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ABSTRACT

This paper presents a new methodology providing the first
step towards generating attenuation maps for PET/MR sys-
tems based solely on MR information. The new method
segments and classifies the attenuation-differing regions of
the patient’s pelvis based on acquired 77- and 75-weighted
MR data sets and anatomical-based knowledge by comput-
ing the tissue specific 77 and 75 relaxation times, using a
robust implementation of the weighted fuzzy C-means algo-
rithm and applying a novel process to detect bones. We have
demonstrated the feasibility of this approach by correctly seg-
menting and classifying six differing regions of structural and
anatomical importance: fat, muscle, prostate, air, background
and bones.

Index Terms— MRI, attenuation, correction, 77 and 75
relaxation times, prostate, classification.

1. INTRODUCTION

Prostate cancer is the most commonly diagnosed cancer in
men and a leading cause of cancer death worldwide [1]. To
visualize, diagnose and evaluate prostate cancer, MRI is cur-
rently the imaging modality of choice due to its high tissue
contrast, high resolution and ability to simultaneously image
functional parameters. However, on the MR images, it is rel-
atively difficult to detect cancer spread to the lymph nodes
and the bones. Positron Emission Tomography / Computer
Tomography (PET/CT) is considered as the gold standard to
this end, but with the arrival of hybrid PET/MR systems and
the advantages that MR represents with respect to CT, this
is likely to change in the near future [2]. Nevertheless, the
change cannot take place if an accurate method to generate the
photon attenuation maps (pmaps), used for the reconstruction
of PET images from MR information, is not designed. Differ-
ent methods have been developed [3] [4] [5], but we will focus
on voxel-based methods which attempt to derive the pmaps
based on local information alone [5]. Unfortunately, there
is no simple relation between MR image intensity and atten-
uation coefficients (ACs) [6]. Therefore, techniques apply-
ing a direct-mapping based on histogram matching produce
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pmaps with serious artefacts [7]. Thus, a natural extension
of voxel-based methods is the intermediate step of image seg-
mentation and classification [5], where ACs are assigned to
the different image compartments [6]. These methods can be
divided into two categories: the ones using spin-echo based
sequences and those using special sequences. Methods us-
ing spin-echo based sequences to acquire proton density, 77 -
and T,-weighted MR images present one particular down-
side; signal intensities do not have any direct correspondence
with the attenuation coefficients of the corresponding tissues.
Moreover, the lack of image intensity standardization results
in different transformation from tissue properties to image in-
tensities [8]; the result is that the distribution of image in-
tensities changes considerably from scan to scan [9] and the
methods become scanner dependent. On the other hand, even
if methods using special sequences bring in a meaningful sig-
nal from tissues producing no signal with conventional se-
quences (such as cortical bone), special sequences are not
available in most of the commercial scanners and their im-
plementation requires not only software updates, but mayor
hardware modifications. To the best of our knowledge, most
of these studies have been applied in brain and thorax imag-
ing [3] [4] [5] and little efforts have been made to create accu-
rate attenuation maps for prostate imaging. We propose a ro-
bust and automatic method based on the intrinsic parameters
T:- and Th-relaxation times of tissues and anatomical knowl-
edge to create accurate attenuation maps at the level of the
pelvis with six regions: fat, muscle, prostate, air, background
and bones. Our method does not require special sequences
to extract bones neither does it depend on voxel intensities.
Therefore, it is scanner independent and can be implemented
on any system.

2. METHODOLOGY

In order to carry out the segmentation and classification of
the different tissues present in an image, the developed ap-
proach exploits the information obtained from different stan-
dard MRI sequences. The sequences are used to obtain T1-
weighted and T2-weighted images in order to compute the T
and Ty maps. These maps serve as the input of the algorithm
used for segmentation. Finally, the regions of the segmented
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image are compared with a priori knowledge to perform clas-
sification. The final image contains the labels and boundaries
of the various tissues within.

2.1. Image Acquisition

The images were acquired with a 3T Trio TIM clinical scan-
ner (Siemens Medical Solutions, Germany) using a phased
array body coil. Two healthy volunteers (22 and 42 years old)
had given their informed consent to participate in the study,
which had been approved by the local institutional review
board. Four axial slices were acquired for both T; and T
measurements with the same field of view (FOV), resolu-
tion and position at the level of the pelvis in order to avoid
registration between T; and T, relaxation maps (Fig.1).

2.2. T1 Measurement

An inversion recovery-prepared turbo spin echo (T'SFE) was
acquired at eight inversion times (7'I) : 50, 200, 400, 700,
1200, 2000, 5000, 7860 ms to obtain the T1-weighted im-
ages. The TI were chosen to assure maximum contrast among
tissues and to cover the whole span of 7} relaxation times of
tissues present in the slice section: muscle (1412 ms), fat (382
ms) and prostate (1597 ms) [10] [11]. Other parameters were:
repetition time ('R = 16000 ms), echo time (T'E) = 7.7 ms),
echo train length (FT'L = 7), FOV (252 x 384 mm), number
of excitation (N EX = 1), size of matrix (168 x 256), dimen-
sion of voxels (1.5 x 1.5 x 10 mm?) and a resolution of 0.667
pixels/mm. The longitudinal relaxation time, 7, was calcu-
lated from a magnitude monoexponential fit (Eq. (1) ) to the
signal recovery data for each voxel using the bisquare non-
linear least squares fitting method implemented in-house in
Matlab (The Mathworks, Natick, MA. Version 2012b) scripts.
A three-parameter model was used, with 77, the equilibrium
magnetization (S,) and the inversion efficiency («) included
as variable fitting parameters:

S(TI) = |Sy(1 — ce™ T/ 1)) (D

The use of along TR ( > 577 of the longest 73 of the tissues)
allowed the fit to Eq. (1), since the longitudinal magnetization
fully recovers before another repetition of the sequence is ap-
plied [12]. The fit was computed with the absolute values of
Eq. (1) because these particular sequences provide magnitude
images. To eliminate the influence of noise during the fit,
the algorithm reduces the weight of outliers using bisquare
weights and keeps fits with a good of fitness (Rsquare) Of at
least 0.85 (Rsquare values representing accurately > 85% of
the measures).

To minimize the fitting time, the algorithm automatically
extracts the background from the images and only fits to the
region of the body. This is achieved by creating a binary im-
age from the longest TI image with a threshold of 4% of the
highest voxel intensity (at this TI the tissues have recovered
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Fig. 1. Example of a T1-weighted axial slice at the level of
the pelvis.
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Fig. 2. T; and T2 maps for volunteer 2.

their longitudinal magnetization and their intensity is max-
imum) and by keeping the region with the highest number
of voxels. Likewise, the fitting time was reduced by setting
the lower (S,, = 1, oy = 1, T3, = 0.5) and the upper
(S,, = 50000, o, = 2, T1, = 3000) constraints of coef-
ficients. Fig. 2a shows the calculated T; map.

2.3. T2 Measurement

The transverse relaxation time 75 was measured using a 32-
echo spin echo sequence acquired with TE from 8.8 to 281.6
ms in 8.8 ms steps and with a TR of 5000 ms. The same
values for FOV, NEX, matrix size and voxel’s dimension were
defined as the 77 acquisition. A monoexponential fit using
again the bisquare nonlinear least squares fitting method was
applied to the data. A three parameter model (Eq. (2) ) was
used with T3, S, and the y-offset (C') as fitting parameters:

S(TE) = S,eT?/T2 4 ¢ 2)

The fit was calculated only in voxels belonging to the region
of the body defined during the T processing. The fits of vox-
els with R,gyqre > 85% were kept. The bound constraints co-
efficients were set as follows: the lower S,, = 1, T, = 0.5,
C; = 1 and the upper S,, = 5000, 15, = 3500, C,, = 5000.
Fig. 2b shows the computed T2 map.

2.4. Segmentation

Segmentation was performed using Weighted Fuzzy C-means
(WFCM). We chose this algorithm among the variations of
FCM [13] [14] [15] because it allows to bias the segmenta-
tion according to the weights chosen by the designer. In our
case, the similarities are the 7} and 715 values of the different
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Algorithm 1: Weighted-FCM [16].

tissues. The voxels are assigned to one specific cluster taking
into account their 77 and 75 relaxation times and its spatial
relationship with the surrounding pixels. Both values are re-
quired because some tissues have very similar T} or T5 times
making their segmentation and their classification particularly
difficult without this information.

The method performs a fuzzy partition where each of the
data points (n) belongs to a cluster to some degree (See Algo-
rithm 1). It takes as inputs the 77 and 75 maps represented by
X = 271,72, TT15T25 5 -+ TT1,,T2,,» the number of clusters
desired in the image (2 < ¢ < n), the fuzzification constant
(m = 2, a standard value in the literature [13] [14]) which
controls the fuzziness of the resulting partition, the weights
that define the influence of each data in the clustering solu-
tion (w). In order to define the weighted vector, a common
measure of the characteristics between the spatial information
from 77 map to 75 map had to be designed. For example, a
distance component and a special parameter to alter the con-
tribution of 73 and 75 values are implemented in [17], to bias
the segmentation towards those elements with the smallest
values. The adopted measure here was entropy, to take ad-
vantage of the good spatial resolution of MR images, and be-
cause it allows to estimate the randomness of the information
which is a common reference in both maps. It was computed
for neighborhoods of 9x9 voxels from 73 and 75 maps, the
weighted vector was formed by the inverse of the product of
these values. The smaller the product the better the certainty
about the measures. The centers of clusters were biased to-
wards these measures (Eq. (5) ):

Whpypy =1/ ((7 S8 pr (Tu)logpr, (Tu-)> <* DI pTg(Tzk)long2(Tzk))) (5)

where T represents the different measures 77 or 75 and pr
their probabilities.

The membership matrix (U), which was initialized ran-
domly, represents the extent with which each measure is asso-
ciated to every cluster. Then, U = u; ;€[0,1],i = 1,2,...,¢c
where u;; tells the degree to which element x; belongs to
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Fig. 3. Feature space of normalized 7T} and 75 relaxation
times. When tissues present similar 77 values, the cluster’s
centroids (m) are defined according to their 75 values and vice
versa. The centroids are also biased towards relaxation times
with the less entropy in their measures.

cluster ¢;. It is calculated with Eq. (3). The set of cluster
centers is represented by V, v = (v, va, ..., v, ) and the con-
strained optimization function is given by Eq. (6):

Tmw (U, V) =D wiul oy — vil% (6)

i=1 j=1

where |A| can be any inner product A-induced norm R", and
in this case it is the euclidean distance which has shown good
results [16]. An over-segmentation of the image was chosen
(¢ = 100). Clusters are small and their centroid values rep-
resent more accurately the values of the cluster. T; and T,
values were normalized to avoid bias towards T values (T
>> Ty) . The resulting clusters can be seen in Fig. 3. The
next step consists in assigning these clusters to specific tis-
sues.

2.5. Classification

The classification process labels each cluster to its corre-
sponding tissue. First, the centroid values of each cluster
were compared with the references 7} and 7% values of the
tissues using the euclidean norm (Eq. (7) ):

d(ce,Tref) = \/(C€T1 ~Ti.,)" + (cer, = Tn,.,)" (D)

where ce represents T and 75 values of the centroids, 7.y
are respectively those of the reference tissues. These refer-
ence values were calculated from the average values of dif-
ferent ROIs, set on the 7% and 75 maps of volunteer 1 for the
following tissues: fat (17 = 405 £ 34ms, 1o = 147 &+ 20ms,
ROI = 1508 voxels), muscle (77 = 1290 + 83ms, Ty =



Volunteer 1

Fig. 4. The regions of interest set to obtain the reference T}
and 75 relaxation times drawn to maximize a region of homo-
geneous values: 1) fat, 2) muscle and 3) prostate.

39 + 3ms, ROI = 1717 voxels) and prostate (77 = 1742 +
175ms, Ty = 75 &+ 34ms, ROI = 125 voxels) as shown in
Fig. 4. For air, zero values were used for both 7} and 75 re-
laxation times. It was mandatory to compute these values, be-
cause there is a huge ambiguity over the values reported in the
literature, where the relaxation times seem to vary according
to the sequences and the methods used to calculate them [18].
The clusters were assigned to the tissue with which they have
the smallest distance (Fig. 5a).

Secondly, it is well known that cortical bone does not pro-
duce signal with conventional spin echo sequences used in
clinical practice [19]. Therefore, the use of 17 and 75 val-
ues is not enough to classify bones. For this reason, we in-
troduced anatomical knowledge to detect and classify bones.
The bones of the pelvis are composed of cortical bone and
fat, the fat being surrounded by cortical bone, and the bone’s
regions having a symmetric counterpart on the opposite side
of the image.

The approach consists of these steps: 1) From the pre-
vious segmented and classified image, the fat regions are lo-
calized (Fig. 5b); 2) A morphological opening operation is
performed to remove small regions and narrow segments of
fat connecting big regions (kernel size 3x3); 3) Regions in
contact with the background are removed and regions having
an area smaller than a predefined threshold (100 mm?) are
discarded (Fig. 5c); 4) For bones, the boundaries of the fat
regions are surrounded by cortical bone, but since this tissue
produces no signal with the implemented sequences, it is la-
beled as air. Therefore, the boundaries of the fat regions are
localized (dilation, kernel size 5x5) and their labels analyzed.
If the labels do not correspond to an area of at least 22.5 mm?
of air, they are rejected; 5) Finally, symmetric regions are
classified as bones (Fig. 5d) and potential miss-classified re-
gions are re-evaluated with a step-by-step set of simple, but
strong anatomical rules. The final classification can be seen
in Fig. Se.

3. RESULTS

Our method depends on the accurate calculation of the relax-
ation times T; and Ts. The obtained relaxation maps are ho-
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Fig. 5. The classification process. (a) Initial classification of
tissues does not present bones, and a special process is imple-
mented to detect them (b, ¢, d). (e) The final classification.
See text for details.

mogeneous (Fig. 2), this shows that the fitting model correctly
compensates for the inhomogeneities of the B;-field yielding
exact values. The cluster centroids obtained with the wFCM
algorithm (Fig. 3) prove that the weighted-vector effectively
biases the segmentation towards voxels presenting less ran-
domness in their measures. A qualitative evaluation of the
automatically achieved segmentation results was performed
by an expert radiologist (Fig. Se). The results were rated from
good to excellent. Fat, muscle, prostate, air and background
were correctly segmented and classified. Our results illus-
trate that classification of big bones is accurate. Nevertheless,
small bone structures severely affected by partial volume ef-
fect were not detected.

4. CONCLUSIONS

In this work, we proposed a new methodology as a first step to
generate the attenuation correction map of PET/MRI systems
for prostate imaging. The approach utilizes standard MR se-
quences to segment and classify the tissues using the T; and
Ty relaxation times and anatomical-based knowledge. It cor-
rectly segments and classifies the attenuation-relevant struc-
tures used for this purpose: fat, air, background, bones and
soft tissues. Furthermore, it sub-divides soft tissue into mus-
cle and prostate and it does not rely on special sequences to
segment and classify bones. However, further development
will concentrate on the bone segmentation and classification
procedure; thus, small regions of bones are affected by partial
volume effect and cannot always be detected. The current re-
sults clearly demonstrate that the method could provide a first
step to generate the attenuation map of PET/MRI systems in
prostate imaging. The validation on a big data set is planned.
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