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Abstract
This study proposes the Ordered Subset Expectation Maximization–Asymptotic Non-local Means (OSEM-
ANLM) algorithm for sparse-view Computed Tomography (CT) reconstruction under limited-data conditions 
and evaluates its performance across different acquisition settings. The algorithms were evaluated using a 
digital phantom, a patient chest image, and brain/skull images from the Rando phantom. The acquisition geom-
etry remained a full 180° parallel-beam scan, while the number of uniformly distributed projection views was 
reduced from 180 to 60, 45, and 30 to simulate sparse-view CT acquisition. The proposed method was com-
pared with the conventional Algebraic Reconstruction Technique (ART). Quantitative assessment employed 
Peak Signal-to-Noise Ratio (PSNR), Normalized Root Mean Squared Error (NRMSE), and Structural Similar-
ity Index (SSIM), together with visual inspection and linear profile analysis. A SwinUNet deep learning model 
was developed for comparison with modern AI-based approaches. OSEM-based reconstructions (OSEM recon-
struction without post-processing regularization) produced higher-quality images under the evaluated sparse-
view conditions than ART, especially at lower view counts. Both OSEM-NLM (OSEM reconstruction followed 
by NLM regularization) and OSEM-ANLM (OSEM reconstruction followed by ANLM regularization) effec-
tively reduced streak artifacts caused by sparse-view (incomplete projection) acquisition, while OSEM-ANLM 
achieved superior residual artifact suppression and maintaining detail. For 30 and 60 views, PSNR improved 
from 30.8710 to 38.8510 to 33.1033 and 40.3210, respectively. The SwinUNet model achieved PSNR, and 
NRMSE values of 31.6043, and 0.0262 for 30 views, remaining inferior to the proposed method. OSEM 
outperformed ART, while ANLM reduce sparse-view-induced streak artifacts while maintaining the structural 
details present in the reconstructed images.

Keywords  Sparse-view · CT · Image reconstruction · Maximum-likelihood · Asymptotic non-local means · 
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Introduction

X-ray Computed Tomography (CT), since its inception in the 1970s, has become an indispensable tool in medi-
cal diagnosis. The increasing use of CT has also increased population exposure to medical ionizing radiation, 
making radiation dose optimization an important research priority1. Unlike occupational and public radiation 
exposure, medical exposure is governed by the principles of justification and optimization as recommended by 
the International Commission on Radiological Protection (ICRP)2. Recent modeling studies have suggested that 
CT-associated radiation may contribute substantially to the future cancer burden at the population level, further 
emphasizing the importance of developing dose-efficient imaging and reconstruction techniques3. Therefore, 
reducing radiation dose while preserving diagnostic image quality remains a major objective in CT imaging 
research.

Several approaches have been explored to achieve this, including reducing the tube current or exposure time 
in the X-ray radiation4. While effective in reducing radiation doses, this method causes noisy measurements due 
to a reduced number of photons reaching the detector5–8. This paper focuses on another approach called sparse-
view CT. In sparse-view CT, projections are acquired over the same overall angular range but with fewer angular 
samples than conventional CT. Unlike limited-angle CT, sparse-view acquisition does not necessarily restrict the 
angular coverage of the object; rather, it reduces the number of projection views used for reconstruction. Sparse-
view CT offers advantages such as decreased patient radiation exposure and shorter imaging times, crucial fac-
tors in medical imaging. However, it compromises image resolution and diagnostic accuracy in the reconstructed 
image9,10.

The Filtered Back Projection (FBP) algorithm is the most widely used CT reconstruction method, known for 
its speed and analytical approach, available in all commercial CT devices. However, FBP encounters challenges 
when the received data or projection numbers decrease, resulting in prominent streak artifacts11,12. Analytical 
methods also struggle to model the system’s physics comprehensively, accounting for factors such as photon 
counts, focal spot size, and detector response13. To address these limitations, Iterative Reconstruction (IR) algo-
rithms were introduced. IR methods excel in reducing image artifacts and noise with limited data. Unlike analyti-
cal methods that filter and reconstruct projections directly, IR methods adopt an iterative approach, refining the 
initial reconstructed image until specific criteria are met14–16.

Compressed Sensing (CS) theory offers an innovative method to tackle the reconstruction difficulties arising 
from insufficient projection data17. Sidky pioneered CT image reconstruction based on CS theory, utilizing the 
Algebraic Reconstruction Technique (ART) algorithm and Total Variation (TV) methods to handle situations with 
limited data availability18,19. The ART algorithm stands as a widely used IR algorithm employed for reconstruct-
ing sparse-view CT images. The ART algorithm was among the methods explored for reconstructing sparse-view 
CT images20,21. In 2019, Qu reconstructed sparse-view CT images using the ART algorithm in conjunction with 
the gradient-directional total variation method (BDTV), and 2020, incorporated the ART algorithm along with 
TV and the wavelet frame regularization method22,23. The ART algorithm introduced by Kaczmarz exhibits a 
relatively high convergence speed and performs reasonably well in reconstructing images with limited data. 
However, this algorithm can generate noises like salt and pepper noise24. Additionally, images reconstructed 
using the ART algorithm often exhibit low quality. Consequently, this paper proposes the Ordered Subset Expec-
tation Maximizition (OSEM) reconstruction algorithm as an alternative to the ART algorithm.

The OSEM algorithm, introduced by Hudson and Larkin in 1994, is a Statistical Iterative Reconstruction (SIR) 
algorithm25. SIR algorithms present image reconstruction as an optimization problem, incorporating statistical 
photon counts in the reconstruction process26. While SIR techniques are extensively utilized in Positron Emis-
sion Tomography (PET) and Single-Photon Emission Computed Tomography (SPECT) imaging27, their adoption 
in CT has gained recognition, particularly in few-view and limited-angle CT image applications28,29. After the 
image reconstruction phase, regularization methods are applied to optimize the results. Sidky initially employed 
the TV minimization method as a regularization technique. However, it was demonstrated that the Non-Local 
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Means (NLM) filter was more effective in denoising images compared to TV regularization. This method was 
first implemented by Huang in sparse-view CT image reconstruction, resulting in superior outcomes when com-
pared to TV regularization30,31.

In the conventional NLM algorithm, the filter parameter h generally denotes the noise’s standard deviation. 
When h is larger, the weight ω(i, j) has a reduced influence on the Euclidean distance d(i, j) between image 
patches. On the other hand, a smaller h increases this influence. Consequently, in the presence of strong noise 
in the image, a larger h parameter causes the weights to tend towards consistency, resulting in the loss of image 
structure and details, ultimately making the image blurry. To address this issue, this paper employs the Asymptotic 
Non-Local Means (ANLM) algorithm, introduced by Huang32, as a post-reconstruction regularization method 
following sparse-view image reconstruction using the OSEM algorithm.

It should be noted that deep learning (DL) models are currently very popular, but it should be acknowledged 
that images generated by deep learning models remain only partially explainable. In many cases, these outputs 
show limited interpretability and reproducibility across datasets and acquisition settings. Moreover, deep learn-
ing reconstructions are susceptible to hallucinated structures and method-specific artifacts, whose underlying 
causes are often difficult to trace and rigorously validate. This concern is particularly relevant in sparse-view 
CT reconstruction, where the undersampling of the input data amplifies the risk of hallucination and structural 
inaccuracies. Similar issues have been reported in studies evaluating CNN (Convolutional Neural Network)- and 
transformer-based models under varying view conditions, indicating that despite improvements in metrics like 
Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM), the reconstructed features may not 
always correspond to anatomical reality21,23. Therefore, in this study, a DL model was also developed in order 
to compare its results with those obtained and to demonstrate the superiority of the proposed method under the 
experimental conditions considered in this study.

The goal of this research is to evaluate the OSEM-ANLM algorithm. In this study, the OSEM algorithm 
replaces the ART algorithm, enabling a comparative analysis of the results obtained from both algorithms. Since 
the limitations of FBP under sparse-view acquisition have been extensively demonstrated in previous studies11–16. 
the present work compares the proposed method with ART, a widely used iterative reconstruction algorithm for 
sparse-view CT, to provide a more meaningful evaluation under limited-data conditions. Additionally, the ANLM 
regularization method is introduced as a novel approach for image optimization and is compared against the 
NLM method.

This study is intended as an algorithmic proof-of-concept to evaluate the proposed reconstruction framework 
under controlled sparse-view conditions. The objective is to investigate the reconstruction performance of the 
proposed algorithm using retrospectively generated sparse-view parallel-beam projection data.

Materials and methods

CT imaging model

The CT imaging system is defined as a system of linear equations such as the following:

	 𝑝𝑝 𝑝 𝑝𝑝𝜇𝜇 + 𝑒𝑒𝑒� (1)

Where A represents a system determined by its geometry, focal spot, and other physical parameters. Μ signifies 
the reconstructed image, p refers to the acquired projection measurements, and e reflects the error due to measure-
ment noise. Formula (1) poses a challenging inverse problem with many potential solutions when reconstructing 
sparse-view CT images. As outlined in “Introduction”, iterative methods can generate satisfactory images under 
these conditions. Incorporating prior information or effective regularization techniques into the process is crucial 
for enhancing the quality of the reconstructed images.
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Reconstruction model

The OSEM algorithm is an improved version of the Maximum Likelihood Expectation Maximization (MLEM) 
algorithm. The MLEM algorithm, a well-established statistical estimation technique, was first introduced by 
Dempster in 197733. It was subsequently implemented on PET devices by Shepp and Vardy in 198234. This algo-
rithm aims to generate an estimate that maximizes the likelihood function, thereby producing an estimate that 
best fits the observed data. The Expectation Maximization (EM) algorithm, known for its effectiveness in obtain-
ing the Maximum Likelihood (ML) estimate, uses ML as its guiding principle and employs the EM approach to 
achieve the best result. The MLEM algorithm is defined as follows:

	
∑ 𝑗𝑗𝑎𝑎𝑗𝑗𝑗𝑗

𝑝𝑝𝑗𝑗
∑ ℎ𝑎𝑎𝑗𝑗𝑗𝜇𝜇 ℎ
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� (2)

where n denotes the number of algorithm iterations, pj represents the projections acquired from the device, 
∑ hajh𝜇𝜇h

*(n)  signifies projections derived from an initially guessed image, aji represents the image reconstruc-
tion parameter, 𝜇𝜇h

*(n)  indicates the initial guessed image, 𝜇𝜇h
*(n+1)  refers to the updated image after n iterations, and 

∑ N
h=1ajh denotes the operator used for normalization.

While the MLEM algorithm is a traditional iterative-based reconstruction method, its convergence rate is slow. 
Among the algorithms introduced, the OSEM algorithm stands out for its significantly enhanced convergence 
speed.

The overall concept behind the OSEM algorithm can be interpreted as an updated equation, similar to Formula 
(2):
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� (3)

where b indicates the number of the considered subset.

Regularization method

2.3.1. NLM Filter

The NLM method involves computing an averaged intensity by considering similarities across neighboring pix-
els in the image. This approach effectively reduces noise by averaging each pixel with its similar neighbors. The 
equation for this method is defined as follows:

	 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 (𝑥𝑥 (𝑖𝑖)) = 𝑥𝑥 (𝑖𝑖) = ∑ 𝑗𝑗∈𝑁𝑁𝑖𝑖𝑤𝑤 (𝑖𝑖𝑖 𝑖𝑖) 𝑥𝑥 (𝑗𝑗)� (4)

where x(j) represents the pixel intensity of j in the original image, and Ni represents the local search parameter. 
̂𝑥𝑥𝑥𝑥𝑥𝑥 denotes the estimated value at pixel i, and w(i, j) is determined based on the resemblance between pixels i and 

j, defined as follows:

	
𝑤𝑤 (𝑖𝑖𝑖 𝑖𝑖) = 1
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� (5)

where z(i) serves as a normalization factor, and x (vm) (m=i,j) corresponds to a vector of nearby pixel values. 𝜈𝜈 𝑖𝑖 
and 𝜈𝜈 𝑗𝑗 are two similar windows. ||.||22 denotes the squared l2 norm, and α indicates the spread of the Gaussian 
kernel. The h value also influences the weights and typically corresponds to the noise level in the respective 
image. As highlighted in “Introduction”, a larger h value tends to make the weights more consistent when the 
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image contains significant noise. Consequently, this may compromise the image’s structure and details, resulting 
in a blurry output.

ANLM filter

To address concerns regarding the h value, a multi-scale filter technique is utilized. This strategy improves the 
algorithm’s capacity to maintain the image’s structural details while incrementally reducing noise. To streamline 
the process, a two-stage filter is used. In this configuration, the first filter applies h₁(i) = 0.5σ uniformly across all 
points. Meanwhile, the input for the second filter, h₂(i), is applied point-by-point and takes into account the initial 
weight to smooth the noise standard deviation at each pixel:

	 ℎ2 (𝑖𝑖) = 𝜎𝜎 2 (𝑖𝑖) = √∑ 𝑗𝑗∈𝑁𝑁𝑖𝑖𝜔𝜔 2 (𝑖𝑖𝑖 𝑖𝑖)𝜎𝜎 2, 𝑖𝑖 ∈ 𝑁𝑁� (6)

The step-by-step implementation of the OSEM-ANLM algorithm through its pseudo-code description is defined 
as follows:

Psuedo code of the OSEM-ANLM Algorithm.
In the proposed OSEM-ANLM framework, the ANLM regularization is applied after each OSEM subset 

update. Following every subset reconstruction, the intermediate image is filtered using ANLM before proceeding 
to the subsequent subset.

AI method

Model architecture

It has been used the SwinUNet35 model to reconstruct, which is a hybrid convolutional-transformer network that 
combines a window-based self-attention module from the Swin Transformer with a U-Net-style encoder-decoder 
architecture. This structure allows contextual models of the whole image, as well as accurate localisation of 
space, making them suitable for sparse-view CT reconstruction. Architectural parameters were not adjusted to 
hyperparameters; hierarchical depth and window configurations followed the developed SwinUNet specification.
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Training procedure

The training was run on a T4 NVIDIA GPU in Google Colab for 50 epochs. The batch size was set to 4 as a com-
promise between the available GPU memory and the need for sufficiently stochastic gradient estimates, which 
inherently act as a regularizer. The learning rate of 1 × 10⁻⁴ was chosen after an empirical coarse grid search over 
{1 × 10⁻³, 1 × 10⁻⁴, 1 × 10⁻⁵} using a small held-out portion (20%) of the training data. The selected value proved 
to offer the most stable loss decay and highest validation PSNR among the tested candidates. Notably, this learn-
ing rate is also consistent with the default setting recommended in the original SwinUNet publication, ensuring 
reproducibility.

The Adam optimizer was employed due to its adaptive learning rate mechanism, which adjusts the step size 
for each parameter individually and leads to faster convergence in deep networks with high-dimensional feature 
spaces. Its momentum-based update rule (default parameters β₁=0.9, β₂=0.999) not only smooths the gradient 
updates but also helps stabilize gradient updates during training. Furthermore, Adam has been widely adopted 
in deep learning-based medical imaging applications because of its adaptive learning-rate mechanism and stable 
optimization behavior.

The objective function was L1 loss because it was selected for its ability to retain edge information in the 
image, thereby reducing blurring during reconstruction.

The validation set was evaluated after each epoch during training. Performance was monitored with respect to 
PSNR, Normalized Root Mean Squared Error (NRMSE), and SSIM. The choice of these measures was dictated 
by their consistency with the existing literature on CT reconstruction and their ease of comparison with existing 
sparse-view techniques.

It should be noted that three distinct SwinUNet models were trained independently, each corresponding to a 
different sparse-view scenario: 30, 45, and 60 projection views. All models shared identical architectural con-
figurations and training hyperparameters (batch size, learning rate, and optimizer settings) to ensure a fair per-
formance comparison. The primary goal of training these multiple models was twofold: first, to investigate the 
performance of SwinUNet under varying degrees of undersampling, and second, to provide a direct and con-
sistent basis for comparison against the conventional iterative reconstruction algorithms (OSEM and ANLM) 
evaluated in this study.

Testing and evaluation

The model analysis was performed on an NVIDIA RTX 2070 (8GB) graphics card. The reconstruction quality 
was quantitatively measured on the test set using PSNR, NRMSE, and SSIM, computed between the recon-
structed outputs and the corresponding full-view ground-truth images. Results are reported as mean ± standard 
deviation for all test samples under each sparse-view setting (30, 45, and 60 views).

Implementation details

PyTorch was used for all deep learning experiments. Pipelines used in training and testing were loaded with data, 
augmented, normalised, and all the metric values were automatically logged. Rebuild outputs were stored for 
later comparison and visualisation. The entire experiment workflow was planned to enable reproducibility and is 
in line with the reconstruction methodology described in the accompanying manuscript.

Evaluation

In this study, the conventional implementation (non AI-implementation) was carried out using Matlab 2022a 
on a 1.4 GHz Dual-Core Intel Core i5 processor with 4 GB RAM. Three different datasets were used in this 
study to evaluate the proposed reconstruction method: (1) a computer-generated digital phantom, (2) a physical 
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anthropomorphic RANDO phantom, and (3) clinical chest CT images acquired from patients. The digital phan-
tom was employed to provide a controlled reference for quantitative evaluation, including image profile analysis. 
The RANDO phantom was scanned to provide realistic anatomical structures under controlled imaging condi-
tions, while the clinical datasets were used to evaluate the proposed method on real patient data and to enable 
comparison with the AI-based method. The acquisition geometry remained a full 180° parallel-beam scan, while 
the number of uniformly distributed projection views was reduced from 180 to 60, 45, and 30 to simulate sparse-
view CT acquisition. The ART algorithm underwent 150 iterations, while the OSEM iterations and subsets were 
adjusted for compatibility with the ART algorithm, employing 15 iterations (10 subset per iteration). Four algo-
rithms, namely ART, OSEM, OSEM-NLM, and OSM-ANLM, were evaluated in this study. Image reconstruction 
was performed at a resolution of 512 × 512 pixels, producing CT images in Hounsfield Units (HUs). The chest 
image was obtained from male subjects using the GE Optima CT540 scanner, with acquisition settings of 300 
mAs current, 120 kVp voltage, and a pixel size of 0.97 millimeters.

The image of the male Rando phantom was obtained utilizing the GE LightSpeed VCT64 CT scanner at 260 
mAs current, 120 kVp voltage, and a pixel size of 0.78 millimeters. The clinical CT images acquired using the 
GE Optima CT540 and GE LightSpeed VCT scanners were reconstructed images (DICOM format) rather than 
raw projection data. To generate projection data suitable for evaluating the proposed reconstruction algorithms, 
each reconstructed image was imported into MATLAB and forward projected using the Radon transform to gen-
erate parallel-beam sinograms. Sparse-view datasets consisting of 30, 45, and 60 uniformly distributed projection 
views were subsequently obtained by angular subsampling of the generated sinograms. All reconstruction meth-
ods were therefore evaluated using the same parallel-beam projection geometry.

For the quantitative evaluation of reconstruction results, the PSNR, NRMSE, and SSIM are utilized and defined 
as follows:

	
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑃 𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃𝑃𝑃 ( (max(𝑢𝑢 ))2

||𝑢𝑢 𝑢 𝑢𝑢0||
2 )� (7)

where u is the reconstructed image and u0 is the reference image. High PSNR values indicate that, on average, all 
pixels in a reconstructed image are similar to the reference image.

	
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑁

√√√
⎷

∑ 𝑁𝑁
𝐽𝐽𝐽𝐽(𝑈𝑈𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝐽𝐽 − 𝑈𝑈𝑟𝑟𝑟𝑟𝑟𝑟

𝐽𝐽)
2

∑ 𝑁𝑁
𝐽𝐽𝐽𝐽(𝑈𝑈𝑟𝑟𝑟𝑟𝑟𝑟𝐽𝐽 − 𝜇𝜇 )2

� (8)

where Ucorr and Uref are the CT numbers in each pixel of the reconstructed and reference image, µ is the average 
CT number of pixels in the reference image. N stands for the total number of pixels. The smaller the difference 
between the reconstructed and reference images, the lower the value of NRMSE.

	
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (𝑢𝑢𝑢 𝑢𝑢0) =

(2𝜇𝜇 𝑢𝑢𝜇𝜇 𝑢𝑢0 + 𝑐𝑐1)(2𝜎𝜎 𝑢𝑢𝑢𝑢0 + 𝑐𝑐2)
(𝜇𝜇 2

𝑢𝑢 + 𝜇𝜇 2
𝑢𝑢0 + 𝑐𝑐1)(𝜎𝜎 2

𝑢𝑢 + 𝜎𝜎 2
𝑢𝑢0 + 𝑐𝑐2) � (9)

where 𝜇𝜇uand 𝜇𝜇u0denote the mean pixel intensity of the reconstructed and the reference image, σu and 𝜎𝜎u0signify 
the variance of the reconstructed image and the reference image. c1 and c2 are variables used to stabilize division 
with a weak denominator. As the SSIM value approaches one, the reconstructed image shows greater similarity 
to the reference image.

PSNR, NRMSE, and SSIM were selected to quantitatively assess reconstruction accuracy and similarity to the 
reference images under different sparse-view conditions. PSNR provides a quantitative measure of the fidelity of 
the reconstructed image relative to the reference image based on the mean squared reconstruction error. NRMSE 
evaluates the normalized pixel-wise reconstruction error. SSIM evaluates structural similarity between the recon-
structed and reference images. The use of these complementary metrics allows the reconstruction methods to be 
compared from pixel-wise error, signal-fidelity, and structural-similarity perspectives.
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Dataset and experimental setup for AI model

2018 images were used for training, 299 for validation, and 300 for testing. Images were taken from 106 patients 
at Ghaem Hospital in Mashhad, Iran. All images were preprocessed to fit the input dimensions required by the 
SwinUNet architecture. Intensity normalization was applied equally across the entire set to ensure numerical sta-
bility during optimization. Three sparse-view conditions, denoted 30, 45, and 60 projection views, were applied 
during the experiments.

Results

Digital phantom simulation

Selecting optimal parameters for the OSEM-ANLM algorithm

Before evaluating the considered algorithms, a crucial step involves selecting optimal parameters for the ANLM 
filter. The NLM filter incorporates N, ν, and h as key parameters. N signifies the search window used to locate 
similar neighboring windows, ν denotes the similarity window, and h is determined based on the image’s noise 
level. Multiple studies have attempted to identify optimal inputs for the NLM filter. Some propose dimensions 
like 5 × 5 or 3 × 3 for N and ν, while others suggest 9 × 9 or 7 × 7 for v. The selection of NLM filter inputs can 
be likened to a bias-variance problem. A system with high bias might encounter blurriness or artifacts due to 
calibration errors or a mismatch between the data processing model and the physical system. Conversely, a high-
covariance imaging system may generate inaccurate images with notable noise, making critical clinical features 
challenging to discern. In the NLM filter, the h parameter primarily targets noise reduction, while the input search 
window aims to smoothen the image and minimize the image bias36,37. Different combinations using varying 
values of N, v, and h were adjusted to compute PSNR, NRMSE, and SSIM. The digital phantom was employed to 
simulate CT measurements with sparse views at 60 projections within a 180° range. In each scenario, the number 
of iterations remained fixed at 150. Figure 1a–c showcase the PSNRs, NRMSEs, and SSIMs generated by the 
OSEM-ANLM algorithm across different parameter settings.

It can be observed that as the value of N changes from 9 × 9 to 11 × 11 while maintaining a constant v of 
3 × 3, the PSNR and SSIM values increase, while NRMSE decreases. The optimal configuration appears to be 
N=11 × 11 and v=3 × 3. In comparison, parameter values such as N=11 × 11 and v=5 × 5 or 7 × 7 are less favorable. 
Increasing N to 13 × 13 results in less desirable parameter values for PSNR, NRMSE, and SSIM compared to the 
prior cases. Furthermore, with N=11 × 11 and v=3 × 3, adjusting the h value indicates that higher h values cause 
image blurring.

From the assessments and the data in the graphs of Fig. 1, it is concluded that the optimal parameters are 
N=11 × 11, v=3 × 3, and h = 5. It’s essential to note that, as explained in “Materials and methods”, the value of h 
for the OSEM-NLM algorithm is twice that of the OSEM-ANLM algorithm. The h amount is chosen based on 
the image’s noise level and can vary in different cases.

Reconstruction of the digital phantom

In Fig. 2, the results obtained from the studied algorithms for reconstructing images of the digital phantom are 
illustrated. The region of interest (ROI), indicated by red, green, and yellow rectangles, is highlighted, with corre-
sponding enlarged views presented for different algorithms across various sparse view configurations. The sparse 
views are distributed as follows: 60 in the first column, 45 in the second column, and 30 in the third column. 
Images (b), (c), and (d) depict reconstructions with the ART algorithm. (e), (f), and (g) represent images recon-
structed with the OSEM algorithm. Similarly, (h), (i), and (j) depict images reconstructed with the OSEM-NLM 
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algorithm, and (k), (l), and (m) showcase images reconstructed with the OSEM-ANLM algorithm. The reduction 
in the number of views results in a notable decline in image quality, leading to numerous streak artifacts. When 
comparing images (b) to (d) reconstructed using the ART algorithm and images (e) to (g) reconstructed using the 
OSEM algorithm, respectively, a significant performance difference is evident in favor of the OSEM algorithm. 
The images obtained through OSEM exhibit higher image quality under the evaluated sparse-view conditions and 
superior quality compared to those from ART.

In the highlighted red regions from (b) to (g), the clarity and sharpness of the spine area are notably superior in 
the results obtained from the OSEM algorithm. As the number of views decreases, the distinction between these 
two algorithms becomes more pronounced. In the results from OSEM-ANLM, there’s a visible improvement 
compared to previous results. While both OSEM-NLM and OSEM-ANLM algorithms successfully eliminate 
existing artifacts in the desired green-highlighted region compared to the OSEM algorithm, the effectiveness of 
OSEM-ANLM in reducing residual artifacts seems higher.

Fig. 1  (a) PSNR, (b) NRMSE, and (c) SSIM outcomes vary with the selected parameters N, v, and h in the OSEM-ANLM 
technique applied to sparse-view CT images.
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Fig. 2  Comparison of the digital phan-
tom reconstruction results. The first, 
second, and third columns represent 
sparse-view numbers: 60, 45, and 30. 
Image (a) is the ground truth. Images 
(b), (c), and (d) are reconstructed 
using the ART algorithm. Images (e), 
(f), and (g) are reconstructed using the 
OSEM algorithm. Images (h), (i), and 
(j) display the OSEM-NLM recon-
structions, and (k), (l), and (m) display 
the OSEM-ANLM reconstructions.
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Examining the desired red regions produced by OSEM-NLM and OSEM-ANLM algorithms compared to the 
OSEM algorithm, it’s evident that both OSEM-NLM and OSEM-ANLM effectively remove artifacts while pre-
serving edges and resolution quite well.

Furthermore, for a quantitative analysis of the algorithms’ performance, this paper employs three criteria to 
assess the reconstruction. The results are presented in Table 1. The OSEM-ANLM algorithm demonstrates the 
highest PSNR and SSIM values while recording the lowest NRMSE across various sparse views, outperform-
ing the OSEM-NLM and OSEM algorithms. Conversely, the ART algorithm exhibits the poorest performance. 
This finding emphasizes that the OSEM-ANLM algorithm excels in producing superior image reconstructions, 
confirming its capability to address challenges posed by angularly scattered images. By leveraging the ANLM 
filter, the OSEM-ANLM algorithm adeptly reduce sparse-view-induced streak artifacts while maintaining the 
structural details present in the reconstructed images.

To facilitate this comparison, image profiles were contrasted, selecting a profile line to evaluate different algo-
rithms’ edge preservation. The results of this analysis are shown in Fig. 3, considering sparse views of 60, 45, and 
30 respectively, as indicated in the legend for each algorithm. Upon comparison, it’s evident that the contour of 
the image reconstructed by the ART algorithm displays significant fluctuations. In contrast, the OSEM-ANLM 
algorithm demonstrates superior numerical accuracy, showing minimal deviation from the ground truth.

Clinical data

To assess the effectiveness of the proposed method, clinical data was utilized for algorithm evaluation. The recon-
structed images of the chest and the Rando phantom’s brain and skull are depicted in Figs. 4 and 5, respectively. 

Fig. 3  Comparison of horizontal profiles of the digital phantom. Sparse-view configurations are as follows: (a) 60 views, (b) 
45 views, and (c) 30 views. Each algorithm is represented in the legend.

 

The number of views Methods PSNR NRMSE SSIM
60 ART

OSEM
OSEM-NLM
OSEM-ANLM

25.5409
28.5208
39.5438
40.3210

0.0528
0.0472
0.0155
0.0134

0.9541
0.9648
0.9945
0.9973

45 ART
OSEM
OSEM-NLM
OSEM-ANLM

22.6586
25.7604
35.5438
36.5350

0.0566
0.0515
0.0217
0.0199

0.9479
0.9564
0.9813
0.9877

30 ART
OSEM
OSEM-NLM
OSEM-ANLM

19.4512
21.0499
31.5961
33.1033

0.0627
0.0578
0.0292
0.0248

0.9362
0.9471
0.9625
0.9714

Table 1  Numerical out-
comes across various 
algorithms under different 
sparse views (The Digital 
Phantom).
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A comparative analysis between images (b) to (d) and (e) to (g) shows superior performance and higher image 
quality under the evaluated sparse-view conditions by the OSEM algorithm compared to the ART algorithm. 
Evaluating the images obtained from OSEM-NLM and OSEM-ANLM against OSEM reveals effective preserva-
tion of image sharpness and edges while reducing existing artifacts. Nonetheless, a comparison between NLM 

Fig. 4  Comparison of chest image reconstruc-
tion results. The first, second, and third columns 
represent sparse-view numbers: 60, 45, and 30. 
Image (a) is the ground truth. Images (b), (c), and 
(d) are reconstructed using the ART algorithm. 
Images (e), (f), and (g) are reconstructed using the 
OSEM algorithm. Images (h), (i), and (j) display 
the SwinUNet reconstructions, (k), (l), and (m) 
display the OSEM-NLM reconstructions, and (n), 
(o), and (p) show OSEM-ANLM reconstructions.
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Fig. 5  Comparison of Rando phan-
tom reconstruction results. The 
first, second, and third columns 
represent sparse-view numbers: 
60, 45, and 30. Image (a) is the 
ground truth. Images (b), (c), and 
(d) are reconstructed using the 
ART algorithm. Images (e), (f), 
and (g) are reconstructed using the 
OSEM algorithm. Images (h), (i), 
and (j) display the OSEM-NLM 
reconstructions, and (k), (l), and 
(m) display the OSEM-ANLM 
reconstructions.
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and ANLM methods indicates the superior artifact reduction capability of the method proposed in this study. 
Quantitative assessments of the reconstructed images in Figs. 4 and 5 are presented in Tables 2 and 3, demonstrat-
ing the superiority of the proposed algorithm under the experimental conditions considered in this study. Across 
these tables, the proposed method consistently showcases optimal performance across the three evaluation crite-
ria, followed by OSEM-NLM, OSEM, and ART, respectively.

AI model

30-View reconstruction

For the 30-view configuration, the model produced a mean test PSNR of 31.6043, an NRMSE of 0.0262, and 
an SSIM of 0.9137. Validation metrics recorded during training were PSNR 32.6005, NRMSE 0.1479, and 
SSIM 0.8930. These results indicate that the network preserves structural information despite the severe angular 
undersampling.

45-View reconstruction

Increasing the number of projection views to 45 led to consistent improvements across all evaluation metrics. 
The model achieved a test PSNR of 33.2416, NRMSE of 0.0217, and SSIM of 0.9412. Validation metrics were 
PSNR 33.8378, NRMSE 0.1287, and SSIM 0.9128. The observed gains reflect reduced reconstruction ambiguity 
at this intermediate sampling level.

The number of views Methods PSNR NRMSE SSIM
60 ART

OSEM
OSEM-NLM
OSEM-ANLM

26.2473
28.3981
38.7083
40.5412

0.0387
0.0301
0.0176
0.0085

0.9618
0.9699
0.9932
0.9977

45 ART
OSEM
OSEM-NLM
OSEM-ANLM

23.3413
26.8841
38.0958
39.7678

0.0522
0.0429
0.0205
0.0123

0.9545
0.9624
0.9905
0.9936

30 ART
OSEM
OSEM-NLM
OSEM-ANLM

21.7716
23.2124
35.9652
37.6986

0.0599
0.0526
0.0279
0.0160

0.9443
0.9521
0.9833
0.9898

Table 3  Numerical out-
comes across various algo-
rithms under different sparse 
views (the Rando Phantom).

 

The number of views Methods PSNR NRMSE SSIM
60 ART

OSEM
SwinUNet
OSEM-NLM
OSEM-ANLM

14.8932
24.4949
34.7365
43.4636
45.6345

0.0596
0.0230
0.0183
0.0069
0.0053

0.6481
0.8000
0.9485
0.7057
0.8005

45 ART
OSEM
SwinUNet
OSEM-NLM
OSEM-ANLM

13.5725
23.9161
33.2416
41.3936
42.9841

0.0701
0.0267
0.0217
0.0087
0.0073

0.6224
0.7615
0.9412
0.6868
0.7801

30 ART
OSEM
SwinUNet
OSEM-NLM
OSEM-ANLM

11.5237
21.2190
31.6043
38.2016
40.0530

0.0869
0.0338
0.0262
0.0126
0.0102

0.5957
0.7132
0.9137
0.6592
0.7669

Table 2  Numerical out-
comes across various algo-
rithms under different sparse 
views (the Chest Image).
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60-View reconstruction

Under the 60-view condition, which represents the least-sparse sampling scenario in this study, the model 
achieved its strongest quantitative performance. Test results included a PSNR of 34.7365, NRMSE of 0.0183, 
and SSIM of 0.9485. Validation performance reached PSNR 33.1204, NRMSE 0.1463, and SSIM 0.9020. The 
similarity of SSIM values between the 45- and 60-view cases suggests that the model is effective at recovering 
fine structural detail even when projections are moderately reduced. However, the results of visual comparison 
and quantitative results ( NRMSE, PSNR) are not acceptable, but it should be noticed that the proposed DL 
method achieves higher SSIM values than the OSEM-ANLM for all evaluated sparse-view settings (30, 45, and 
60 projection views).

Discussion

The ART algorithm is widely used for sparse-view image reconstruction but faces challenges in generating and 
reconstructing less sharp and clear images. The OSEM algorithm produces more desirable images compared to 
the ART algorithm. One important point to note is the slower speed of the ART algorithm in image reconstruction. 
The OSEM algorithm, by dividing the projections into subsets, accelerates the application speed to more than 
double that of the ART algorithm. According to the computations performed, the application speed of the ART 
algorithm is 29.1218 s for 60 views, whereas for the OSEM algorithm, it is 11.4843 s.

Another point to consider is the higher convergence capability of the OSEM algorithm with fewer iterations 
compared to the ART algorithm. By dividing the projections into different subsets, the OSEM algorithm yields 
more favorable outcomes with a lower iteration count. In this study, the OSEM reconstruction was performed 
using 15 iterations (10 subset per iteration), corresponding to a total of 150 subset updates, while the ART algo-
rithm was performed using 150 iterations. These settings were used for the comparative experiments; however, 
they should not be interpreted as computationally equivalent budgets. Preliminary experiments indicated that 
OSEM was capable of producing satisfactory image quality with relatively few iterations. Future work will 
include systematic optimization of the number of subsets and iterations, matched computational-budget com-
parisons, convergence analysis, and evaluation under native fan-beam acquisition conditions. Furthermore, The 
present study should be regarded as an algorithmic proof-of-concept conducted under controlled sparse-view par-
allel-beam conditions. Although the proposed method demonstrated improved reconstruction performance within 
this experimental framework, the present results do not by themselves establish clinically validated radiation dose 
reduction or direct applicability to commercial CT systems. Future studies will investigate the proposed approach 
using native fan-beam raw projection data and realistic scanner acquisition conditions, with additional validation 
including task-based image quality assessment, tissue-specific Contrast-to-Noise Ratio (CNR) measurements, 
spatial resolution measurements such as Modulation Transfer Function (MTF) or Task Transfer Function (TTF), 
and observer studies to establish clinical adequacy or diagnostic performance.

After image reconstruction, the ANLM method was employed to optimize the images, showing its superior-
ity in comparison with the conventional NLM method under the evaluated conditions in this study. However, 
the crucial aspect lies in selecting appropriate inputs for these two filters. As explained in Sect.  3.1.1, choosing 
suitable values for N and v should align with the image information, structure, and details. When an image holds 
more intricate details, larger values for the search window are advisable while choosing larger similarity window 
values might jeopardize information and details in neighboring pixels. The improved image quality observed in 
the proposed OSEM-ANLM framework should be interpreted as more effective suppression of residual streak 
artifacts and noise under the evaluated sparse-view reconstruction conditions. Although these improvements 
resulted in higher quantitative similarity metrics, they should not be interpreted as complete recovery of anatomi-
cal information that was not originally contained in the acquired projection data.
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In this article, the proposed model was compared with a DL model. The results obtained from both qualitative 
(visual) and quantitative evaluations demonstrated the superiority of the proposed model under the experimental 
conditions considered in this study. Furthermore, although DL models are widely used, their outputs are often 
only partially explainable and may suffer from limited interpretability, reproducibility, and the risk of halluci-
nated structures, particularly in sparse-view CT reconstruction. Although two out of the three evaluation metrics 
used in this study favored the proposed method, the higher SSIM value achieved by the DL model warrants fur-
ther investigation in future studies.

Conclusion

This study focuses on mitigating CT imaging artifacts due to the sparse-view CT method. While the ART algo-
rithm is popular, it often leads to low-res images. Introducing the OSEM algorithm as an alternative showcases 
its superiority under the evaluated conditions in this study, avoiding image quality issues. Moreover, the study 
proposes the ANLM method as a substitute for NLM, successfully balancing artifact removal and structural detail 
maintaining, even amidst projection reduction.
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