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3D reconstruction benchmark of a Compton camera
against a parallel hole gamma-camera on ideal data

Yuemeng Feng, Ane Etxebeste, David Sarrut, Jean Michel Létang, Voichita Maxim

Abstract—Compton cameras and collimated gamma cameras
are competing devices suitable for prompt gamma detection in
range verification of particle therapy. In this study, we evaluate
the first approach from the point of view of the tomographic
reconstruction step by comparing it to the second. We clear any
technological constraints by considering a simple geometry, ideal
detecting stages, a mono-energetic synthetic phantom. To this end,
both analytic (filtered backprojection) and iterative (maximum
likelihood expectation maximization) algorithms are applied in
conjunction with total variation denoising. The results we obtain
show that the collimated configuration leads to slightly better
images when the same number of acquired events is used for
the reconstruction. However, the Compton camera might equal
the collimator-based camera if we take into account the superior
efficiency and might surpass it in a limited angle configuration
when the collimated camera cannot span the entire angular
range.

Index Terms—Compton camera imaging, gamma ray, maxi-
mum likelihood, maximum a posteriori, total variation

I. INTRODUCTION

The Compton camera was proposed during 70’s simul-
taneously for astronomical ([1]) and nuclear medicine ([2])
imaging applications. Several prototypes ([3], [4], [5], [6],
[7]) have been built and exploited for the observation of
cosmic v sources, or for monitoring nuclear plants and waste
with the development of hand-held -detectors boosted by the
recent accident in Fukushima, Japan ([8], [9], [10], [11], [12]).
Although Compton cameras should have superior efficiency
([13], [14], [15], [16], [17], [18], [19]), imaging of ~ sources
in nuclear medicine is still carried out with collimator-based
gamma cameras. Compton cameras have recently regained
interest as they may allow ion-range monitoring in proton
and hadron-therapy using prompt-y emission generated by
nuclear interactions of the ions with tissue ([20], [21], [22],
[23], [24], [25], [26], [27], [28]). The energies of the prompt-
~ rays are too large to cope with parallel hole acquisition
and requires hard collimation ([29], [30]). Three-dimensional
imaging is then challenging, taking into account the low
emission rates. To completely sample the projection space,
multi-slit collimators combined with detectors rotating around
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the patient might be designed but would trigger significant
burden.

The specificity of the Compton camera is to have a large
acceptance angle and to identify the direction of an incoming
ray without mechanical collimation, with a coincidence strat-
egy based on Compton scattering followed by photoelectric
absorption. However, the set of possible emission points can
only be restricted to a conical surface unless the direction of
the Compton electron is known, by contrast with the parallel
hole geometry where the restriction to a line is possible. The
analytic image reconstruction process is therefore relatively
complex, reason for which analytic methods were initially
available for subsets of data only: cone axis perpendicular
to the detector in [31], point-like scatterer in [32], [33], two
dimensions in [34]. Lately, methods accepting a much larger
part of the data were developed ([35], [36], [37], [38]). The
conical Radon transform is born and is receiving much interest
([391, [401, [41], [42], [43], [44], [45], [46]).

This conical projection pattern raises concerns about the
quality that the reconstructed images can ever reach. Will
it be possible, with both competitive detectors and recon-
struction algorithms to obtain one day clinically acceptable
images? Previous works attempted to benchmark the Compton
camera with respect to the Anger camera from the point of
view of detection efficiency and imaging capabilities. It is
widely acknowledged that at energies superior to three or
four hundreds of keV, Compton camera devices allow an
increase in efficiency of one or two orders of magnitude ([47],
[48]). Recently, a factor of 20 was found in simulations when
compared the single particle emission computed tomography
(SPECT) General Electric HealthCare Infinia system with
a Compton camera prototype currently under development
([19]). These studies concentrate on the physical aspects
and get rid as much as possible of the influence of one
particular reconstruction algorithm. Our purpose is on the
contrary to avoid as much as possible the influence of a
particular geometry or physical effects and to concentrate
on the image reconstruction capabilities, as function of the
number of events. It is widely recognized that the Compton
camera allows to sensibly increase the detection efficiency.
One might wonder however if the more complex projection
geometry and the supplementary degree of freedom due to
conical surfaces is compatible with high quality images. In
the final result, this supplementary degree of freedom could
eventually completely cancel out the benefit of the superior
efficiency. On the other side, Compton camera imaging can
be done with a single stationary planar detector. This can be
an advantage when the motion of the collimated camera is



restricted by physical obstacles.

The purpose of this work was to investigate the limits
of the “ideal” Compton camera imaging capabilities, with
the best reconstruction algorithms available in our team. As
reference for the 3D reconstruction benchmark we took the
“ideal” Anger camera with parallel holes in a missing angle
configuration. We put aside the efficiency of the cameras to
focus on reconstruction issues: virtual experiments where a
relatively low number of counts were considered, with the
lower bound set to 2 x 10* measured events for the Compton
camera and 2 x 10% measured events for the missing angle
Anger camera.

The geometry of acquisition as well as data selection and
pre-processing strategies have a major impact on the resulting
Compton camera images (see e.g., [49], [14], [22], [50],
[51], [27]). The spatial resolution of reconstruction can be
improved by more accurate modeling of the physical effects
([521, [53] [54], [55]) and by deconvolution methods in data
space for energy spectrum ([56]) or in spatial domain ([57],
[58]). Imaging performance of conventional collimated Anger
camera systems is primarily determined by properties of
the collimator. At energies above 300 keV, the collimator
septal thickness must be increased to reduce penetration and
scattering at the price of a reduced sensitivity. The choice
of the hole diameter is thus a trade-off between sensitivity
and resolution. On the opposite side, the Compton camera
resolution increases with the energy as the Doppler broadening
and detector noise decrease. However, as the energy increases
above 1 MeV, the probabilities for multiple interactions, pair
productions and electron escape increase, too. This may lead
to false coincidences and requires specific algorithms for the
identification of the interaction sequence [59]. In this work,
the energy of the 7-rays has no influence on the Anger
camera data and images as the data are Poisson-realisations
from ideal parallel-line projections. For the Compton camera,
three energies were considered: 511 keV, 2 MeV and 4 MeV.
This choice influences the result through the Klein-Nishina
differential cross-section which gives the probability for the
scattering angle value. At low energies as the ones currently
used in SPECT, high scattering angles are dominant. As
the energy increases, forward scattering prevails. In theory,
this might have an influence on the missing-data artefacts.
However, we deliberately chose here a large camera that limit
as much as possible data truncation.

II. THE TWO SIMULATED SETUPS
A. Compton camera (CC)

1) Device description: CCs detect the + photons on the
basis of a coincidence process. The photon needs to hit the
camera twice: once in the scatterer stage, once in the absorber
stage. The first interaction has to be a Compton scattering.
During this inelastic interaction the photon transfers part of
its incident energy to an electron as kinetic energy E;, which
is ideally totally released in the detector at V; (see figure 1).
The scattered photon, deviated by scattering angle (3, has to
interact with the camera at least once again at some position
V5. The quantities of interest are the positions of the two first

hits, the energy F; and the total energy of the photon, Ej,
that can be estimated by summing up the energies deposited
in sensitive material. The scattering angle 8 may be deduced
through the Compton kinematics.

To achieve both high Compton-to-photoelectric interaction
ratio and low Doppler broadening, materials with low-Z el-
ements as Silicon are often chosen for the scatterer. At high
energies, scattering detectors made with Ge ([60]), CZT ([61]),
LaBrs ([62]) might be preferred to reach a high efficiency
of detection. Meanwhile the Doppler broadening will be in-
creased and the Compton-to-photoelectric ratio will be reduced
([63]), which leads to a more noisy dataset for imaging.
Several layers of scatterer can be ranged in a stack and
the furthest detector use to be made of scintillating crystals,
similar to the detector of the Anger camera. Its role is to
completely stop the photon by photoelectric absorption, which
have given it its name of absorber (see figure 1).

In the absence of noise, the point where the gamma ray
was emitted lies on the surface of the cone having its apex
at the first interaction, its axis directed by the line defined by
the first two interactions and its half-opening angle 5. As a
consequence, data acquired with a CC having ideal position
and energy resolutions are usually modelled as integrals of the
weighted intensity of the source on conical surfaces. These
models are gathered under the name of weighted conical
Radon transforms, cone transforms or Compton transforms.
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Fig. 1. Schematic representation of a CC composed of a three-layer scatterer
(light blue) and an absorber (dark blue). The source is represented as the word
RADON. Photons emitted from the source are first scattered then absorbed in
the detector, and the position where they were emitted can only be determined
at this stage as belonging to conical surfaces. The scattering and absorption
positions are respectively noted V7 and V5. The scattering angle is noted /3.

2) Monte Carlo simulated data: Each Compton cone is
characterised by the coordinates of the apex, the two angu-
lar coordinates of the axis and the half-opening angle. The
dimension of the data space is thus 5 or 6, and simulation
of deterministic conical projections on a sufficiently fine grid
is prohibitive. Moreover, for e.g. 105 counts, most of the
projections would be empty. Thus, Monte Carlo data have to
be produced event by event.

A new GATE ([64]) CC module currently under develop-
ment at CREATIS, France ( [65]) was used for simulations.
The simulated Compton camera is shown in figure 1. The
scatterer detector was composed of three parallel silicon layers
with 48 x 48 x 0.2 cm? in size separated by 1 cm distance from
each other. The absorber was made of a 72.96 x 72.96 x 4 cm3
LaBrs pixelated scintillator matrix composed of 128 x 128
pixels with 0.5 x 0.5 x 4 cm? in size. The distance between



the last silicon layer (center) and the center of the absorber
was 10 cm. The source was placed parallel to the camera
at a distance of 15 cm from the first scatterer layer. All the
coincidences with at least one interaction in each detector type
(scatterer and absorber) were accepted. In order to recover
the ideal Compton kinematics, the positions of the first two
primary interactions were stored together with the initial
energy and the energy of the first Compton scattered photon. In
addition, the option I of the standard electromagnetic physics
list, which does not include Doppler broadening, was activated.

B. Anger camera (AC)

1) Device description: To be detected by the AC, a ~
photon emitted by the source must pass through a hole of the
collimator then interact with the sensitive material. Usually,
the detection is based on photoelectric absorption of the
photon in a scintillating crystal, followed by measurement
of visible light. The efficiency of the system is relatively
low, as a fraction of photons hits the collimators and are
either absorbed or scattered. The scattered photons, whose
incoming direction is uncertain, are discarded on the basis of
their lower energy. ACs are usually designed for relatively
low energies, in the order of tenths until few hundreds of
keV. For higher energies, collimators need to be thicker and
significantly reduce the efficiency. For instance, knife-edge
([29]) and slit ([30]) cameras were proposed for the detection
of the prompt-y emission that has an energy spectrum going
up to a few MeVs. This type of detector provides a 1D signal
that might be sufficient for on-line range monitoring purposes.
However, 3D images would give more extensive information
on the irradiated area and even on the tissue composition.

2) Simulated data: In this work we do not deal with issues
related to collimators. Parallel line projections were taken
for each YZ slice from the source with the radon function
from Matlab. The spacing between the centres of two adjacent
holes was 0.25 cm, the same as the thickness of a slice, and
the angular step was 6°. The energy of the source was not
taken into account. From these deterministic exact projections,
Poisson measures were then simulated. The total number of
counts was a random number with given mean. This mean
will be loosely referred in the text as the number of counts, as
the small variation of its value do not significantly affect the
results. The AC turns around the x axis as indicated in figure 3
with the green arrow. At 90° the camera is perpendicular to the
z axis. We considered a limited angle configuration [30,150]
degrees, for a total angle of 120° and a missing angle of 60°.
The choice of the missing angle value was motivated by the
similar missing angle in the Compton camera configuration,
where the solid angle covered by the first scatterer layer at the
center of the source, in the plane yOz, was slightly less than
120°. We neglect the loss of data in the plane zOz, despite
the fact that this loss will have the most severe consequences,
especially at the extremities of the source.

C. The source

We simulated a mono-energetic source consisting of five
letters with thickness 1 cm. The source is composed of four

slices with thickness 0.25 cm each, identical to the one shown
in figure 2, the coordinates represent centimetres. The intensity
is piecewise constant in each letter, as they are composed of
boxes and parts of hollow cylinders. For instance, the letter
”0” can be seen as a source containing two hot inserts and one
cold insert. For the Compton camera simulations, the isotropic
source was let to emit photons at three energies, 511 keV, 2
MeV and 4 MeV respectively. For the AC, the energy was not
modelled in the simulation.
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Fig. 2. Central slice from the simulated source.

Three placements of the source were considered, all shown
in figure 3. The center of the volume is at the center of
the coordinate system and thus at 15 cm from the Compton
camera. The distance to the AC is not modeled.

With the TV-MAP-EM algorithm described hereafter, we
reconstructed images from 2 x 10%, 2 x 10° and 2 x 10° counts.
For the CC analytic algorithm more events were necessary.
From 25 x 10° simulated events, only one half were usable
as a valid Compton cone should not intersect the detector in
more than one point, the apex (for details, see reference [45]).
A number of 12.5 x 10° counts were then simulated for the
Anger camera with limited angular coverage.

III. IMAGE RECONSTRUCTION METHODS

The image of the source can be reconstructed from the mea-
sured data either analytically, with a filtered backprojection
algorithm, or by iterative algorithms. Among iterative algo-
rithms, the most widely employed is the maximum likelihood
expectation maximization algorithm (MLEM), common to all
emission tomography modalities ([66], [67]) and formally
described for general distributions in the seminal paper [68].
Its specificity lies in the proper modelling of the Poisson nature
of the data and in providing positive solutions without the need
of additional projection steps. MLEM has several variants,

z z 2
Yy y Yy
J;@ e
(C1) (C2) (C3)

Fig. 3. Positions of the source, represented as a red rectangle. (C1) Source
parallel to the camera allowing to evaluate the quality of the reconstruction
for very thin extended sources. (C2) Source perpendicular to the camera, with
effective length of about 20 cm and height 4 cm. (C3) High source, to evaluate
the degradation of the quality of the images in the direction orthogonal to the
Compton camera. The AC rotates around the x axis as indicated by the arrows.



among which OSEM ([69]) and list-mode MLEM ([70],
[71]). When prior information on the solution is necessary
to compensate for the low number of counts and to reduce
the noise, maximum a posteriori (MAP) EM algorithms can
be used.

A. Filtered backprojection

In this work, we applied the filtered backprojection al-
gorithm developed for CC image reconstruction in [45]. It
was shown in [31] that an infinitely large planar detector
offers a complete geometry, and the source can be perfectly
reconstructed even from only events corresponding to cones
with axes perpendicular to that plane. A method allowing to
consider arbitrary axis directions was proposed in [37], and
the supplementary data is used for noise reduction. For each
element of scatterer, the integrals of the source intensity on
half-lines can be obtained from the set of conical projections
composed of all possible axis directions and scattering angle
in some interval [(1, B2]. At sufficiently high energy and thus
for low scattering angles, most of these cones can be measured
with a camera with scatterer as large as the source and a
sufficiently large absorber. By letting the camera turn around
the source, a complete set of cone-beam projections can thus
be obtained. We do not chose this solution for several reasons.
First, at low emission rates, very few events that scatter for the
first time in a particular detector element will be measured.
The computation of the cone-beam projections will be then
compromised. Second, the cost of such a device would be
high. Finally, our aim is to test a limited-scan geometry, where
an AC could not complete a 180°-trip around the source, and
thus 3D imaging with a CC covering a limited angle would
be of interest. Some attempts to find a complete acquisition
geometry and associated analytic reconstruction algorithms
can be found in [35], [38], [43]. Similar to the missing angle
parallel-ray acquisitions, any planar finite CC will lead to
artefacts in the reconstructed images. These artefacts increase
as the solid angle covered by the detector at the source position
decreases. Prior to reconstruction, a sort of sinogram has to be
completed by binning the data with respect to the coordinates
of the cone apex, the axis angular parameters in spherical
coordinates and the scattering angle /3. The resulting array has
five or six dimensions, depending on the number of scatterers
of the camera. This binning reduces the precision on the data
and the effect on the image can be remarkable. For instance,
a systematic error of 2.5° on the axis inclination will alter
the point spread function (PSF) as one moves far from the
detector ([45], Fig. 7). The same error on the scattering angle
will additionally cause displacement of the source and even
prevent reconstruction. These results were obtained with the
MLEM algorithm (in its classical variant, not in list-mode),
from deterministic projections and perfect knowledge of the
system matrix.

For the collimated camera, filtered backprojection imple-
mented in Matlab as the iradon function was applied to
each slice of the volume.

When the images were reconstructed by filtered back-
projection, a smoothing filter was always applied in order

to counterbalance the ramp filter at the higher frequencies
and thus reduce the noise. These filters smooth the image
and blur the edges. Total variation denoising ([72]) might
be better suited at least for piecewise constant images. We
therefore applied the total variation denoising method from
[72], implemented following [73]. The analytic methods are
fast, but work properly only for high number of counts where,
in addition, list-mode MLEM algorithms exhibit prohibitive
computing times. For this reason, we have only shown the an-
alytic reconstruction results in the experiment of high number
of counts.

B. Maximum likelihood expectation maximization algorithm

Let ¢;; denote the probability for a photon emitted in voxel
J to be detected as event ¢ and let A\; be the mean number of
photons emitted in voxel j. The number of photons detected
by the it" element of detector also follows a Poisson law,
with mean p; = > j t;;A;. Note that for the CC, the index
7 has to account not only for positions, as it is the case for
the Anger camera, but also for the polar and azimuthal angles
of the axis of the cone and for the Compton scattering angle.
The reconstruction problem might be seen as a linear inverse
problem,
=T, (1)

where A has positive values and the measured vector y follows
a Poisson distribution with mean p. The matrix T' = (¢;;) is
often called system matrix. The logarithm of the likelihood
of a measurement y generated from the emission A can be
formulated as:

L(Aly) = Z(— Ztij)\j + v 1H(Z tiiA;) —In(yih)) ()
i J J

Let s = (s;) be the sensitivity vector, containing the detection

probabilities for photons emitted from voxels j. The MLEM

algorithm consisting to calculate, starting from some initial

value A° € (R%)7, the sequence

N
N+ Aj tijyi/\ 3)
’ i T Ltk
solves the minimization problem:

min{—L(Aly) : X e (R.)7}. €]

In the list-mode version, the data space is highly sampled
in order to have y; € {0,1}. The main differences are that
each measured event becomes a ’bin”, only non-empty bins
are used in the reconstruction, and the sensitivity calculation
changes. The sensitivity is related to the system matrix through
the relation s; = ) .t;;. In list-mode, the sampling of the
data space is huge, therefore only the elements corresponding
to measured events are calculated for the system matrix.
Consequently a different strategy has to be employed for
the calculation of the sensitivity. List-mode is indispensable
for CC imaging for at least three reasons. First, the huge
dimension of the data space (indexed on five or six param-
eters) that would require huge storage capacities or coarse
sampling in each direction. Second, the CC is expected to



make the difference in conditions where the number of counts
is relatively low. Regarding the first argument, it is likely that
the number of events should be lower than the number of bins
for reasonable sampling rates. Third, sampling induces some
reduction in the precision of the data. This reduction does not
excessively penalize modalities where the acquisition is made
on lines, but even mild errors on the angular parameters have
significant consequences on the reconstructed images of the
CC (see discussion in section III-A).

MLEM algorithm was used for the first time for Compton
camera imaging in [71]. Currently there is no established
model for the calculation of the system matrix, but several
proposals have been made in the literature ([74], [75], [76]). In
[24], a MLEM based reconstruction framework together with
an imaging prototype were presented and the proposed system
matrix was tested on measured data. Monte Carlo simulations
can help to choose and validate a model, but probably only
up to some approximations induced by data binning. We used
the approach detailed in [52], where it was demonstrated that
the elements of the system matrix can be approximated up to

a constant factor as
ti' = / K(BM;EO)j Z( )dv, (5)
T e, VA M |2

where K (S, Ep) is the Klein-Nishina Compton scattering
cross-section ([77]), M is a point in the voxel v;, 0V1—>M is the

cos Hm .

angle made by Vl—]\>/[ with the axis of the camera and h; is a
spatial kernel modelling the cone and the uncertainties on the
Compton angle 3. For ideal data, h; is the Dirac distribution
on the cone associated to the i event. For the calculation of
the sensitivity we generalized the formula from [75] to several
scatterers.

The statistical noise and sometimes the ill-conditioned
nature of the problem may lead to significant noise in the
reconstructed images. As a consequence, the iterations of the
MLEM algorithm have to be stopped at some point that is
difficult to anticipate and in clinical routine the images use
to be post-smoothed. Choosing a post-smoothing filter is a
key issue as the noise in the MLEM images is not uniform
but spatially variant with standard-deviation depending on the
intensity ([78], [79]).

A better choice, allowing a balance between the data fidelity
constrain represented by the log-likelihood (2) and some a
priori, consists in including both of them in a penalized
optimization problem. The ML-EM algorithm becomes the
maximum a posteriori or MAP-EM algorithm. The second
is sometimes implemented as appropriate smoothing of the
solution between each two iterations of the first. The positivity
of the solution can be easily ensured and the relative fast
convergence of MLEM is preserved and even reinforced. Max-
imum a posteriori method brings general information about the
source that allows to search for the solution in a smaller space.
Often some regularity of the intensity function is imposed.
In this work, we applied a non-smooth and spatially variant
penalty: the total variation norm of the solution. For strong
noise, corresponding to low statistics, total variation might be
a good choice for classes of images more general than the
piecewise constant class ([80]).

C. Total variation prior

Adding total variation regularization to Poisson-distributed
data tomography aims to reconstruct the image with both
minimal total variation and maximal log-likelihood through
the resolution of the minimization problem:

min{—L(Aly) + aG(A) : X € (R})’}. (6)

Here o > 0 is the weight of TV regularization and G denotes
the discrete version of the Lj-norm of the gradient in the
image:

G()\):/Q\V)\(xﬂdw. @)

We used the method proposed in [81] for solving the MAP-
TV regularization problem within EM iterations. The method
is based on the Fenchel-Rockafellar duality theorem and on
the dual formulation of the (M) step from the EM algorithm.
A fast iterative shrinkage-thresholding algorithm (FISTA) was
used to speed up the convergence ([82]).

D. Figures of merit

To evaluate the reconstruction quality we calculated the
structural similarity (SSIM) index between the reconstructed
image and the reference normalized to their maximum of
intensity ([83]). As the images were smoothed with the total
variation prior, we expect a low variation for this maximum.
Compared to peak signal to noise ratio (PSNR) and root mean
square error (RMSE) which evaluate two images on a pixel-
by-pixel basis, SSIM is closer to visual perception. However,
it remains a global measure little affected by localized differ-
ences in the images.

IV. RESULTS

In this section we evaluate with simulated data how the TV-
MAP-EM reconstructed Compton camera images are affected
by (A) the energy at which the source emits, (B) the number
of acquired events and (C) the thickness of the source in the
direction orthogonal to the camera. For (B) and (C) we perform
a comparison with the Anger camera with coverage limited
at 120°. A final test concerns high statistics experiments
and analytic, filtered backprojection reconstruction. For both
cameras, we reconstructed volumes having 121 x 34 x 34
voxels for the (C1) and (C2) configurations. For the (C3)
configuration, the volume has 34 x 34 x 113 voxels, in order to
avoid intersection between the volume and the CC. Each cubic
voxel has 0.25% cm?>. The total volume is thus about 30 x 8 x 8
cm? for the (C1) and (C2) configurations and 8 x 8 x 28 cm?
For each test, we show one of the two central slices of the
word-shaped source (the word is composed originally of four
slices).

A. Influence of the emission energy

In figure 4 we show the Compton camera images for the
source emitting successively at energies 511 keV, 2 MeV and 4
MeV. The source was placed in configuration (C2) (see figure
3). We used 2 x 10% measured events for each reconstruction.
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Fig. 4. Images reconstructed from Compton camera data, as a function of the energy. From the left to the right the simulated energies are 511 keV, 2 MeV,
4MeV. The word-shaped source was placed perpendicular to the camera in configuration (C2). Central slices from the volumes reconstructed from 2 x 106

detected events at the 200th TV-MAP-EM iteration are shown.

B. Compton camera against limited angle Anger camera

The CC is expected to have an efficiency one or two orders
of magnitude superior to the AC and to be used in applications
where the counts are very low. The source, emitting at 511 keV,
was placed perpendicular to the CC in configuration (C1). For
the AC, at half-course the word is perpendicular to the detector.
The AC is considered in a 120°-limited angle configuration.
We then reconstructed the volumes for a number of detected
events ranging from 2 x 10% to 2 x 10° for the CC and from
2% 102 to 2 x 10° for the AC. The SSIM index comparing the
reconstructed volumes to the reference image was calculated
as function of the iteration number and plotted in figure 5.
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Fig. 5. Structural similarity between the reconstructed image and the
reference. The images are normalized by their maximum.

Figure 6 compares the regularized iterative reconstructions
from CC and AC for different counts. The image on the top-
left is the reference. The results for the CC reconstruction
are shown on the left side from the second line to the last, for
respectively 2 x 10%, 2 x 10° and 2 x 10* measured events. The
results for the missing angle AC configuration with projections
measured on 120° in the range [30°,150°] are shown on the
right from the top to the end, for respectively 2 x 106, 2 x 10°,
2 x 10% and 2 x 103 measured events.

C. Position of the source

The CC has lower resolution in the direction orthogonal to
the detector. The position of the source also affects the AC
images in a limited-angle configuration. In figure 7 we show

the iterative reconstruction from 2 x 10 measured events for
the three position (C1)-(C3) shown in figure 3. The source was
let to emit at 511 keV and the result is shown at the 200th
iteration for 2 x 10% measured events. Results for the CC and
the AC are shown for comparison.

D. Analytic reconstruction from high counts

When the number of detected events is high, analytic recon-
struction methods can be applied. Figure 8 compares filtered
backprojection reconstructions from CC and from missing
angle AC acquisitions, for 1.25 x 107 valid counts (see section
II-C for details). TV-denoising was applied to the reconstructed
volumes.

V. DISCUSSIONS

The energy of the photons influence the shape of the
Compton cones through the Klein-Nishina cross-section in CC
imaging. At low energies, high scattering angles are favoured.
As the energy increase, small angles related to almost forward
scattering prevail. The data become then more and more close
to the linear projection model. On the one hand, if the camera
is small and is not let to turn around the source, missing
angle artefacts would be expected. On the other hand, for large
cameras an improvement could be expected as the surface of
uncertainty decrease with the half-opening angle of the cone.
From the results of the iterative reconstruction shown in figure
4, the influence of the energy on the image is not evident. The
reason might be the large angular acceptance of the simulated
geometry. These conclusions are not applicable to realistic data
where the energy has a determinant influence on the results
both for the CC (see for instance [50]) and the AC.

One conclusion that might be drawn from the comparison at
different counts, is that at equal statistics, the AC is superior to
the CC except for the missing angle artefacts that can be seen
in the right column from figure 6. If we consider for the CC an
efficiency ten times larger than for the AC, the images become
visually comparable and even better for the CC as less affected
by artefacts. As a rule of thumb, this factor of ten seems to
be the price to pay when switching from linear to conical
projections. We observed a factor somewhere between 10 and
100 for the full 180° with the AC. The second conclusion
is that remarkably good images can be reconstructed from
CC ideal data even at very low statistics. The shape of the
source we considered is complex compared to point-sources,
spheres or box sources, and the intensity is not uniform. The
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shape of the letters is identifiable even with 2 x 10* detected
events and the intensities are approximately well reproduced
with 2 x 10° detected events. The third conclusion is that when
comparing the SSIM indexes, the AC images seem more close
to the original than the CC images, despite the missing angle
artefacts that the eye can identify in the first ones.

As expected, the resolution degrades as one moves far from
the camera in the orthogonal direction In figure 7, central
slices for different positions of the source are compared.
The differences between (C1) and (C2) are relatively mild.
However, for the configuration (C3), the letter "N is obviously
blurred compared to the letter ”R”, which is placed 15 cm
closer to the camera. This blur could be due to the finite
extent of the camera and the resultant missing data, but also
to some modelling imprecisions in the system matrix and in
the sensitivity vector from (3). In real acquisitions, several
factors further degrade image quality especially for distant
sources. Detection uncertainties, due either to intrinsic Doppler
broadening or to the detection process, can be at some extent
be modelled in the system matrix and corrected for. Correcting
for random coincidences, incomplete absorption and wrong
sequencing of the hits can be more tricky. Furthermore, the
uncertainties of the angular parameters, i.e., Compton scat-
tering angle and axis direction in spherical coordinates, will
have severe consequences (for more details, see discussions in
section III-A).

The reconstruction time of iterative methods become pro-
hibitive for large CC data sets and analytic methods could
be an alternative as they are much faster. With an optimal
implementation, real time reconstruction could probably be
reached. However, analytic methods cannot account for the
detection model, for statistical noise and for the missing
projections, giving less precise results. They still may give
a coarse identification of the source, even with a number of
counts much lower than the one considered here. It might
be seen from the comparison that filtered backprojection
gives poor results compared to iterative methods for both

acquisition systems. Some artefacts that might be misleading
for a quantitative evaluation of the images can be observed
in the parallel missing angle acquisition. In comparison with
Compton camera reconstruction in figure 6, figure 8 shows that
the impact of missing data on analytic algorithms is higher
than on iterative ones even at a number of detected events
increased by a factor of more than 10. Binning could be
another factor of degradation for Compton camera analytic
reconstruction as it introduces errors on the measures. For
a real Anger camera, the projections are not measured on
straight lines as it was done here, the collimators allowing
for some broadening. The influence of the binning for the
collimated system cannot be measured in our set-up. Therefore
the evaluation in real acquisition conditions needs to be further
investigated.

VI. CONCLUSIONS

The aim of this work was to evaluate the imaging capabi-
lities of the Compton camera independently of the detection
technology, of the geometry or other factors that affect the
results of a real detector. As reference we considered an ideal
parallel hole collimated system. We investigated full-angle
and missing-angle acquisitions for the collimated system, the
latter reproduced the covering angle of the simulated Compton
camera. In the full angle acquisition with the same number of
counts the collimated system gave better quality reconstructed
images. The Compton camera successfully competed against
the missing angle collimated system in terms of uniformity in
constant intensity regions in spite of a larger root mean squared
error. Moreover, according to the literature an efficiency of de-
tection 10-100 times higher is expected for Compton camera,
which makes its application attractive for low dose and for
missing angle acquisitions.

Generally, a list-mode MAP-EM reconstruction algorithm
will give the best results. In particular, the missing angle
geometry has a stronger impact on the images reconstructed
by FBP compared to iterative algorithms. This can be seen



from the Anger camera images at high statistics. However,
the much faster analytic filtered backprojection is an appealing
alternative for Compton camera high statistics data.

Compton camera imaging may bring several improvements
in nuclear medicine and provide clinically exploitable images.
However, the results of this work cannot be extended directly
to real detectors and clinical application. We can only infer that
Compton cameras could be useful for configurations where a
collimated detector cannot turn around the patient and thus
missing angle data is generated. Besides, the advantage of
Compton camera is more evident at high energies where the
collimators become transparent, as it is the case in proton
therapy.
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Fig. 7. Images reconstructed from Compton camera (left) and missing angle Anger camera (right), as a function of source position. Form the top to the
bottom the sources placement corresponds to the configuration denoted respectively as (C1), (C2) and (C3) in figure 3. Central cuts are shown at the 200th
iteration of the TV-MAP-EM algorithm applied at 2 x 10% measured events.
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Fig. 8. Filtered backprojection reconstruction from Compton camera and from missing angle collimated camera data. Total variation denoising was applied
to the reconstructed volumes.



