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Low-dose computed tomography (LDCT) reduces radiation exposure but
introduces elevated noise and streak artifacts that degrade structural fidelity.
This paper proposes a graph-based LDCT denoising framework that
stabilizes graph construction through explicit vertex and edge labelling
guided by paired full-dose CT (FDCT) data. The overlapping LDCT patches
are modeled as vertices, and FD-guided affinities are used to build a
structurally consistent adjacency matrix and a Laplacian spectrum that are
less sensitive to noise. Denoising is performed by spectral filtering via
spectral graph wavelet transform (SGWT), followed by overlap—add patch
aggregation for image reconstruction. Experiments on paired LDCT/FDCT
slices (318 pairs) show that FD-guided labelling improves denoising quality
compared with conventional filters and non-guided graph baselines.
Quantitative results demonstrate higher peak signal-to-noise ratio
(PSNR)/structural similarity index measure (SSIM) with improved edge and
feature preservation, indicating better structural boundary retention under
noise suppression.
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1. INTRODUCTION

Computed tomography (CT) is a primary modality for high-resolution cross-sectional imaging, but
acquisition dose strongly influences image quality. Low-dose CT (LDCT) reduces radiation exposure;
however, reduced photon counts amplify noise and streak artifacts, which degrade edge integrity and
suppress fine anatomical structures [1]. Therefore, reliable LDCT denoising requires strong noise attenuation
without sacrificing directional boundaries and weak textures [2], [3].

Conventional denoising methods can reduce noise, but they often over-smooth subtle structures that
are important for interpretation [4]. Although deep learning methods can achieve impressive restoration
performance, they typically require large curated datasets and substantial computational resources and may
generate spurious structures under domain shift, raising concerns about robustness and interpretability in
safety-critical imaging workflows [5], [6]. Recent reviews have further emphasized the gap between
objective scores, such as peak signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM),
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and perceptual or diagnostic fidelity, highlighting the risk of overly smooth reconstructions when purely
distortion-based losses are optimized [7]. Recent work has also explored zero-shot or prior-based approaches
to reduce dependence on paired training data [8].

Graph-based image processing represents images on non-Euclidean domains, where pixels or
patches are treated as vertices and their relationships are encoded as weighted edges. Within graph signal
processing (GSP), denoising can be performed by spectral filtering using Laplacian operators derived from
these weights [9]-[11]. However, most graph-based denoisers construct edge weights directly from noisy
LDCT intensities, allowing noise to distort the adjacency structure and Laplacian spectrum and reducing
spectral filtering and edge preservation reliability [12]. Graph learning and graph representation methods
have advanced rapidly [13]. However, to the best of our knowledge, only a few studies have systematically
investigated explicit vertex and edge labelling strategies for CT denoising that control graph construction
while balancing noise suppression and structural fidelity.

This paper proposes FD-guided vertex and edge labelling strategies for patch-based graphs in LDCT
denoising to address this gap. Structural information from paired full-dose CT (FDCT) data is transferred to
guide adjacency construction, stabilizing the Laplacian spectrum and enabling reliable multiscale filtering via
spectral graph wavelet transform (SGWT) [14]. The main contributions of this work are: i) an FD-guided
labelling formulation that reduces noise-induced distortion of the Laplacian spectrum, ii) a SGWT-based
denoising pipeline built on the stabilized graph, and iii) quantitative evaluation using PSNR, SSIM, and
structure-preservation metrics across paired LDCT/FDCT slices. This approach provides an interpretable
denoising mechanism tailored to CT imaging, improving structural fidelity while avoiding task-specific
supervised training on large paired datasets, typical of many learning-based methods [15], [16].

2. METHOD
2.1. Overview and algorithm of the proposed full-dose-guided graph denoising pipeline

LDCT denoising is formulated as spectral filtering of a graph signal defined on a patch-based
representation of each CT slice. Each LDCT slice is partitioned into overlapping patches; each patch
becomes a graph vertex, and edges connect neighboring patches. The central idea is FD-guided graph
construction, in which structural information from the paired FDCT slice is used to guide edge weights so
that the graph topology reflects anatomical structure rather than LDCT noise, thereby stabilizing the
Laplacian spectrum and improving the reliability of subsequent spectral filtering. Denoising is performed in
the SGWT domain, and the final image is reconstructed by the overlap-add aggregation of denoised patches.
Figure 1 summarizes the end-to-end workflow.

.......... FD-guidance

Low-dose CT Patch Graph Construction Denoising Reconstruction

Figure 1. FD-guided denoising workflow

Algorithm 1 summarizes the end-to-end procedure, including patch extraction, FD-guided adjacency
construction, normalized Laplacian computation, SGWT-domain shrinkage, and overlap—add reconstruction.

Algorithm 1. FD-guided patch-graph SGWT denoising

Input: LDCT slice [;, paired FDCT slice I, patch size p, stride s, neighborhood rule (8-neighbor) NV (i),
similarity scales o and 7, SGWT scales S, Chebyshev order M, shrinkage operator T(-), overlap
weights (uniform).

Output: Denoised slice I

Step 1. Extract overlapping patches from I, : obtain {P}} and descriptors x; = vec(PF).

Step 2. Extract aligned FDCT patches from I5: obtain {P/} and descriptors f; = vec(P[).
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Step 3. Construct sparse adjacency W on 8-neighbor edges:
— Non-FD: w;; = exp(—Il x; — X, 15/0?), for j € N'(i)
— FD-guided: w;; = exp(—Il x; — X; I5/02) - exp(—Il f; — f; 113 /7%), for j € N ().
Step 4. Compute the normalized Laplacian L = [ — D~Y2WD~1/2,
Step 5. Apply SGWT at scales S (Chebyshev order M), shrink coefficients with T'(+), and invert SGWT to
obtain denoised patch signals.
Step 6. Reconstruct [, by uniform overlap—add aggregation of denoised patches.
Step 7. Return ;..

2.2. Dataset and experimental setting

For objective evaluation, the experiments used a public paired LDCT/FDCT dataset consisting of
aligned 2D slices [17]. LDCT slices are the noisy inputs; the corresponding FDCT slices serve both structural
guidance for graph construction and reference targets for evaluation metrics. We used 636 images from a
single patient (318 LDCT-FDCT pairs). This controlled setting isolates the effect of FD-guided labelling
under consistent anatomical and acquisition conditions. We acknowledge that this design limits
generalization across patients, scanners, and dose protocols. Future work will validate robustness on multi-
patient cohorts using cross-patient splits and stratification by anatomy and dose level. Public LDCT datasets
with paired routine-dose references or simulated low-dose measurements are widely used for method
development and objective benchmarking [18], [19].

2.3. Patch-based vertex construction and labelling
Let I, € RM*denote an LDCT slice and I € RM*¥ its paired FDCT slice. We extract overlapping
square patches of size p X p from I, with stride s. Let P} € RP*P denote the i-th LD patch and vec(-) be

column-wise vectorization. The LD patch descriptor is defined as follows: x; = vec(P}) € RP”.

Each patch corresponds to a vertex v; in the graph G = (V,E, W), where V = {v, ..., v, }. The vertex
labels are the patch descriptors x;, so the graph signal to be denoised is x = [Xy, ..., X,]. Figure 2 illustrates the
processes of patch extraction, vectorization, and vertex formation. Specifically, Figures 2(a) and (b) show how a
CT slice is partitioned into overlapping patches, which serve as the fundamental units of graph construction. In
Figure 2(c), each patch is vectorized into a descriptor that captures both intensity and contextual features. The
descriptors are subsequently mapped to graph vertices in Figure 2(d), where the vertex labels encode localized
structural information such as tissue density or texture. This representation ensures that anatomical details are
preserved within the graph while providing a robust foundation for spectral denoising.

(d)

Figure 2. Vertex labelling in patch-based graph construction; (a) CT slice with selected regions of interest,
(b) overlapping patch extraction with stride, (c) example patch vectorization, and (d) graph vertices formed
from patch descriptors

2.4. Full-dose-guided edge labelling and construction of sparse adjacency
2.4.1. Edge set (sparse topology)

We use a fixed 8-neighbor lattice on the patch grid to keep the topology reproducible and
computationally efficient: each vertex v; connects only to its spatial 8-neighbors N'(i). E = {(i,j):j €
N (@@}, wij =0if j € N (i). This ensures that the adjacency matrix W = [w;;] is sparse, consistent with
sparse-matrix SGWT implementations.

2.4.2. Edge weights (three strategies)

We compare three edge-weighting strategies on the same 8-neighbor edge set: i) a fixed 8-neighbor

lattice (unweighted), for which w;; =1 for j € N (i); ii) non-FD similarity weights based only on LD

llocg—2 1%
o2

intensities, for which w;; = exp <— ); and iii) the proposed FD-guided similarity weights. FD
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guidance is introduced using FD patch intensities on the same patch grid. Let P/ denote the FDCT patch
aligned with PF. We define the FD descriptor as the vectorized FDCT patch: f; = vec(P]") € RP”. The FD-
||xl-—x,-||2) - exp <_ Ifi=f I

o2 T2

guided edge weight is defined as w;; = exp <— ) In this formulation, ¢ controls the

sensitivity to LD similarity and 7 controls the strength of FD guidance.

2.4.3. Intensity scale and parameters

All CT slices were processed in their native intensity scale (Hounsfield units) without min—max
normalization. Therefore, the descriptor distances || x; — X; Il and ||l f; —f; ll; are computed on a consistent
scale across the slices. In our experiments, we fixed 0 = 0.5 and T = 1 for all the slices. Figure 3 compares
the adjacency outcomes produced by the three strategies. Figure 3(a) shows the fixed 8-neighbor grid,
Figure 3(b) shows the non-FD similarity graph, and Figure 3(c) shows the proposed FD-guided similarity
graph. While the fixed 8-neighbor scheme enforces uniform local connectivity, it does not adapt to structural
variation. The non-FD similarity graph is adaptive, but it remains prone to spurious connections. In contrast,
the FD-guided graph produces a sparser and more anatomically coherent topology.

(a) (b) ()

Figure 3. Comparison of adjacency schemes; (a) standard 8-neighbor grid, (b) non-FD similarity graph, and
(c) FD-guided similarity graph

2.5. Graph Laplacian and spectral representations
Given the sparse adjacency matrix W, the degree matrix D is diagonal with D;; = Z}. w;i;. We use

the normalized Laplacian L = I — D~Y2W D~1/2, Normalization is commonly used to improve the robustness
of the Laplacian spectrum and mitigate sensitivity to noise in graph construction [20]. In the Laplacian spectral
domain, low graph frequencies correspond to smoothly varying anatomical structures, whereas high graph
frequencies capture rapid variations associated with noise and fine-scale detail. Figure 4 shows representative
Laplacian eigenvectors for the non-FD and FD-guided graphs, visualized on the patch grid.

o
1, non-FD P, non-FD Y3 non-FD Y, non-FD P, FD-guided Y, FD-guided 5 FD-guided v, FD-guided

Figure 4. Examples of Laplacian eigenvectors (y;,—,) for non-FD (left) and FD-guided (right) patch graphs
reshaped on the patch grid

2.6. Spectral graph wavelet transforms and coefficient shrinkage

SGWT is applied for multiscale spectral filtering on the patch graph constructed for each slice. To
avoid explicit eigen decomposition, SGWT operators are evaluated using a Chebyshev polynomial
approximation of the spectral kernels, enabling efficient computation via repeated sparse matrix
multiplications [21]. In all experiments, we use Chebyshev polynomial order M=30 and the wavelet scales
S={0.5, 1, 2}. After computing the SGWT coefficients, noise is suppressed using SURE-based soft
thresholding (SUREShrink). Thresholds are selected per scale by minimizing Stein’s unbiased risk estimate
in the transform domain.

Figure 5 shows the wavelet kernel coverage under unnormalized versus normalized Laplacians.
Without normalization, a wide distribution of eigenvalues restricts kernel coverage and reduces the
effectiveness of the multiscale representation, as shown in Figure 5(a). Normalization in Figure 5(b)
condenses the spectrum, resulting in stable kernel spacing and improved alignment with FD-guided
eigenvalues. Figure 6 shows the coefficient maps under non-FD in Figure 6(a) versus FD-guided graphs in
Figure 6(b). At finer scales, both non-FD and FD-guided graphs capture local variations, but FD-guided
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graphs yield clearer localization. At larger scales, FD-guided graphs better preserve anatomical coherence
while suppressing background noise. These results indicate that FD guidance enhances multiscale feature
representation, consistent with findings in graph-based image denoising.
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Figure 5. Spectral graph wavelet kernel responses obtained using; (a) unnormalized and (b) normalized
Laplacians
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Figure 6. SGWT coefficient maps on a 10x10 patch using; (a) non-FD and (b) FD-guided at scales of 0.5, 1,
and 2

2.7. Patch-level reconstruction by overlap-add aggregation
SGWT-domain filtering yields denoised patch signals P}, which are aggregated to reconstruct the full
denoised slice [,. We used uniform overlap-add averaging to reduce seam artifacts from patch overlap.

Specifically, each pixel is reconstructed as the average of all denoised patches covering that pixel: I} (u, v) =
1

W Zi:(u,v)eﬂi
cover pixel (u,v). Patch-based denoising commonly reconstructs the full image by aggregating overlapping
denoised patches (often via averaging/weighted averaging) to reduce seams and block artifacts [22], [23].

Figures 7-9 illustrate patch-level connectivity differences and the qualitative effect of FD guidance
on structural preservation. Figure 7 compares the full-dose reference in Figure 7(a) with the noisy low-dose
graph in Figure 7(b).

P! (u, v), where € is the spatial support of the patch i and C(u, v) counts how many patches
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Figure 7. Patch-level comparison; (a) full-dose reference graph and (b) noisy low-dose graph
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Figures 8 and 9 show the influence of FD guidance on graph-based denoising. Figures 8(a) and 9(a)
indicate that, without FD guidance, changing several vertex values leads to excessive smoothing. In contrast,
Figures 8(b) and 9(b) show that, with FD guidance, fewer vertices are altered, resulting in greater stability
and better preservation of structural details. These results indicate that FD-guided denoising yields
reconstructions that more closely resemble the full-dose reference, while preventing unnecessary alterations.
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Figure 9. Patch-level SGWT (SUREShrink); (a) non-FD over-smooths and (b) FD-guided preserves structure

2.8. Evaluation metrics and details of implementation

We evaluate denoising quality against the FDCT reference using PSNR, SSIM, edge preservation
index (EPI), and feature similarity index (FSIM).

- PSNR:

PSNR = 10log ; (22) M

. 2

MSE =3 Y (1 (e v) — () @

— SSIM:
&\ _  QuppL+Ci)(20pL+Cy)

SSIM(UE, IL) = (up+uZ+C1)(0f+07+C3) (3)
- EPL

—_— % 103 VIFQ)-VIL(D)

4)

J SR (I \/zfi’fuviL(i)uﬁ

Vertex and edge labelling strategies for graph-based computed tomography image ... (Iwan Setiawan)



1120 3 ISSN: 2302-9285

— FSIM:

RN ) =Bt 5

FSIM is widely used as a feature-oriented full-reference metric in image quality evaluation [24].
Edge-focused metrics such as EPI are reported in recent CT denoising evaluations to reflect boundary
preservation [25]. All experiments were implemented in MATLAB using sparse matrix operations for graph
construction and Chebyshev polynomial approximations for SGWT filtering. Table 1 summarizes the
parameter settings for reproducibility.

Table 1. Parameters

Parameter Meaning Where used
I, LDCT input slice (in Hounsfield units, HU) Section 2.2-2.8
I Paired FDCT slice used for guidance and as reference Section 2.2-2.8
p Patch size (here 10 X 10) Vertex definition (section 2.3)
s Patch stride (here 2) Patch extraction (section 2.3)
PE i-th LDCT patch extracted from the I;, Section 2.3-2.4
Pf FDCT patch aligned with P/, extracted from I Section 2.4
X; LD vertex descriptor: X; = vec(Pt) € RP’ Vertex labels (section 2.3-2.4)
f; FD guidance descriptor (new explicit definition): f; = vec(PF) € RP” FD-guided weights (section 2.4)
4 Vertex set (one vertex per patch) Graph definition (section 2.3)
N() 8-neighbor set on the patch grid (sparse topology) Edge set (section 2.4)
E Edge set restricted to j € V(i) (no dense all-pair edges) Section 2.4
W = [w;] Sparse adjacency matrix (weights only for j € V(i) Section 2.4-2.5
o LD similarity scale (here 0.5); controls the sensitivity of || x; — X; I, FD/non-FD weights (section 2.4)
T FD guidance scale (here 1); controls the sensitivity of || f; — f; Il, FD-guided weights (section 2.4)
w;; (non-FD) w;; = exp (=l x; —x; 15/02), for j € N (i) Baseline adjacency (section 2.4)

w;; (FD-guided)
D

wi; = exp (=l x; —x; 13/0%) - exp (=1 f; — ; 113/7?), for j € V(D)
Degree matrix, D;; = szi ;

Proposed adjacency (section 2.4)
Laplacian (section 2.5)

L Normalized Laplacian, L = [ — D~Y/2WD~1/2 Section 2.5-2.6
SGWT scales S~ Multiscale set S = {0.5,1.0, 2.0} SGWT (section 2.6)
M Chebyshev polynomial order (here 30) for fast SGWT approximation SGWT computation (section 2.6)
T() Shrinkage operator: SURE-based soft-threshold (SUREShrink), per scale Denoising (section 2.6)
o Overlap—add aggregation weights (uniform w = 1, i.e., pixel-wise Reconstruction (section 2.7)
averaging)
Metrics PSNR, SSIM, EPI, and FSIM (computed vs. FDCT reference) Section 2.8
Implementation ~ MATLAB (sparse matrices for W, L; Chebyshev SGWT), CPU execution Section 2.8, Table 1
3.  RESULTS AND DISCUSSION

This section evaluates the proposed FD-guided patch-graph denoising framework described in
section 2. The method aims to suppress LDCT noise while preserving anatomically meaningful edges and
fine structures by transferring structural information from FDCT into graph construction. We report:
1) qualitative comparisons on representative regions of interest and ii) quantitative performance of PSNR,
SSIM, EPI, and FSIM over all 318 LDCT slices. Comparisons against non-FD graph baselines were used to
isolate the effect of FD-guided vertex and edge labelling.

3.1. Qualitative evaluation

Figure 10 shows a representative visual comparison using a localized region of interest (ROI) to
emphasize fine structural details that may be obscured at the full-slice scale. Figure 10(a) shows the FD
image with the ROI marked. The FDCT reference ROI in Figure 10(b) exhibits elongated vessel-like
structures with clear boundaries, whereas the LDCT ROI in Figure 10(c) contains strong noise that reduces
edge visibility. The non-FD graph denoising baseline in Figure 10(d) suppresses noise but introduces
noticeable smoothing and residual artifacts that partially attenuate thin structures.

In contrast, the proposed FD-guided graph denoising results shown in Figures 10(e) and (f) better
preserve directional boundaries and local continuity, indicating that FD-informed edge labelling yields
anatomically coherent patch connectivity. The FD-guided SGWT result further improves boundary sharpness
and local contrast, producing the closest visual match to the FDCT reference among the methods compared.
Overall, FD guidance stabilizes graph construction and improves the structural selectivity of SGWT-based
filtering, especially in regions with fine textures and anisotropic features such as vessels and tissue interfaces.

Bulletin of Electr Eng & Inf, Vol. 15, No. 2, April 2026: 1114-1126
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(b)

(d)

Figure 10. Representative qualitative comparison on a slice and localized ROI; (a) FDCT slice with
highlighted ROI, (b) FDCT ROI (reference), (¢) LDCT ROI (noisy input), (d) non-FD graph denoising
(LD-driven weights), (¢) FD-guided graph denoising, and (f) FD-guided SGWT denoising

3.2. Quantitative evaluation

Quantitative evaluation is performed over all 318 slices using PSNR, SSIM, EPI, and FSIM with the
paired FDCT images as references. Figures 11-14 report metric values per slice for each method. As
expected, the LDCT baseline produces the lowest scores due to substantial noise and artifact contamination.
The non-FD SGWT baseline provides limited improvement, which is consistent with the fact that its
Laplacian is derived from noisy LDCT intensities and can yield unstable spectral representations. Figure 11
shows PSNR values across all 318 LDCT slices, where higher PSNR indicates greater fidelity to the FDCT
reference. Figure 12 presents SSIM values across the same slices, where higher SSIM reflects improved
structural similarity to the FDCT reference. Figure 13 reports FSIM values, where higher FSIM indicates
better structural preservation. Figure 14 displays EPI values, where higher EPI indicates stronger edge
alignment between the denoised output and the FDCT reference.
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Figure 11. PSNR across all 318 LDCT slices
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Figure 12. SSIM across all 318 LDCT slices
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Figure 13. FSIM across all 318 LDCT slices
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Figure 14. EPI across all 318 LDCT slices
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FD-guided methods achieve consistently higher scores across all metrics, demonstrating improved
noise suppression and structural information preservation. In particular, the FD-guided SGWT achieved the
strongest overall performance in SSIM, EPI, and FSIM, reflecting superior retention of edges and
perceptually relevant structures while reducing noise. Although FDCT information is used during graph
construction, the denoised output remains governed by LDCT intensity statistics because no explicit FDCT
intensity constraint is enforced; therefore, minor intensity bias relative to FDCT may persist even when
structural fidelity improves. This behavior motivates future work on integrating explicit intensity calibration
or bias-correction strategies alongside FD-guided topology stabilization.

3.3. Comparison with the existing computed tomography denoising methods

Recent research on LDCT denoising is dominated by learning-based methods, including CNNss,
CNN-Transformer hybrids, and diffusion-based priors. CNN-Transformer hybrid designs leverage
convolution for local feature extraction and attention for longer-range context modeling, and they have
reported strong PSNR/SSIM performance on public LDCT benchmarks [16], [26]. Self-supervised approaches
aim to reduce the reliance on paired targets; for example, structure-guided pipelines construct guidance images
or structural priors to mitigate over-smoothing while training without clean references [27]. Diffusion priors
have been explored for zero-shot or weakly supervised denoising, leveraging generative priors but typically
requiring iterative inference and careful tuning to avoid content drift [28]. Recent benchmarking studies
further highlight that the reported improvements across deep learning LDCT denoisers can be marginal under
standardized evaluation protocols, motivating transparent and reproducible comparisons [29]. In parallel,
surveys of unsupervised and self-supervised LDCT denoising emphasize that training strategy and noise
assumptions can strongly affect robustness and artifact behavior [30], and projection-domain self-supervised
approaches have also been demonstrated for LDCT settings without clean references [31].

In contrast to these learning-based families, the proposed approach is training-free and operates
entirely within a GSP framework. The key difference from conventional graph denoisers is explicit FD-
guided vertex and edge labelling: FDCT guidance stabilizes the adjacency structure and Laplacian spectrum,
improving the reliability of SGWT-domain filtering. This complements learning-based approaches by
offering a parameter-transparent pipeline whose behavior can be analyzed using graph topology and
Laplacian spectra. This yields improved PSNR/SSIM and stronger edge/feature preservation (EPI/FSIM)
relative to non-guided graph baselines, while maintaining interpretability and avoiding the data requirements
of supervised deep networks. These characteristics position FD-guided graph labelling as a complementary
alternative in scenarios where training data are limited or when robustness and transparency are prioritized.

4. CONCLUSION

This paper presented an FD-guided graph-based LDCT denoising framework that explicitly
incorporates vertex and edge labelling to stabilize graph construction for spectral filtering. The proposed FD-
guided affinity reduces noise-induced distortions in the Laplacian spectrum and enables reliable multiscale
denoising via SGWT. This is achieved by transferring structural guidance from paired FDCT images to the
LDCT patch graph. Experiments on paired LDCT/FDCT slices demonstrate consistent improvements over
non-guided graph baselines, yielding higher PSNR/SSIM and stronger edge/feature preservation (EPI/FSIM),
with improved directional anatomical structure retention. The current evaluation is limited to a single-patient
dataset, and the method incurs nontrivial computational cost due to patch-graph construction and multiscale
spectral transforms. Future work will validate robustness on multi-patient cohorts (cross-patient splits and
scanner/dose variability), accelerate computation via sparse neighborhood design and approximate spectral
operators, and explore hybrid integration of FD-guided graph representations with learning-based denoisers
to improve generalization.
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