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Abstract—Attenuation correction of small animal PET data
is very important when quantitative images are of interest.
Attenuation correction coefficients are conventionally obtained
via a transmission or a computed tomography scan, which re-
quire anaesthetisation of the animal. However, in the context
of awake and/or freely moving animals, where animal motion
is compensated via appropriate motion tracking and correction
techniques, anaesthetisation is no longer required. In this work
we investigate the accuracy of a transmission-less attenuation
correction approach based on the segmentation of the motion
corrected emission image. Results on both phantom and real
rat data acquired on the microPET Focus220 scanner, indicate
good agreement between the segmentation based and conventional
transmission based approach (~ 2% difference). In addition,
the segmentation based approach has the potential to eliminate
noise propagation from the measured transmission data to the
reconstructed attenuation corrected emission images.

I. INTRODUCTION

MAGING awake and/or freely moving small animals with

positron emission tomography (PET) is a promising ap-
proach towards a better understanding of neurochemical and
physiological processes in vivo [1, 2]. The advantage of such
an approach is that it eliminates the impact of anaesthetic drugs
on the biochemistry of the animal’s brain, while also making
it possible to monitor the biological and physiological response
of the brain to external stimuli [3].

Previous studies have demonstrated the importance of at-
tenuation correction (AC) on the quantitative accuracy of the
reconstructed images for both rats and mice in emission to-
mography [4, 5]. Conventionally, AC is performed using either
a transmission (TX) or a computed tomography scan. Although,
both approaches are considered highly accurate, they require
the immobilisation of the animal, often using anaesthesia. Since
anaesthesia can be avoided during the emission scan by employ-
ing sophisticated motion tracking and correction approaches [1],
it would be preferable to avoid it for the transmission scan as
well.

Several techniques have been proposed in order to calcu-
late the attenuation correction factors without the need of a
transmission scan. Recently proposed techniques involve the
exploitation of consistency conditions between the attenuation
and emission data [6], as well as the joint estimation of the
activity concentration and the attenuation coefficients via an
iterative scheme [7]. Although, these approaches appear to be
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very promising, the coupling between the emission and attenu-
ation distributions results in a non-concave objective function,
which is more susceptible to local-maxima. A different approach
involves the generation of a convex hull of the object based on
the segmentation of the emission sinograms or reconstructed
images and assuming uniform attenuation coefficients [8, 9, 13].

In the context of awake and/or freely moving animals the
latter approach is very attractive since it leads to noiseless
attenuation maps and eliminates the need to co-register the
transmission and emission data. Although the convex hull of
the object could be created by segmenting the motion corrected
emission sinogram as in [7, 13], it may lead to misregistering
parts of the object to the background due to incorrect weighting
for lost events due to motion.

Therefore, the objectives of this work are to develop and
evaluate a method for calculating the AC factors without anes-
thetizing the animal or performing a transmission scan. The
convex hull of the animal’s head is generated based on the
segmentation of the reconstructed motion corrected emission
images, while attenuation coefficients for soft tissue are assumed
for the entire head [8, 9]. The efficiency and accuracy of the
segmentation-based AC approach was assessed against a TX-
based approach using measured phantom data, as well as data
from anaesthetised and awake tube-bound rats.

II. METHODS
A. Image Segmentation

The goal of the segmentation algorithm is to successfully
differentiate the object (i.e. rat’s head) from the background. In
this work, we used an automated histogram-based thresholding
approach [10], which calculates the optimal threshold by max-
imising the variance between the distribution of the object and
the distribution of the background.

B. Phantom Data

The quantitative accuracy of the segmentation-based method
was evaluated by means of a phantom scan. The phantom con-
sisted of two cylindrical compartments (12 mm inner diameter)
embedded in a warm background (42 mm inner diameter). The
phantom was filled with ~38 MBq of fluorine-18 with a contrast
ratio of 3:1 between the warm background and one cylindrical
insert (i.e. hot), while the other cylindrical insert was filled with
inactive water (i.e. cold). A robotic arm was used to suspend
the phantom in the centre of the field of view of the microPET
Focus 220 scanner (Preclinical Solutions, Siemens Healthcare
Molecular Imaging, USA) in order to avoid the attenuation
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Fig. 1. Demonstration of the thresholding algorithm (coloured outlines) on
two awake rat studies with diverse activity distribution: (top) [18F]FDG and
(bottom) [I8F]JFEOBYV. On the right hand side are histograms for the two rat
studies, as well as the threshold value (red line).

effects of the bed and it was scanned for one hour collecting
approximately 270 million events.

In order to emulate an almost noiseless TX-based attenuation
map, a very long TX scan, equivalent to 32 passes of a Co-
57 point source (57 MBq), was acquired. One pass is defined
as a complete (spiral) excursion of the point source through
the scanner and back (approximately 8 minutes). Fewer passes
imply fewer recorded events and therefore noisier reconstructed
attenuation maps. The TX listmode data were then split into
smaller datasets corresponding to more realistic TX acquisitions
of 1, 2 and 4 passes, representing different noise levels. The
transmission data were then histogrammed using single slice
rebinning (SSRB) and reconstructed using a maximum likeli-
hood transmission reconstruction [11]. Since the phantom is
made of thick perspex walls (~4 mm) that are non-radioactive,
segmentation of the reconstructed emission image would lead to
severe underestimation of the true object size and consequently
underestimating the attenuation correction factors. Therefore,
only for this phantom experiment, the convex hull of the object
was extracted from the segmentation of the attenuation map
using the TX data acquired with 4 passes (which represents a
realistic case).

C. Awake Rat Data

In addition to the phantom data, the segmentation-based AC
approach was also applied to real rat data acquired on the
microPET Focus220 scanner. A rat was injected with 60 MBq of
['®F]FDG and scanned for 10 minutes, collecting approximately
100 million events. In order to verify the approach against a TX-
based AC approach the rat was later anaesthetised and scanned
for a further 20 minutes, collecting approximately 70 million
events. After the emission scan and while the rat was still under
anaesthesia, a TX scan equivalent to 4 passes of a point source
was acquired. Finally, the two emission scans were co-registered
in order to assist a quantitative comparison. All reconstructions
were performed using an event-by-event motion compensating
list-mode maximum likelihood expectation maximisation (LM-
MLEM) algorithm [12] (20 iterations, 10 subsets). No correc-
tions for scatter or random events were applied to the acquired
data, assuming that they were negligible.
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Fig. 2. Transverse (top) and sagittal (bottom) slices for the reconstructed
attenuation maps using 1, 2, 4 and 32 passes, compared against the segmented
map. One pass is defined as a complete (spiral) excursion of the point source
through the scanner and back. Fewer passes imply fewer recorded events and
therefore noisier reconstructed attenuation maps.

ITI. RESULTS AND DISCUSSION
A. Image Segmentation

The efficiency of the automated image segmentation algo-
rithm was assessed on two examples of awake tube-bound
rat acquisitions, with relatively diverse activity distributions:
an ['®F]FDG acquisition with a relative high uptake in the
brain and less in the rest of the head (including skin and
skull) and a ['®F]JFEOBV scan with a relatively more uniform
uptake throughout the rat’s head (Fig. 1). In both cases the
segmentation algorithm managed to differentiate the head from
the backgound, even though for the ['®F]FDG acqusition the
tracer uptake in the skin was very low.

B. Phantom Data

The reconstructed attenuation maps, which were used for TX
based AC are shown in Fig. 2. Each map represents different
acquisition times and therefore different noise levels, which
can potentially propagate in the reconstructed image. In terms
of image quality, even the least number of passes, did not
generate a very noisy image, mainly because the source was
relatively strong and the data were histogrammed using SSRB.
Fig. 3a shows the image roughness/ %2tk yerqus the mean
value in the reconstructed attenuation maps as a function of
region size (5 circular regions ranging from 1 to 5 mm radius)
in an attempt to quantify the noise level in the reconstructed
attenuation maps. In this work, the segmented attenuation map
was assigned with the attenuation coefficient for water and
soft tissue (0.096 cm~!). A profile through the centre of the
transverse reconstructed attenuation maps is shown in Fig. 3b,
with the one-pass image being noticably noisier than the rest.

The reconstructed emission images of the compartment phan-
tom, using different attenuation maps for AC, are shown in Fig.
4. Although, the reconstructed attenuation maps had different
noise properties, the reconstructed emission images appear to be
very similar. The noise characteristics of the AC reconstructed
emission images, using different attenuation maps are shown
in Fig. 5. The image roughness versus the percentage bias
is plotted as a function of iterations for the hot cylinder (a)
and a region of the same size in the warm background (b). In
both regions bias did not vary more than 1% between different

OImage roughness is defined as the coefficient of variation of the pixels within
a region and represents the pixel-to-pixel variability within that region.
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Fig. 3. (a) Regional mean vs. image roughness for 5 circular regions within

the reconstructed attenuation maps (1 to 5 mm radius). (b) Line profiles through
the centre of the transverse slice of the attenuation maps shown in Fig. 2.
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Fig. 4. Transverse (top) and sagittal (bottom) slices for the reconstructed
emission images of the compartment phantom using different attenuation maps
to perform AC. All reconstructions used 14 iterations (10 subsets).
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Fig. 5. Image roughness versus the percentage bias as a function of iterations

for the hot cylinder (a) and an equivalent sized region in the warm background
(b) of the attenuation corrected images using different methods. In both regions
bias did not vary more than 1% between different TX based approaches, while
the relative bias between TX and segmentation based AC was approximately
2%. In all curves, iterations are increasing from bottom to top.

TX-based approaches, while the relative bias between TX and
segmentation-based AC correction was approximately 2%. In
addition, it appears that the use of the segmented attenuation
map leads to overestimation of the activity in both regions.
This could be attributed to the fact that the segmented map is
usually one or two pixels wider than the measured attenuation
map and the selected attenuation coefficient was higher than
the value estimated by the measured data (Fig. 3). In terms of
noise, there is a small increase in variance when more noisy
attenuation maps were used (i.e. fewer passes). However, the
high-statistics TX based approach demonstrates very similar
noise levels compared to the segmented image. Finally, the line
profiles on the transverse reconstructed emission images along
(a) the centers of the hot and the cold inserts, and (b) the uniform
region between the two inserts are shown in Fig. 6.

C. Awake Rat Data

Fig. 7 shows orthogonal slices of the anaesthetised rat study,
which correspond to the reconstructed non AC emission image
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Fig. 6. Line profiles on the transverse reconstructed emission images along (a)
the centers of the hot and the cold inserts, and (b) the uniform region between
the two inserts. The horizontal dashed line corresponds to the true activity
as measured in the dose calibrator. All reconstruction approaches showed
very similar behavior, yet the reconstruction with the 1-pass attenuation map
appeared to be slightly noisier.

(bottom) and the TX based attenuation map (top). The yellow
outline represents the threshold used to segmented the emission
image and is overlayed with the actual reconstructed TX-based
attenuation map. The segmented image appears to be a couple
of voxels wider than the measured TX based attenuation map,
which could potentially lead to overestimation of the activity in
the AC reconstructed image. However, this could potentially
compensate for the fact that the segmented image assumes
uniform attenution factors and does not account for the higher
attenuation caused by the skull.

Fig. 8 shows transverse (top) and coronal (bottom) slices
of the reconstructed emission images for the anaesthetised (a-
¢) and the awake tube-bound (d) rat studies (corrected for
isotope decay to match the activity of the awake scan). Different
attenuation maps were used to reconstruct each image: (a)
no AC, (b) the measured TX-based attenuation map and (c)
the segmented emission image. The awake rat segmented AC
image (d) is also shown, after motion correction. Similar to
the phantom data, images reconstructed with the TX-based
and the segmention-based approaches appear to be qualitatively
very similar, both in terms of noise and intensity. A more
quantitative comparison can be achieved by plotting a line
profile through the striatum of the coronal images (Fig. 9 -
red line). Good agreement is observed between the TX-based
and the segmentation-based AC approaches for the anaesthetised
rat acquisition (Fig. 91), as well as between the TX-based AC
anaesthetised rat and the segmentation-based awake tube-bound
rat (Fig. 91I).

IV. CONCLUSIONS

In this work we evaluated the accuracy of a segmentation
based AC approach, using real phantom and rat data for awake
animal PET studies. The quantitative accuracy of the segmenta-
tion based AC approach is comparable to a TX based approach
(~2% difference), while it has the potential to avoid propagation
of noise from the TX data to the emission image. Future
work will involve comparison against a 3D TX reconstruction
approach, where improvements in resolution could be expected
at the expense of more noise in the TX data. In addition,
application to a wide range of diverse radiotracer distributions
is imperative to assess the effectiveness of the segmentation.
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Fig. 7. Orthogonal slices of the reconstructed attenuation (top) and emis-
sion (bottom) images of anesthetized rat study. The image-based segmented
attenuation map was created by thresholding the emission image using Otsu’s
segmentation (yellow outline). The segmented image appears to be one or
two voxels wider than the measured TX based attenuation map, which could
potentially lead to overestimation of the activity in the AC reconstructed image.
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Fig. 8. Transverse (top) and coronal (bottom) slices of AC emission images
for the anesthetized rat (corrected for decay): (a) no AC, (b) TX based, (c)
segmentation based. The AC image, using the segmented images approach, of
the awake rat after motion correction is shown in (d).
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Fig. 9. Profiles through the striata (red line) comparing different AC approaches
for the anesthetized rat (left), and comparing the AC awake rat against
the TX based AC anesthetized rat (right). The profiles through the striatum
indicate good agreement between the TX based and the segmentation based
AC approaches.
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