3. Quantitatively, the RC maps shown in Fig. 7 (bottom
row) also suggest similar RC patterns in the PETMR data across
visits. Minimal bias was observed in the RC maps from com-
parisons between PETCT and each of the three PETMR values
and even lower bias was observed for those calculated from
pair-wise comparisons of the three PETMR reconstructions in
each subject. The overall voxel-wise agreement among the
three visits can also be appreciated from the Bland-Altman
plots. Comparing Figs. 4 and 9, it is evident that the distribution
of the differences between the pair-wise PETMR values is

Fig. 7 Data from the same subject at three different visits in
chronological order from left to right: a PET reconstructions with
attenuation correction from μ-maps using the PAC-map generation

method; b corresponding relative change maps between reconstructions
using the proposed method and the Bgold standard^ scaled CT method

Fig. 6 Representative μ-maps in
the sagittal and transverse
orientations derived from the
PAC-map generation method.
The μ-maps are from the same
subject but with MR data
collected from separate visits in
chronological order from left to
right. All three visits were used
jointly for assessment of the
reproducibility of the method
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narrower than that of the differences between the PETCT and
PETMR voxels, attesting to the reproducibility of the method.
The paired t tests for the pair-wise comparisons of the PET
reconstructions showed no significant differences at p < 0.001
(uncorrected) except for the two cerebellar clusters identified in
one comparison. Although we focused on investigating the
impact of PAC-maps on the static PET reconstructions (similar
to those routinely used clinically), their influence on the para-
metric images generated from the dynamic data is likely more
complex and warrants further investigation.

In principle, the proposed μ-map generation method could
be extended to other body regions. One obvious challenge is
obtaining good-quality MR data over a larger field of view
using dual-echo UTE sequences. Additionally, the
coregistration task would be more challenging because of the
higher intersubject variability in organs and body shape and
size. To address this issue, either more accurate coregistration
methods or patch-based methods [31] could be used.

One limitation of the current implementation is that it is
challenging to accurately characterize all the tissue types for
atlas and likelihood matrix generation. For example, in the
probabilistic three-tissue compartment segmented atlas used in
this work, bone marrow was classified together with cortical
bone although it has different attenuating properties. However,
similar to other methods that use more than three tissue classes
for segmentation [12, 32], the atlas generation method could
also be modified to allow for a larger number of tissue classes
and to select different Hounsfield unit cut-off values for various
tissue classes. For example, although μ-maps generated using
atlases composed of five tissue classes demonstrate promising
results (data not shown), one goal of this work was to assess the
feasibility of generating continuous-valued μ-maps from the
combination of segmentation and atlas-based approaches and
thus, similar to other works that have evaluated the effect of
tissue class selection [33, 34], further studies are needed to
determine the optimal combination. Selection of proper LAC
values to weigh the posterior probabilities may also be impor-
tant in obtaining the optimal combination forμ-map generation.
We tried to assess the accuracy of μ-maps generated with vary-
ing bone and soft tissue LAC weights, but observed only mar-
ginal improvement in accuracy compared to the current LAC
selection (data not shown).

Fig. 9 Bland-Altman plots for pair-wise comparisons of the PET
reconstructions (PETMR1, PETMR2, PETMR3; in standardized uptake
values, SUV) of all brain voxels in all subjects, where the MR data
were obtained during three different visits. The dashed lines indicate
the 2σ limits

Fig. 8 Relative change maps
from pair-wise comparisons of the
PET reconstructions in the same
representative subject
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Another limitation of the proposed method is in the way
regions with complex tissue composition are represented. As
shown in Fig. 5, regions adjacent to the base of the skull or
sinuses have in general higher bias and variability than other
regions. The optimal combination suggested above could fur-
ther improve the accuracy of the proposed method, reducing
RC bias and variability compared with those reported using the
current combination. Finally, the limited number of datasets
used to generate the atlas and likelihood matrix could have
affected the reliability of the method, as the a priori information
from which the tissue class posterior probabilities were derived
highly depended on the anatomy of the training dataset.

Conclusion

In integrated PET/MRI scanners, an accurate and reproducible
MR-based method to generate μ-maps similar to those obtain-
ed using the Bgold standard^ is needed for quantitative PET
studies. Here, we introduced a continuous-valued μ-map gen-
eration method to extend our previous work in which a μ-map
with a limited number of discrete tissue classes was proposed.
This probabilistic atlas-based approach combines the
strengths of voxel-based segmentation methods and atlas-
based methods to take into account local anatomical variabil-
ity. This μ-map generation method was shown to be accurate
to within 2 % compared with the CT-based method and repro-
ducible within 1 %.
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