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Abstract
An a priori construction technique is proposed, utilizing a mini-
mal swarm optimizer to achieve enhanced reconstruction accuracy.
Central to the method is the incorporation of a priori information,
constructed dynamically without prior knowledge of material prop-
erties, positions, or structural details. Instead, this a priori informa-
tion is derived directly from sinogram projections for each defined
angle in the set. A novel dynamic masking strategy leverages these
sinogram-derived values to identify certain entries, generating a pri-
ori data structure that removes regions in the reconstructed image
corresponding to zero sinogram values, thereby achieving theoreti-
cal dimensionality reduction. This approach effectively eliminates
noise and artifacts, resulting in significantly lower reconstruction
and reproduction errors.

CCS Concepts
• Computing methodologies→ Image processing; • Theory
of computation → Bio-inspired optimization.
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1 Introduction
Tomographic reconstruction is a computational technique that in-
volves reconstructing an image or object from its projection data,
typically acquired using imaging modalities such as computed to-
mography (CT) or X-ray imaging. These projections represent in-
tegrals of the internal structures of the object along defined paths,
and the reconstruction process aims to reverse this transformation
to generate a detailed representation of the internal composition of
the object.

In the context of tomographic reconstruction, the challenge of
few-view reconstruction arises when the number of projection
angles is severely limited due to constraints such as reduced ac-
quisition time, radiation dose minimization, or hardware limita-
tions. Such under-sampled data leads to an ill-posed reconstruction
problem which is under-determined, characterized by significant
artifacts, loss of detail, and reduced reconstruction accuracy. The
available information is insufficient to uniquely and accurately
determine the object, and as a result, noise is introduced and prop-
agated throughout the reconstruction process which results in dis-
tortion and corruption of the reconstruction image.

Conventional reconstruction methods, such as filtered back-
projection (FBP) [42], are computationally efficient, requiring only
one iteration [29], but are generally unsuitable for scenarios with
limited projection views [29]. Despite its efficiency, FBP often ampli-
fies noise and introduces streak artifacts, particularly in reconstruc-
tions with sparse or noisy projection data [29]. Recent advance-
ments in computational power have facilitated iterative methods
like Algebraic Reconstruction Techniques (ART) [27], which rely
on Kaczmarz’s method [31] to address the challenges of few-view
imaging. ART sequentially updates the solution as an iterative
method by projecting back individual ray sums, making it effective
for sparse-view problems, however, this methodology is prone to
introducing artifacts, such as noise amplification and overfitting,
particularly in cases with sparse data.

Simultaneous Iterative Reconstruction Technique (SIRT) [25] is
particularly robust in handling incomplete data and demonstrates
resilience to noise, making it suitable for sparse-view scenarios.
However, while SIRT effectively reduces certain types of noise,
it can still exhibit residual low-frequency noise patterns in the
reconstructed images, especially when the initial guess is poorly
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chosen [25]. On the other hand, Simultaneous Algebraic Recon-
struction Technique (SART) [12] is known for its fast convergence
and ability to produce high-quality images. Despite this, SART is
prone to streaking artifacts and noise propagation, particularly in
cases of incomplete projection data [46]. Additionally, both meth-
ods come with significant computational demands [38], further
limiting their scalability for real-time applications or large-scale
reconstructions.

Deep learning contributes solutions to challenges like noise re-
duction, artifact suppression, and enhanced image quality in limited-
data scenarios. Methods such as multi-layer clustering-based resid-
ual sparsifying transform [19], hierarchical decomposition of do-
main transforms [24], and residual neural networks for monochro-
matic imaging [20] exemplify the advancements. These approaches
leverage advanced neural architectures, such as U-Net [30], Cycle-
GAN [18], and model-based deep learning [47], to integrate prior
knowledge, refine reconstructions, and address ill-posed inverse
problems. Despite notable successes, including reduced errors and
improved metrics, several challenges persist, such as dataset de-
pendency, high computational costs, and limited generalizability to
diverse clinical settings.

Swarm intelligence is a computational methodology which is
rooted in the self-organizing behavior of decentralized systems
where it has shown significant potential in addressing the chal-
lenges of few-view tomographic reconstruction (TR). Algorithms
inspired by biological systems, such as Particle Swarm Optimiza-
tion (PSO) [34], Ant Colony Optimization (ACO) [21], and Artifi-
cial Bee Colony (ABC) [32], effectively navigate non-convex, high-
dimensional search spaces, making them well-suited for the ill-
posed nature of limited-data TR [22, 23, 34]. Herman and Kuba [28]
applied PSO to handle data scarcity in discrete TR, ensuring particle
convergence within defined limits while demonstrating its feasi-
bility on binary matrices. Similarly, Qureshi et al. [41] addressed
few-view reconstruction in low-dose CT by optimizing cost func-
tions such as RMSLE, enabling Simulated Annealing (SA) to reduce
artifacts and improve image quality, outperforming Filtered Back
Projection (FBP) and Algebraic Reconstruction Technique (ART).
Mishra [36] proposed a Hybrid Multiagent-Based Adaptive Ge-
netic Algorithm (HMAGA) for limited-view tomography, leverag-
ing adaptive rates, oppositional learning, and simulated annealing
to enhance convergence. Polar Bear Optimization (PBO), which is
designed for incomplete data scenarios, has utilized parallelized
computations to expedite convergence while improving reconstruc-
tion accuracy in few-view contexts [40]. Additionally, heuristic
methods like ABC outperformed traditional approaches in stability
and convergence speed, effectively adapting to sparse projections
and enhancing reconstruction precision [39].

This paper reports on a comparative analysis of a standard ver-
sion of a minimlaist swarm optimiser-dispervise flies optimization
(DFO), and DFO with a priori-informed dimensionality reduction
(DFO-DR), alongside classical reconstruction algorithms such as
ART, FBP, and SIRT. The key differentiator for DFO-DR lies in
its incorporation of angular a priori, which systematically masks
non-contributing regions of the reconstruction domain. This di-
mensionality reduction process significantly reduces the number of
pixels requiring reconstruction, thereby focusing reconstructions
on valid regions, thereby eliminating peripheral noise and artifacts.

When compared to standard DFO, DFO-DR consistently outper-
forms in benchmark experiments. The dimensionality reduction
enabled by the a priori map not only enhances computational ef-
ficiency but also reduces noise propagation, resulting in higher-
quality reconstructions. Visual comparisons further corroborate
these findings, with DFO-DR reconstructions exhibiting signifi-
cantly less noise and sharper delineation of object boundaries. These
results underscore the transformative impact of integrating angu-
lar a priori with swarm optimization techniques, enabling focused
and efficient reconstruction while achieving superior image quality
relative to both standard DFO and classical reconstruction methods.

2 Dispersive Flies Optimization
Dispersive Flies Optimization (DFO) is a minimal implementation
of Particle Swarm Optimization (PSO) without memory [2]. Po-
sitional vector updates are relative to present position and not
historical position. The algorithm functions by determining the
best global position 𝑔𝑡+1 and the best neighboring positions 𝑛𝑡+1

𝑖
in

a ring topology. Unlike standard PSO, DFO deploys a probabilistic
jump mechanism [16] as part of the process to update each posi-
tion. The exploration and exploitation behavior of the algorithm is
investigated in [3].

The update follows a process where, for each particle 𝑖 , if a
randomly drawn value 𝑢 ∼ 𝑈 (0, 1) is less than a predefined jump
probability Δ, the positional component 𝑥𝑡+1

𝑖𝑑
is redrawn from a

uniform distribution along the search space axis 𝑑 , denoted as
𝑈 (𝑋𝑑 ):

𝑥𝑡+1
𝑖𝑑

∼ 𝑈 (𝑋𝑑 ), if 𝑢 ∼ 𝑈 (0, 1) < Δ (1)
Otherwise, the position update is guided by the local best neigh-

bor, adjusted by a weighted perturbation term involving the global
best position:

𝑥𝑡+1
𝑖𝑑

= 𝑛𝑡+1
𝑖𝑑

+ 𝜙𝑢1 (𝑔𝑡+1𝑑
− 𝑥𝑡

𝑖𝑑
) (2)

where𝑢1 ∼ 𝑈 (0, 1) and 𝜙 is a scaling factor typically constrained
to the range [0,

√
3] based on convergence analysis of stochastic

difference equations [16]. The algorithm integrates both global and
local search strategies, with two tunable parameters:𝑁 (swarm size)
and Δ (jump probability). In prior studies, 𝜙 has been consistently
set to 1. The algorithm has been applied to a wide range of problems
in computer vision, aesthetics measurement and art, optimizing
food processes, placement of unmanned aerial vehicles, electronics,
data science and neuroevolution [1, 4, 9–11, 13–15, 37].

2.1 DFO and Few-View Tomographic
Reconstruction

Researchers who have applied DFO to the reconstruction prob-
lem, in their work [6], proposed a high diversity swarm optimizer
to binary tomographic reconstruction under few-view scenarios
DFOMAX.

In subsequent work [5], DFO was also compared with conven-
tional and swarm intelligence algorithms on five reconstruction
phantoms, including the 2-dimensional clinically feasible Shepp-
Logan phantom. The experiments incorporated clamping to con-
fine particle movements within the search space boundaries. Pre-
optimization comparisons showed that DFO underperformed in one
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of the metrics, reconstruction error, 𝑒1 (see Eq. 5 which examines
the phantom’s projection data against those of the reconstructed
images) compared to ART, SART, and SIRT, but excelled in another
metric, reproduction error, 𝑒2 (see Eq. 6 which measures the re-
constructed image’s similarity to the original phantom) against
LPSO and Differential Evolution (DE). Hyperparameter tuning is
performed and experiments are run again using the optimized ver-
sion (DFO-TR) which achieved the lowest 𝑒2 much improved 𝑒1,
with the study suggesting hybridization of DFO with conventional
methods for further improvements.

Further works include [7] where a search space expansion pro-
cess is proposed via enlargement of the search space in a series of
increasing sizes as a measure of mitigating premature convergence.
The swarm optimizer searches in a series of progressively larger
subspaces until the final subspace is identical to the full search
space. Experiments are conducted with the same hyperparameter
and experimental settings from [5]. The proposed methodology
was successful in eliminating salt-and-pepper noise where statis-
tical tests confirmed that increasing the number of search space
expansions up to 50 boxes significantly reduces reproduction error,
with diminishing returns beyond 50 boxes. Comparisons to classical
methods like ART, FBP, SART and SIRT showed DFO-50 achieved
the lowest median reproduction error for all projections and outper-
formed SIRT in reproduction quality, despite SIRT producing the
lowest reconstruction error. The combination of boxing and clamp-
ing strategies effectively eliminated noise, resulting in artifact-free
reconstructions. DFO-50 demonstrated superior performance over
other population-based algorithms, such as PSO and DE.

Further refinement to the search space expansion methodology
is performed via total variation regularization by [8] to eliminate
salt-and-pepper noise which is reported to increase the fidelity of
reconstructed image in comparison to the original phantom. The
experimental results found that the 𝑒1 error increased, however, this
was complemented by a decrease in the 𝑒2 error thereby successfully
increasing the reproduction quality.

2.2 Use of a priori information in
reconstruction

In the context of tomographic reconstruction, a priori refers to
predefined information or assumptions about the object being re-
constructed, which are integrated into the reconstruction algorithm
to provide additional constraints. a priori can take various forms
depending on the application and the nature of the object. Com-
mon examples include assumptions about the smoothness of the
reconstructed image, sparsity of certain features, uniformity within
specific regions, or known boundaries of materials or structures
within the object [17]. Various types of a priori are employed to
enhance image quality and address challenges posed by limited
or noisy data. Geometric a priori incorporate known structural
information, such as shapes or boundaries, to improve the accuracy
of reconstruction algorithms in representing an object’s geome-
try, particularly in constrained scenarios [35]. Statistical a priori
leverage probabilistic models, including assumptions about noise
distributions or image correlations, to guide the reconstruction pro-
cess by integrating prior statistical knowledge [26]. Sparsity a priori

assumes that the target image has a sparse representation in spe-
cific domains, such as wavelets or gradients, enabling high-quality
image recovery by promoting solutions with minimal non-zero co-
efficients, thereby mitigating noise and artifacts [43]. Additionally,
learned a priori rely on machine learning models trained on large
datasets to capture intricate patterns and structures, allowing for
more nuanced and data-driven reconstructions [44]. These a priori
collectively form a robust framework for improving reconstruction
fidelity across diverse tomographic applications.

3 Problem Statement
Parallel rays are used to model incident beams, with each ray strik-
ing the center of a detector or projection bin. The imaging process
is represented by a projection matrix 𝐴 ∈ R𝑚×𝑛

≥0 , where𝑚 denotes
the total number of rays collected, calculated as the product of the
number of rays per projection angle and the number of projection
angles, and 𝑛 represents the number of pixels in the reconstructed
image. Given a vector of detector values 𝑏 ∈ R𝑚 , the reconstruction
problem, whether continuous or discrete, can be expressed as:

find 𝑥
{

∈ R𝑛

∈ {0, 1, . . . , 𝑘 − 1}𝑛, 𝑘 > 1 such that 𝐴𝑥 = 𝑏 (3)

The binary problem is 𝑘 = 2 i.e. with 𝑥 ∈ {0, 1}𝑛 . Since the
equation 𝐴𝑥 = 𝑏 is, in general, underdetermined, it cannot be
inverted. Instead an approximate solution 𝑦 must be obtained (e.g.
by filtered back projection, or by algebraic reconstruction). This
trial solution is forward projected according to the measurement
model:

𝐴𝑦 = 𝑐 (4)
with an associated reconstruction error

𝑒1 (𝑦) = ∥𝑏 −𝐴𝑦∥22 (5)
An iterative approach generates a sequence of candidate solu-

tions, denoted as 𝑦 (𝑘 ) , 𝑘 = 1, 2, . . ., with each iteration producing
solutions that progressively reduce the associated error.

In the case of a binary reconstruction problem, 𝑘 = 2, meaning
𝑥 ∈ 0, 1𝑛 . Since the equation 𝐴𝑥 = 𝑏 is typically underdetermined,
it cannot be directly inverted. Therefore, an approximate solution 𝑦
must be determined using methods such as filtered back-projection
or algebraic reconstruction. This approximate solution is then for-
ward projected according to the measurement model:

𝑒2 =


𝑦 − 𝑥∗




1 (6)

A zero value of 𝑒1 indicates that the equation 𝐴𝑦 = 𝑏 has been
satisfied; however, this does not ensure that the reconstructed image
faithfully represents the original phantom. The reproduction error
𝑒2 serves as an additional metric, where a value of zero signifies that
the reconstructed image is an exact replica of the original, thereby
it is representative of the image reconstruction quality.

Previous works incorporating a priori have mainly focused on
the integration of known information such as the location, shape,
or material properties of the object being reconstructed. These ap-
proaches leverage predefined geometrical or structural information
to constrain the solution space, often resulting in improved accu-
racy and reduced noise or artifacts in the reconstructed images. For
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instance, a priori such as boundary contours, known symmetries, or
sparsity assumptions have been utilized to enhance reconstructions
in scenarios with limited or noisy projection data. However, these
methods typically rely on prior knowledge obtained through exter-
nal measurements, additional imaging modalities, or user-defined
inputs, which may not always be available or practical in real-world
applications.

Tomographic reconstruction in sparse or few-view scenarios
becomes significantly more challenging when no prior geometric
information or material properties of the object are available. In
such cases, reconstruction algorithms must operate in a blind set-
ting, relying solely on the projection data for guidance. This lack
of external information exacerbates the ill-posed nature of the in-
verse problem, as the limited and incomplete sinogram data provide
insufficient constraints for accurate reconstruction.

This problem becomes even more complex when dealing with
diverse projection angles, where the relationship between detector
values and intersected regions in the reconstruction space must
be inferred entirely from the sinogram. Developing a framework
capable of constructing these a priori maps in real-time is critical
for enabling efficient and high-quality tomographic reconstruction
under blind conditions, where no a priori knowledge is available.

3.1 Challenges with Constructing Real-Time a
priori Information

Constructing an a priori map from unknown or partially available
information, such as sinogram data, is a challenging task due to
the inherent ill-posedness and under-determined nature of the to-
mographic reconstruction problem. Unlike scenarios where prior
knowledge is explicitly available – such as known material proper-
ties, geometry, boundaries, or structural details – deriving a priori
from limited or noisy sinogram data requires the extraction of
meaningful patterns and features directly from the projections.
This process is complicated by the fact that sinograms often con-
tain incomplete or corrupted information, especially in few-view
or low-dose scenarios, where the data is insufficient to uniquely
determine the underlying image [17].

Furthermore, sinogram data represents integrals along defined
paths rather than direct spatial information, making it non-trivial to
infer localized image features or structural properties. Any attempt
to construct a priorimust therefore involve sophisticated techniques
to analyze and transform this projection data into constraints or
assumptions that can guide the reconstruction process. Additionally,
noise and inconsistencies in the sinogram further complicate the
task, as these factors can propagate into the derived a priori, leading
to inaccuracies or biases in the reconstruction [33].

3.2 Projection Geometry
The experiments reported in this work use the ASTRA Toolbox [45]
which supports two key projection geometries: parallel beam and
fan beam. In parallel beam projection, X-rays travel along parallel
paths, ensuring uniform sampling and simplifying reconstruction,
making it ideal for scenarios requiring consistent data across all
angles. Fan beam projection, on the other hand, models X-rays
diverging from a single source to a curved detector array, captur-
ing localized details with higher resolution near the source. In the

experiments reported in this work, the projection mechanism em-
ployed is the parallel beam projection. In parallel beam geometry,
the projection at angle 𝜽 is computed as the line integral of the
object 𝑓 (𝑥,𝑦) along straight lines parallel to the detector array.
The projection can be expressed mathematically using the Radon
Transform:

𝑃𝜃 (𝑠) =
∫ ∞

−∞
𝑓 (𝑠 cos𝜃 − 𝑡 sin𝜃, 𝑠 sin𝜃 + 𝑡 cos𝜃 )𝑑𝑡 (7)

where 𝑃𝜃 (𝑠) is the projection value at angle 𝜃 and position 𝑠 along
the detector; 𝑓 (𝑥,𝑦) represents the object being imaged; 𝑠 and 𝑡 are
coordinates along the rotated axes determined by 𝜃 .

4 Real-Time a priori Construction
The focus of this work is to build on the existing research and to
optimize the performance of swarm-driven tomographic reconstruc-
tion algorithm via dimensionality reduction of valid reconstruction
regions. This is achieved via the construction of a real-time a pri-
ori map which is built from the sinogram projection values and
incorporation of this as a masking mechanism to ignore regions
not contributing to the sinogram values, thereby achieving simulta-
neous noise and artifact removal from the corresponding regions.

The prior in this implementation is defined as a two-dimensional
a priorimap which is responsible to keep track of the pixel positions
and corresponding a priori True/False values. Each entry in the
map corresponds to a specific pixel in the reconstruction grid, with
a True value indicating that the pixel is valid and contributes to
the reconstruction, while a False value signifies that the pixel
should be masked due to insufficient or zero contribution from the
projection’s sinograms data.

Figure 1 shows the a priori map creation when different numbers
of projections from several angles are used. The figure on the right is
the original phantomwhereas the 5 corresponding figures represent
the a priori map for 1 angle (0° and 90° separately), 2 angles (0° and
90° together), 3 angles (0°, 45° and 90°) and 6 angles corresponding
to the projection angles in the toolbox (0°, 30°, 60°, 90°, 120°, 150°).

4.1 Dimensionality Reduction
Dimensionality reduction in the context of tomographic reconstruc-
tion refers to the removal of unused or irrelevant regions in the
data, effectively reducing the problem size and improving compu-
tational efficiency. This process focuses on eliminating areas that
do not contribute meaningful information to the reconstruction,
thereby simplifying the problem without affecting the quality of the
reconstructed image. By excluding these unused regions, the recon-
struction pipeline not only reduces the computational load but also
mitigates the propagation of noise and artifacts from irrelevant ar-
eas. Another work related to low-dose computed tomography [33]
demonstrated a similar approach where sinogram denoising tech-
niques suppressed noise while retaining critical features, implicitly
focusing only on the relevant regions of the data. Incorporating di-
mensionality reduction by removing unused regions ensures faster
processing times and enhanced accuracy, particularly in scenarios
where the data is sparse or affected by noise.

The reconstruction image is represented as a grid, correspond-
ing to the total number of pixels in the image (i.e. width × height)
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Figure 1: Sample phantom and corresponding a priori maps for increasing angular a priori masking. As the number of angular
a priori increases, the final reconstructable region follows the original shape of the phantom more closely.

Phantom 1 angle 1 angle 2 angles 3 angles 6 angles
No angles 0° 90° 0°, 90° 0°, 45°, 90° 0°, 30°, 60°, 90°, 120°, 150°

which reflects the number of adjustable values to be optimized
during the reconstruction process. The objective of dimensionality
reduction is to restrict the reconstructable region to focus exclu-
sively on the object(s) of interest, thereby reducing the range of
updatable pixels. This targeted approach is designed to lower com-
putational requirements and processing time while simultaneously
suppressing salt-and-pepper noise, particularly in the peripheral
empty regions.

Phantom 1 Phantom 2 Phantom 3 Phantom 4 Phantom 5
No a priori 4096 (100%) 4096 (100%) 4096 (100%) 4096 (100%) 4096 (100%)

1 Angle 3200
(78.12%)

3328
(81.25%)

1600
(39.06%)

3904
(95.31%)

2560
(62.5%)

2 Angles 1750
(42.72%)

2548
(62.21%)

825
(20.14%)

3599
(87.87%)

2160
(52.73%)

3 Angles 1673
(40.84%)

2500
(61.04%)

570
(13.92%)

3276
(79.98%)

2004
(48.93%)

6 Angles 1349
(32.93%)

2314
(56.49%)

367
(8.86%)

2959
(72.24%)

1784
(43.55%)

Table 1: Number of pixels for phantoms 1 to 5 after a pri-
ori map application. The search space is decreased as non-
contributing pixels are removed.

Table 1 shows the dimension of the valid reconstruction region
under different a priori scenarios where the default pixel dimension
is 4096 pixels which corresponds to a 64 × 64 phantom when no
a priori is applied. When a priori from a single projection angle
are incorporated, the dimensionality is reduced, such as in Phan-
tom 1, where the search space size decreases to 3200, representing
78.12% of the original dimensions, and in Phantom 3, where it
reduces to 1600, representing 39.06% of the original size. As the
number of angles increases, further reductions are observed across
all phantoms. For instance, in Phantom 1, the search size decreases
progressively from 3200 (1 angle) to 1349 (6 angles), representing
32.93% of the original dimensions, while in Phantom 3, it reduces
to 367 (8.86%) with 6 angles. The most significant dimensionality
reduction is observed in Phantom 3, attributed to its smaller and
more isolated reconstruction region, which consists predominantly
of empty spaces.

Therefore, as the number of projection angles increases, the
a priori maps become progressively refined, effectively isolating
valid regions of the phantom while masking non-contributing areas
(see Figure 1. This refinement demonstrates the efficacy of multi-
angle a priori in enhancing reconstruction accuracy by focusing
computational efforts on the relevant regions.

5 Experiments and Results
The DFO optimizer was run with optimal settings as presented
in [5] where 𝑁 = 2, 𝜎 = 1.7320508, and Δ = 0.001 for 100,000
functional evaluations (FEs) on each phantom. The dataset used
for the experiments contain five phantoms of size 642, where phan-
toms 1-4 are binary reconstruction phantoms and phantom 5 is
the Shepp-Logan phantom. The experiments are focused on sparse-
view scenarios with 6 projection angles for reconstruction and a
priori incorporation to simulate the extreme-few view scenario,
demonstrating the role of dimensionality reduction.

5.1 Results
All experiments are simulated under the few-view scenario with
only 6 projection angles. Table 2 lists the 𝑒1 and 𝑒2 median errors for
30 runs. This is then followed by the results of the Wilcoxon rank
sum statistical analysis at a confidence level of 95% to assess the
improvement of DFO-DR with different projection a priori which
are shown in Table 3 and Table 4.

The results indicate a proportional relationship between the
number of angular a priori and image quality. It is observed that
when a priori are applied, the 𝑒1 and 𝑒2 errors are lower and de-
crease further as the angular a priori increase from two a priori
angles as represented by DFO-DR 2 to six a priori angles in DFO-
DR 6 which is demonstrated as the best performing reproducing
method among all DFO-DR configurations and is the best overall
performer among the algorithms used in this study including the
toolbox algorithms when comparing 𝑒2 scores. The incorporation
of additional angular a priori allows for more effective masking of
non-contributing regions in the reconstructed image, resulting in
further dimensionality reduction. This reduction eliminates noise,
particularly in peripheral and non-contributing regions, thereby
enhancing reconstruction quality. The highlight of this paper is
addressing the trade-off between reduced blurriness for increased
noise in reconstruction reported in [5]. Figure 2 illustrates the recon-
structed phantoms for all algorithms including DFO with a priori
map applied. It is observable that there is a significant reduction in
noise for phantoms with a priorimap applied where more angular a
priori contribute towards lower noise and thus higher image quality,
therefore achieving reduction in both blurriness and noise.

The reconstruction error 𝑒1 measures how well the predicted
sinogram matches the observed data, focusing on accuracy in the
projection domain. However, this does not always guarantee that
the reconstructed image will be visually accurate or faithful to the
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Phantom 1 Phantom 2 Phantom 3 Phantom 4 Phantom 5

𝑒1 𝑒2 𝑒1 𝑒2 𝑒1 𝑒2 𝑒1 𝑒2 𝑒1 𝑒2

FBP 881101300 425778 2552608300 396555 1572601300 396969 13681514000 341521 1179886800 326454

ART 511 216081 21532 306143 3449 239804 8068 359476 2881 289093

SART 2 214884 7 300664 0 236242 10 351830 0 287494

SIRT 0 246053 0 308809 0 243335 0 369252 0 292781

DFO-TR 20745893 46911 14819366 73059 30909058 43668 4667552 140024 5082287 113467

DFO-DR 2 48676 2850 1120890 30206 133 85 1773380 133713 194098 100533

DFO-DR 3 36489 2370 1059414 30162 1.56 4.58 10201136 131285 170572 99237

DFO-DR 6 4504 596 847241 27393 0 0 622193 129755 111108 98332

Table 2: Table representing 𝑒1 and 𝑒2 values for different algorithms across five phantoms in the extreme few-view scenario

Algorithm ART CGLS FBP SART SIRT DFO DFO-DR 2 DFO-DR 3 DFO-DR 6
ART NA 0 5 0 0 5 4 4 4
CGLS 5 NA 5 0 0 5 5 4 4
FBP 0 0 NA 0 0 5 2 1 1
SART 5 5 5 NA 0 5 5 4 4
SIRT 5 5 5 5 NA 5 5 4 4
DFO 0 0 0 0 0 NA 0 0 0
DFO-DR 2 1 0 3 0 0 5 NA 0 0
DFO-DR 3 1 1 4 0 0 5 4 NA 0
DFO-DR 6 1 1 4 1 1 5 5 5 NA

Table 3: Algorithm comparison based on 𝑒1. The numbers indicate statistically significant wins for the algorithm in the left-hand
column versus the algorithm in the top row.

Algorithm ART CGLS FBP SART SIRT DFO DFO-DR 2 DFO-DR 3 DFO-DR 6
ART NA 5 4 0 5 0 0 0 0
CGLS 0 NA 2 0 0 0 0 0 0
FBP 1 3 NA 1 1 0 0 0 0
SART 5 5 4 NA 5 0 0 0 0
SIRT 0 5 4 0 NA 0 0 0 0
DFO 5 5 5 5 5 NA 0 0 0
DFO-DR 2 5 5 5 5 5 5 NA 0 0
DFO-DR 3 5 5 5 5 5 5 4 NA 0
DFO-DR 6 5 5 5 5 5 5 5 5 NA

Table 4: Algorithms comparison based on 𝑒2. The numbers indicate statistically significant wins for the algorithm in the
left-hand column versus the algorithm in the top row.

original object. By contrast, reproduction error 𝑒2 directly evalu-
ates how closely the reconstructed image resembles the original
phantom, making it a more reliable indicator of image quality in ap-
plications where clear and interpretable reconstructions are crucial.
The toolbox algorithms are effective at minimizing 𝑒1, but they of-
ten produce blurred images with artifacts. Conversely, the DFO-DR
configurations prioritize minimizing 𝑒2, resulting in sharper recon-
structions and better preservation of the object’s internal structures
and details.

Table 3 reports on the Wilcoxon statistical significance test on
reconstruction error, 𝑒1 for the algorithms at a significance level of
0.05. The rows indicate the instances that an algorithm performed

better than the algorithm in the corresponding column. It is ob-
servable that the toolbox algorithms ART, CGLS, FBP, SART and
SIRT all outperform the standard DFO configuration across all 5
phantoms. DFO with three and six a priori masking configurations
(DFO-DR3 and DFO-DR6) have shown improvement by outper-
forming FBP in four phantoms against FBP and all five phantoms
against standard DFO configuration. However, the best performing
DFO configuration, DFO-DR6 still generally underperforms in com-
parison to other toolbox techniques in four out of five phantoms in
comparison to ART, CGLS, SART and SIRT.

Table 4 reports on the reproduction error, 𝑒2 Wilcoxon statistical
significance test. It is observable that all DFO configurations out-
perform all the toolbox algorithms across all phantoms. The DFO
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configurations with a priori masking applied have shown further
improvement over standard DFO across all five phantoms. DFO-
DR6 emerges as the outperforming algorithm across all phantoms
and comparisons, thereby showcasing the impact on the angular a
priori and its related masking on the reconstruction quality.

Table 5 presents the detailed 𝑒2 results where the cells display
the median of 30 trials for each phantom where lighter shading in-
dicates lower 𝑒2 and vice versa. The 𝑒2 results demonstrate that the
presented approach consistently achieves lower reproduction error
𝑒2 across all phantoms when compared to the toolbox algorithms.
Among the toolbox methods, the highest 𝑒2 error is observed with
CGLS for Phantoms 2, 4, and 5, while FBP exhibits the highest errors
for Phantoms 1 and 3, aligning with findings reported by [5].

For Phantom 1, the introduction of just two angular a priori re-
sulted in a 93% reduction in 𝑒2 error, which was further reduced by
an additional 16.85% and 75%with three and six a priori, respectively.
The best-performing configuration, DFO-DR6, achieved 98.73% im-
provement in 𝑒2 compared to the DFO configuration without a
priori maps on phantom 1. The performance of DFO-DR6 excelled
the most for Phantoms 1 and 3, where the largest reductions in
reproduction error were observed. For Phantom 3, the reproduction
error 𝑒2 reached zero, indicating that the exact reconstruction of
the original phantom was achieved.

In contrast, the improvements for phantoms 4 and 5 were 7.4%
and 13.52% respectively which indicates limitations with recon-
struction algorithms due to the more complex phantoms.

5.2 Total Variation Regularization
The a priori masking technique effectively removes noise and ar-
tifacts outside the object by eliminating non-contributing pixels.
However, it does not improve the internal structure of the recon-
structed image, where noise can still be present. To address this,
Total Variation (TV) regularization was used to smooth and reduce
noise inside the object while preserving important edges. TV regu-
larization functions by encouraging the reconstruction of a more
uniform image, helping to enhance fine details. However, it can fail
to effective remove noise from the outer regions. By combining a
priori masking for external noise removal with TV regularization
for internal smoothing, the reconstruction process becomes more
effective, in essence, utilizing two complementing methods.

Per work from [8], further refinement is performed to further
enhance denoising with the a priori map. The best performing
DFO configuration, namely DFO-DR6 is selected and total variation
regularization is performed with the Shepp-Logan phantom for
the 64 × 64 phantom to assess the impact of applying both total
variation regularization and a priori masking on the quality and
noise of the image. To finetune the adjustable parameter, 𝜇, a range
of values spanning from [0, 1000] is selected, with 30 independent
trials conducted for each 𝜇 value to conduct a statistical evaluation
of the outcome.

Table 6 shows the effect of the 𝜇 parameter on the 𝑒1 and 𝑒2
error where the best 𝜇 range is between 𝜇 = [95, 200]. The best
statistically significant performer is found to be 𝜇 = 95 with 24
significant wins out of 24.

Visual observations in Figure 3 confirm the hypothesis where
the incorporation of a priori-mapping with total variation regu-
larization results in much sharper reconstructions of the internal
structures whereas salt-and-pepper noise has been eliminated from
the external regions. Furthermore, the hybrid incorporation of a
priori masking with the total variation regularization is shown to
produce sharper reconstruction which is visually more indicative
of the grey pixels present in the original phantom as compared to
using TV regularization or a priori masking independently.

𝜇
(a) Error values (b) Statistically significant cases
𝑒1 𝑒2 𝑒1 𝑒2

0 108777 95650 24 0
1 373924 98221 23 1
5 1403682 97100 22 2
10 2608908 96155 21 4
15 3731809 94166 20 5
20 4785380 91390 19 3
25 5702015 90640 18 6
30 6559728 88319 17 8
35 7358343 87218 16 11
40 8050741 85279 15 9
45 8670224 84284. 14 10
50 9332369 82796 13 7
55 9869655 82235 12 17
60 10357761 81661 11 12
65 10947302 80015 10 14
70 11430802 79931 9 18
75 11832489 78829 8 19
80 12282988 77939 7 16
85 12678018 77016 6 13
90 13216012 77073 5 15
95 13696451 76154 4 24
100 14131145 76164 3 23
150 18419890 74830 2 20
200 23113224 73997 1 20
1000 90728610 75997 0 22

Table 6: Fine-tuning results for 𝜇: (a) Median error values for
𝑒1 and 𝑒2, (b) Statistically significant scenarios for 𝑒1 and 𝑒2.
Darker shading represents the largest statistically significant
outperformance.

6 Conclusions
This paper presents the application of a real-time prior by construct-
ing a priori maps using sinogram detector values obtained from
parallel projections. The study evaluates three a priori incorpora-
tion strategies, comparing their impact on the error metrics and
the reconstruction quality. The findings demonstrate that the use
of a priori maps and masking effectively reduces errors in both the
reconstruction (𝑒1) and reproduction (𝑒2) domains. Visual results
further support these observations, showing significant salt-and-
pepper noise elimination. Among the tested techniques, the DFO
with six angular a priori (DFO-DR6) emerged as the most effective,
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Figure 2: Visual reconstruction comparison of toolbox algorithms with all DFO configurations. It is observable that DFO
configurations with more angular a priori result in sharper reconstruction with salt-and-pepper noise removed.
Phantom FBP ART SART SIRT CGLS DFO DFO-DR 2 DFO-DR 3 DFO-DR 6

ART CGLS FBP SART SIRT DFO DFO-DR 2 DFO-DR 3 DFO-DR 6
Phantom 1 215811 416802 426382 214874 246054 46911 2850 2370 596
Phantom 2 306104 481477 397097 300757 308809 73059 30206 30162 27393
Phantom 3 239967 352404 397112 236259 243334 43668 85 4 0
Phantom 4 359961 453232 341694 351839 369251 140024 133713 131285 129755
Phantom 5 289161 417457 325745 287476 292780 113467 100532 99237 98134

Table 5: Reproduction error, 𝑒2, for each algorithm across the 5 phantoms. Darker shading represents a larger difference between
reconstruction and phantoms and vice versa.

Figure 3: Shepp-Logan Phantom Observation for TV-Regularization and a priori Masking applied
Phantom DFO DFO-DR6 DFO-DR6 + TV

achieving the lowest errors, primarily due to enhanced dimensional-
ity reduction that facilitated more efficient noise elimination during
image masking. Furthermore, improvements in image quality were
evident, with DFO-DR6, DFO-DR3, and DFO-DR2 ranking first, sec-
ond, and third, respectively in terms of the lowest 𝑒2 values across
all the compared algorithms. This work builds on and optimizes
the performance of the swarm algorithms introduced in this area.
Further experiments incorporating Total Variation regularization
have demonstrated additional improvements in image smoothing
and noise reduction, leading to a decrease in the reproduction error.
Improving the effectiveness of the proposed method over the more
complex phantoms is the subject of current investigation.

Future directions could include incorporating additional an-
gles to achieve higher degrees of dimensionality reduction to fur-
ther refine the reconstruction accuracy by selectively masking
non-contributory regions. Additionally, integrating adaptive or
data-driven a priori selection methods, such as learning-based ap-
proaches, could dynamically determine the optimal set of angles
based on the structure of the object being reconstructed. Another
promising avenue is the exploration of hybrid reconstruction strate-
gies that combine the benefits of data-driven and model-based ap-
proaches to leverage both learned a priori and physical constraints.
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