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Abstract— Low-dose Computed Tomography (CT) has been
gaining substantial interest, due to the growing concerns with
regards to the X-ray dose delivered to the patient. To cope with
the limited data collected at 30% of standard radiation, low-dose
CT reconstruction algorithms generally require several iterations
of forward projection, back-projection and regularization,
involving many parameters to achieve desirable quality and
speed. The interactions among these parameters can be complex,
and thus effective combinations can be difficult to identify for a
given scanning scenario. Non-optimized parameters can result in
increased reconstruction time and reduced image quality. As a
result, the parameter choice is often left to a highly-experienced
expert. In this work we focus on an automatic parameter
optimization framework. In the pre-computation step of our
parameter learning framework, effective parameters are learned
with the access of a known gold-standard. As these domainspecific and algorithm-dependent parameters are obtained, they
are applied in the similar incoming data. In addition, an edgeenhancement component is introduced and automatically tuned
to increase the sharpness in iterative reconstruction. The
preliminary results with the non-local mean filter indicate that
our parameter optimization scheme can identify effective
parameters resulting in sharper results than those results
generated by popular iterative reconstructions algorithms.
Index Terms—Iterative recon struction, low-dose CT, ant colony
optimization, non-local mean filter

I.

INT RODUCT ION

Cone-beam CT has become to be a major imaging technique
thanks to its image-fidelity and scan time. The traditional conebeam CT reconstruction method is the FDK [1] algorithm,
which provides high resolution results but requires several
hundreds of patient X-ray projections. With the growing
concern about the potential risk of X-ray radiation exposure to
the human body, low-dose CT has become a significant
research topic. Dose reduction us ually involves lowering the Xray energy per projection and/or reducing the total number of
projections. Both methods typically suffer fro m lo w signal-tonoise ratio (SNR) in the reconstructions. Iterative
reconstruction schemes, matched with suitable regularization
methods have been shown to cope well with these few-view or
high-noise scenarios.
Iterative methods typically offer a diverse set of parameters
that allow control over quality and computation speed, often
requiring trade-offs. These expert-picked parameters need to be
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learned from many experiments which are both domainspecific and algorith m-dependent. Thus the hand-tuning of the
parameters in iterative algorithm could be very time consuming. Researchers have proposed methods to set the
parameters by monitoring the convergence and updating
reconstruction parameters on the fly [2]. In this work we focus
on automatic parameter optimization by pre-computation. We
propose a two-step method. The first step is the parameter
learning step; which uses the known gold-standard. After
parameters are trained, they are re-used in similar data with
similar scanner settings. Furthermore, our framework can
incorporate an interleaved un-sharp mask to avoid oversmoothing on the reconstruction results . We compared our
results with those obtained by automatic controlled iterative
reconstructions algorithms and our results indicate that the
optimized parameters can resolve finer structures as good as or
better than previous methods.
Our paper is organized as follows. Section 2 d iscusses
related work. Section 3 describes our framework. Section 4
presents some initial results, and Section 5 concludes the paper.
II.

RELAT ED W ORKS

Recent research in iterative reconstruction demonstrates a
trend of combining forward and back-projection with various
regularization methods. The regularization algorithm usually
employed is Total Variation Minimization (TVM) as used in
the Adaptive-Steepest-Descent-Projection-Onto-Convex-Sets
(ASD-POCS) algorithm [2]. On the other hand, de-noising
filters, such as the bilateral filter [3] and the non-local means
(NLM) filter [4], can also be used in regularization [5][6][7].
Co mpared to the ASD-POCS algorith m wh ich can determine
the TVM parameters on the fly, de-noising filters based
reconstruction methods need a special control unit to guide
regularization parameter during the convergence. Our
framework fulfills this need and provides optimized parameters
which can be directly applied on de-noising filter based
regularization algorithm.
This work serves as an extension of previous research
focused on optimizing bilateral filter-based iterative
reconstruction, using genetic algorithms [8]. The ant colony
optimization (ACO) [9] algorith m is inherently a path
searching engine driven by a large nu mber of artificial ants and
is widely applied to solve many optimization problems. In this
paper, we utilize the ACO algorithm to find optimal parameters
in NLM-based iterative reconstruction. In addition, we imp rove
the current existing regularization pipeline by adding an edgeboosting stage with optimized parameters.

III.

A PPROACH

it does in TVM regularization.

A. Iterative Reconstruction with Regularization
We use the OS-SIRT algorith m with GPU-accelerated
forward projection and back-projection [8]. The forward
projection operator simu lates X-ray images at a certain viewing
angle φ. The result of this projection is then compared to the
acquired image obtained at the same viewing angle. Here, the
weight factor
determines the contribution of to and is
given by the interpolation kernel used for sampling the volume.
The forward projection is:
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Here, represents the pixels in the
acquired images
that form a specific (ordered) subset
where
and is the number of subsets. The factor is the relaxat ion
factor that scales the corrective update to each voxel. Th is
factor is important in balancing quality and speed and will be
optimized by our framework. The factor is the iteration
counter. It will be incremented when all projections have
been processed. In the GPU implementation, only the forward
projection uses a ray-driven approach, where each ray is a
parallel thread and interpolates the voxels on its path.
Conversely, the back-projection uses a voxel-driven approach,
where each voxel is a parallel thread and interpolates the 2D
correction projections. Thus, the weights used in the projection
and the back-projection are slightly different but it has
minimum effect on the reconstruction quality [5][8].
We use a 2D NLM filter [4] for regularization. The NLM
filter is a non-linear filter that replaces the pixel located at x
with the mean of the pixels whose Gaussian neighborhood
looks similar to the neighborhood of x:
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Here, , and are 2D spatial variab les.
is the window
centered at . is the 2D neighborhood centered at or . Ga
is a 2D Gaussian kernel with a standard deviation . The
variable acts as a parameter to control smoohting. Thus, the
NLM filter contains several parameters to achieve best quality.
For the performance, one observation of NLM filtering is that
the computational time spend on NLM does not change as like

At the last stage of our regularization scheme, the un-sharp
masking is used to avoid over-smoothness in iterative
reconstruction. The control factor of sharpness is given by later
optimizations.
B. Ant Colony Optimization (ACO)
The ant colony optimization (ACO) algorithm is a swarm
intelligence method to search for good paths in discrete graphs.
Intuitively, it launches a large nu mber of artificial ants
searching for best score. Each artificial ant independently
moves in the graph and reports the scores it gets. The
probability for an ant to choose an edge connecting two nodes
is affected by the moving trend of all ants. More specifically,
the probability for choosing one choice will increase if a large
number of high score-ants choose it.
Iterative CT reconstruction can be modeled as a classic path
searching problem. In this discrete graph of nodes and edges,
each node represents a unique state of the volume being
reconstructed, after a certain number of iterations and tagged
with a score that encodes a quality metric. Each edge represents
the computation of a correction pass and a regularization pass.
The weight on an edge represents the time cost, which in our
case is treated uniformly as one. The overall goal is to find the
node having the highest score within a given cost. Since we
have a uniform cost for NLM filtering, the problem is reduced
to find the best score after a fixed number of steps.
We attempt to optimize six parameters including the
relaxation factor in Equation (2), the factor, Gaussian blur
factor, window size and block size for the NLM filter in
equation (4) and the un-sharp masking factor. These parameters
can be different per iteration, resulting in an astronomical
search space. For examp le, assuming we allo w 100 discretized
values for each parameter and allow 10 iterations, the search
space will be
. This search space is so huge that simp le
exhaustive search algorithm will fail to find the optimal
solution in a reasonable amount of time.
We adopt a greedy heuristic to prune the search tree. This
heuristic guides ants with a "best guess" for the path on which
the solution lies. The greedy ant system only searches the best
parameter setting for a single iteration, then adopts the best
setting and moves on to the next iteration. The solution space
can then be reduced from
to
. Assuming the optimal
parameters would be similar or slightly adjusted for adjacent
iterations, we can improve the search efficiency through
pheromone control. The pheromone for the current iteration is
re-used in the next iteration, making ants more likely to choose
parameters similar to previous best parameters.
In the following, we describe our version of the ant system
in detail. The probability for an ant to choose a discretized
value for th parameter is:
∑
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where is the pheromone on value for th parameter and
is the discrete resolution of the th parameter. The value of

is initially set to one; this will allow ants to make purely
random decisions. After a small group of ants (in our case it is
10) fin ishes their moves for all 6 parameters, the pheromone is
updated as:
∑

(6)

where is the normalized score (with
) of the th
ant, as the amount of new pheromone put on
is the
pheromone evaporation factor (with
). The range of
pheromone is clamped within
. The equation (6) updates
the pheromone such that later ants will be more likely to follo w
the path of previous high-score ants. If in the current iteration
no ants report better scores than in the previous iteration, we
launch another group of ants until better scores are found or the
maximu m number of ants for one iteration is reached. In the
absence of a human observer, is generated by a computer
based on a quality metric. In this paper, we use the correlation
coefficient (CC) to determine .
IV. RESULT S
In our experiments, we collected two sets of data from a
cone-beam CT scanner, a Medtronic O-arm system. We
perform the reconstruction algorithms on the central slice only.
The detector 1D resolution was 1,024 p ixels with pixel-size
0.388mm. The low-dose case was set as 60 evenly-distributed
projections and the gold-standard was generated by the FDK
algorithm with 360 pro jections. In the OS-SIRT scheme, we
made 40 subsets which contain 1-2 projections. Head phantoms
were used to test the parameter optimization algorithm and the
training results are shown in Figure 1. The result fro m 60
iterations of the OS-SIRT algorith m with a constant λ=1 is in
panel (a) and the gold-standard is in panel (b). 60 iterations of

(a)

(c)

the ASD-POCS result is displayed in panel (c). We use SART
instead of ART in this ASD-POCS imp lementation to make a
fair comparison. The ASD-POCS result is smooth but has some
typical cartoon-like structures due to the TVM scheme. On the
other hand, our trained results (d) are the more similar to the
gold standard (b) and can preserve sharper details than ASDPOCS can (c).
Figure 2 shows the plot of trained parameters through 60
iterations with CC scores. We can see that the CC score stops
improving after 25 iterations. Figure 3 shows the plot of
relaxation-correction factor  in equation (2). The optimized
parameter suggests starting with a bigger value around 2.0 and
gradually decreasing to 0.0. Note the overall decreasing trend
contains a certain amount of perturbation and there was very
little correction after 40 iterations.
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Figure 2. T he correlation-coefficient CC through 60 iterations

We tested the learned parameter setting on another similar

(b)

(d)

Figure 1. A central slice of a reconstruction for a training dataset. (a) low-dose OS-SIRT . (b) gold-standard FDK by 360 projections. (c) low-dose ASDPCOS and (d) optimized low-dose. (a), (c) and (d) use 60 projections and 60 iterations.

head phantom. Now the central slice was shifted to another
autonomy region in the head phantom. Figure 4 documents the
image quality of the new dataset with (a) 60 iterations of OSSIRT with a constant λ=1, (b) 360 projection FDK, (c) 60
iterations of ASD-POCS and (d) 60 iterations of optimized
parameters. We observed that even in another scan, the
parameters can guide the reconstruction to achieve better visual
quality than ASD-POCS.
2.5

2

V.

CONCLUSIONS

We have devised an efficient framework to optimize various
parameters for iterative CT reconstruction using an ant colony
optimization algorith m. Our preliminary results show that the
learned parameters can be readily applied to similar scans with
promising results.
In future work, we would like to employ other perceptual
quality metrics. We are also planning to extend the current
framework to 3D reconstruction and study parameter
optimization on different scanning scenarios, for examp le,
patient size, X-ray tube’s voltage and current.
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Figure 4. A central slice of a reconstruction for a new dataset. (a) low-dose OS-SIRT . (b) gold-standard FDK by 360 projections. (c) low-dose ASD-PCOS
and (d) optimized low-dose. (a), (c) and (d) use 60 projections and 60 iterations.

