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Abstract: This paper presents a hybrid medical image fusion (MIF) technique (SWT-PnP-DnCNN) that combines
multiscale decomposition, spatial-frequency-driven fusion, and deep denoising priors to efficiently integrate MIF
images. The SWT-PnP-DnCNN begins with the Stationary Wavelet Transform (SWT) to decompose input medical
images into low-frequency (LFSBs) and high-frequency (HFSBs) subbands. The LFSBs are fused using spatial
frequency-based weighted averaging, effectively integrating overall intensity and contrast information. For the HFSBs,
a local energy and max-selection strategy is adopted to retain salient edge features from the source images. Following
the initial fusion, a Plug-and-Play (PnP) optimization strategy is applied to improve this fused image. This step uses a
pretrained DNCNN model as a deep denoiser, serving as an implicit image prior in a model-driven iterative framework.
Each iteration alternates between a data consistency step and a denoising step, significantly reducing artifacts and
enhancing structural fidelity in the result. The effectiveness of SWT-PnP-DnCNN is demonstrated on benchmark CT-
MRI, MRI-PET, and MRI-PET datasets. Extensive evaluation against classical hybrid strategies and recent CNN-based
fusion methods shows that SWT-PnP-DnCNN achieves the best performance across standard metrics. We further
include mean4std reporting and paired t-tests, confirming statistically significant improvements (p < 0.05). Ablation
studies validate each design choice by comparing SWT-only vs. SWT+PnP and evaluating denoiser alternatives, with
sensitivity to PnP iterations, regularization strength, and SWT levels. The runtime analysis clarifies feasible deployment,
particularly in offline or cloud-based environments. Overall, SWT-PnP-DnCNN emerges as a robust, interpretable, and
clinically valuable solution for enhancing MIF in medical imaging applications.

Index Terms: SWT, Dncnn, Local Energy, Weighted Averaging, Image Fusion, Medical Images
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1. Introduction

Image fusion is a major research area in image processing, where information from multiple images is combined
into a single image. This single fused image represents a more informative representation. The fused output holds
important features from each input image, improving the overall interpretability of the final image [1]. Image fusion
improves visual analysis, enhances fine features, and supports decision-making across many real-time applications,
such as remote sensing, surveillance, robotics, and medical diagnostics. Image fusion methods are divided into three
domains: the spatial domain, the transform domain, and hybrid methods [2]. It is also classified by fusion level, such as
pixel-level, feature-level, or decision-level. Spatial-domain techniques operate directly on image pixel values. These are
simple mechanisms but often suffer from spectral distortion. On the other hand, transform-domain methods operate on
the image's frequency components [3]. They preserve fine structural details and can eliminate noise in many high-
precision tasks. Lastly, the hybrid methods use the benefits of both domains. In terms of fusion levels, pixel-level fusion
is widely used in medical applications because it leverages the intensity values of the input source images [4]. The
feature-level fusion extracts and merges the significant features from each input source image. Lastly, decision-level
fusion combines decisions or classifications into the final fused image [5].

Among all these real-time applications, MIF is one of the most critical and impactful. MIF is the process of fusing
different medical images from different medical imaging modalities - such as computed tomography (CT), magnetic
resonance imaging (MRI), positron emission tomography (PET), and single-photon emission computed tomography
(SPECT) - to finally produce a single fused image that contains all the significant information (anatomical and
functional information) from input images [6]. Each medical image modality has its own benefits and limitations, such
as CT, which provides high-resolution images of bones and tissues. MRI gives details of soft tissue contrast and PET or
SPECT have specific details of metabolic or functional data [7]. MIF proposes to combine these modalities in such a
way that physicians or clinicians can gain an overall view of the patient condition, which is significant to conduct
additional surgical planning or other treatments. Thus, the incorporation of various modalities into a single image, in
turn, increases clinical reliability. MIF is applied in the medical fields where localization and characterization of
anomalies are important [8].

MIF works with complicated clinical data which makes it necessary to perform accurate diagnostics and reduce
invasive measures as much as possible. The health sector and medicine in general produce large volumes of multimodal
imaging data, and the possibility to effectively integrate this data can boost patient outcomes significantly. The merged
images facilitate the interpretation of visualization and help computer-aided diagnosis (CAD) systems with the
presentation of informative, meaningful features [9]. Today, the idea of personalized medicine and precision healthcare
is well developed, which underlines the significance of an effective MIF strategy. There has been a great deal of
significant research done to come up with such procedures to be used in medicine. The first techniques are based on
traditional image processing tools like pyramid decomposition, principal component analysis (PCA) and intensity-hue-
saturation (IHS) tools [10]. These methods are less computationally intensive but loss of information and artifacts may
be noticed. Discrete Wavelet transform (DWT) and the SWT, nonsubsampled contourlet transform (NSCT), shearlet
transform, are transform-based multiscale and directional methods that have become popular in the MIF area [11]. In
the recent past, attention has shifted towards procedures that rely on learning, mostly utilizing deep-learning and
generative models. Convolutional neural networks (CNNs) and Encoder-decoder, Residual networks, and Generative
adversarial networks (GANSs) have evidenced remarkable performance in task learning of complex image priors and
optimum fusion outcomes [12]. These models find out the fine features, keep the edges intact, boost the contrast and cut
out the noise effectively. Although models built using deep learning need large amounts of training data, computational
cost can pose an issue. Because of this characteristic, these techniques are important in clinical settings [13]. Moreover,
these models also do end-to-end fusion, and do not have post-fusion refinement mechanisms, which are occasionally
required to remove residual issues in the fused image [14].

To overcome these difficulties, a hybrid framework, SWT-PnP-DnCNN, that combines SWT, spatial frequency
and a local energy-based rule to combine coefficient-level fusion with a PnP optimization strategy using a pretrained
deep denoiser (DNCNN) as a learned prior is suggested. SWT breaks the source pictures into LFSBs and HFSBs, which
is subsequently joined together applying task-specific rules. An initial fused image is produced after inverse-SWT that
is then refined with the PnP framework that provides an iterative procedure between a data-consistency and a denoising
step based on a DNCNN model. SWT-PnP-DnCNN offers an effective, clinically significant solution to the MIF
problem.

1.1. Major contributions
The primary contributions of SWT-PnP-DnCNN are as follows:
1. This work introduces a MIF pipeline that combines SWT with PnP optimization leveraging DnCNN.
2. The LFSBs are fused using a spatial frequency-based adaptive weighting strategy.

3. A localized energy-based fusion rule is proposed for HFSBs, where detail coefficients are selected based on
dominant local responses.
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4. A pretrained DNCNN model is embedded into an iterative PnP optimization loop, serving as a learned image
prior. This refines the initial fused image by removing noise and artifacts without requiring an explicit regularization
term, ensuring better structure-texture integrity.

Section 1 presents the motivation and key contributions. Section 2 reviews related studies. Section 3 describes the
SWT-PnP-DnCNN framework with a flowchart and equations. Section 4 explains layer-wise processing and the
DnCNN setup, highlighting their significance. Section 5 provides experimental results, and Section 6 concludes the
work.

2. Literature Review

MIF techniques can broadly be categorized into transform-based, deep learning-based, and hybrid fusion
frameworks. Each category has its own merits and demerits based on various parameters like interpretability,
computational complexity, adaptability, and fusion quality.

2.1. Transform-Based Fusion Methods

Transform-domain fusion methods are based on multi-resolution signal decomposition to separate the structural
and the textural information prior to fusion. These approaches are appreciated for their mathematical interpretability,
clear fusion rules and strong edge preservation.

The work in [15] combines multi-resolution singular value decomposition (MSVD) with a modified pulse-coupled
neural network to achieve an adaptive fusion of CT and MRI images. is a technique to fuse CT and MRI images and
produces the high visual quality at the high cost of the increased computational complexity. In [16] a wavelet packet
transform using self-adaptive operators is used to improve the choice of coefficients, however, there is a lengthy
parameter tuning. The work in [17] uses a combination of empirical wavelet decomposition, PCA and sigmoid scaling
to provide better diagnostic relevance, but dependences on hand-crafted features make it difficult to generalize to
different modalities.

Efficiency-oriented approaches such as [18] incorporate a Laplacian pyramid with one-dimensional DWT to
minimize the opportunity for computational overhead although validation is restricted to a single data set. A hybrid
PCA-SWT method is described in [19] it indeed improves the structural detail but suffers from the limitations of both
PCA and SWT, especially in complex fusion cases. Advanced transform methods in [20] and [21] use dual-tree
complex wavelet transform, MSCT and NSST, boasting good edge retention, and good directional sensitivity, however,
multi-scaling and multi-orientation processing will result in increased computational requirements.

The transform-based MIF methods ensure better fine detail preservation but do not have the capability to do auto-
learning, therefore struggle with noise and artifacts in complex medical data.

2.2. Deep Learning-Based Fusion Methods

Deep learning-based MIF methods have the capability to learn fusion rules and feature representations
automatically from the data, resulting into a better performance in complex multimodal cases.

In [22], a nested self-supervised contrastive learning framework is proposed for 3D MIF, which deals with the
appearance variability by using the spatial consistency constraints, but at the expense of high computational complexity.
The dual-branch autoencoder model in [23] learns shared and modality-specific features with multi-scale extraction and
self-attention and helps to better represent texture but is prohibitive in terms of inference cost. To address the issue of
scarce training data, [24] proposes a contrastive meta-learning framework, which obtains efficient fusion and suffers
from feature redundancy.

Optimized CNN based approaches are considered in [25] and [26] with swish activation, element-wise fusion, and
context-boosting modules. Although these techniques offer better visual and quantitative performance, they are
parameter sensitive and need a lot of data for training the model. In [27], a hybrid deep learning model is proposed for
the registration of images of people with coronavirus, which achieves an accuracy of high quality, but limited
generalization outside the target application.

Transformer based methods further improve the inter-modal dependency modeling. The CrossATF framework in
[28] exploits cross attention transformers to capture complementary features, whereas [29] fuses CNN encoders with
Swin Transformers to capture better receptive fields. Despite the high accuracy of the fusion, these models are
computationally and training expensive. Similarly, AFPNet [30] combines adaptive frequency optimization and
progressive attention mechanism, which has achieved better metrics at the cost of increasing the complexity of the
architecture.

Deep learning approaches provide high adaptability, better fusion accuracy, and have drawbacks of high
computational cost, training data dependency and poor interpretability.

2.3. Hybrid Fusion Methods
The hybrid MIF methods combine the transform-domain methods with learning capability of deep models or with
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other approaches.

The method described in [31] uses vector-quantized variational autoencoder (VQ-VAE) with spatial attention for
automatic fusion rule learning which provides good generalization but requires an accurately registered input. Several
model architectures combining CNN and Transformers show explicit separation [32] of LFSB and HFSB features for
specifically targeting their relevant processing, enhancing edge and texture preservation, which increases the system
complexity and memory requirements? The method proposed in M3IF-NSST-CNN [33] uses NSST domain
incorporating correlation/UIQI-based fusion and CNN refinement to do fusion. It preserves the fine details like soft and
hard tissue information. It achieves noise reduction, delivers higher computational cost but highly relies on CNN
parameter tuning for best results. The Deep-AF model presented in [34] uses CNN-guided decision maps, NSCT-based
multiscale decomposition, and adaptive modules including sparse coding, cross-modality transition, and attention-
weighted averaging for the fusion of MRI, CT, PET, and SPECT data. It provides better feature and fine detail
preservation but requires exact pre-processing, registration.

These hybrid frameworks show that this combination of frequency-domain decomposition and learned feature
modeling can be used to improve the quality of fusion significantly. However, most existing hybrid approaches tightly
couple the fusion procedure and training, which is limiting in terms of flexibility and costs in the deployment process.

The hybrid methods enhance both the fusion robustness and feature preservation but are often fragmented with the
complexity from both the fields, therefore they are a pain to be deployed in real time or even with limited resources.
The comparative summary of the above MIF methods is shown in below Table 1.

Table 1. Comparative summary of existing MIF methods.

Category Representative Key Strengths Major Limitations
Works
Transform-based [15-21] Interpretability, edge preservation, stability Limited adaptability, high computation (advanced
transforms)
Deep learning- [22 - 27], [28 - 30] Automatic feature learning, high fusion Data dependency, training cost, low explainability
based accuracy
Hybrid methods [31 - 34] Balanced structure & learning Avrchitectural complexity, deployment difficulty

2.4. Research Gap and Motivation

It can be observed from the above review that: Transform-based methods do not have adaptable denoising and
learning capability. Deep learning techniques are better in terms of accuracy but have a drawback of high computational
and training requirements. Existing hybrid approaches commonly need to retrain and have tight coupling architectures.

Based on these limitations, a loosely coupled hybrid fusion strategy with the following characteristics is proposed
in the form of SWT-PnP-DnCNN, where: SWT guarantees shift-invariant multiscale fusion with explicit fusion rules,
and PnP optimization considers pretrained DNnCNN denoiser as an implicit prior without any re-training which also
effectively suppresses artifacts. This hybrid approach provides perfect balance between interpretability, fusion quality,
and the computation speed, covering significant gaps in desire in existing literature.

3. Proposed Methodology (SWT-PnP-DnCNN)

The working of SWT-PnP-DnCNN is mathematically explained in this section. The flow of working is represented
of SWT-PnP-DnCNN is shown in Fig. 1. Let the two input medical images be represented as: I, (x, v), I, (x,y) € RM*VN,
where I; and I, are input medical images, and M X N is the image size (must be equal).

3.1. SWT Decomposition (Level-3)

Using SWT with Daubechies wavelet (dbl) at level L =1, each image is decomposed into four subbands:
For image /;:

(Al'Hl' V1vD1) = SWT(1,) (1)
For image I,:
(A2:H2:V2' Dz) = SWT(I,) (2)

Where, A;: Approximation coefficients (LFSB), H;: Horizontal detail coefficients, V;: Vertical detail coefficients,
and D;: Diagonal detail coefficients.
3.2. LFSB Fusion (Using Spatial Frequency-Based Weighting)

Compute Spatial Frequency for each LFSBs:
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1 , 2\ 3)
sk= o (0402 + (8,4))7),1 = 1,2
xy
where, A, A; and A, A; are calculated using below Eqg. 4 and 5:
DA =Ai(x +1,y) — Ai(x,y) (4)
AyA; =A;(y+ 1) — Ai(xy) %)
Then compute the weights using Eq. 6 and 7:
SF, (6)
w, =————
1" SF, + SF,
SF, )
w, = —m—m—
2" SF, + SF,
If denominator = 0, then set w; = w, = 0. The fused LFSB is represented using below Eq. 8:
Ap =w; Ay +w, - 4, ©))
Source image 1 Source image 2
SWT SWT
[ \ [ \
Low frequency High frequency Low frequency High frequency
sub-band sub-band sub-band sub-band / Initial fused image (F;)
7777777 l Iterative loop
\ Current image estimate
il B i ......... : o w®)
i : : &
i Fusion using Spatial Fusion using Local Energy | 5
i Frequency-Based Weighting and Maximum Selection Rule | ._% Data consistency update
.......... _\_____________#___ A (ﬂ)iu“’)i’AFo
u 2 = —
l 1+ 2
Inverse NSST i
Denoising with DnCNN
_______________________ k1
|r : E \ ulr = DDuCNN(u(T))
! | g
| Applying PnP Optimization | £ i
| with DnCNN Denoiser | ;ﬂ:_-‘
| | ot Final fused image
L _____________________ Jl g (Ffinnl]

Fig. 1. Proposed flowchart of SWT-PnP-DnCNN

3.3. HFSB Fusion (Using Local Energy and Maximum Selection Rule)

The local sliding window is defined as Q,, (x,y) € RW*Y centered at pixel (x,y). In SWT-PnP-DnCNN, w = 5,
resulting in a 5>5 window. The local energy for a HFSB map C; € { H;,V;, D;} is computed as:

9)
Ec,(x,y) = Z [Ci(x +m,y+n)]? fori=1,2

(mmn)e Q,,
Eq. 9 measures the localized signal strength (edge magnitude) around pixel (x,y) in each orientation. At each
pixel location (x, ), the local energy of both source images is compared, and the coefficient is chosen from the image
that has higher local energy. The horizontal fusion is performed using below Eq. 10:
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Hl(xl J’)w lf EHl(xr J’) = EHZ (x, J’) (10)

Hy Cx, ={
() H,(x,y), otherwise

The vertical fusion is performed using below Eq. 11:

Vi(x,y), if Ey,(x,y) = Ey,(x,y) (11)

Velx, ={
r(6) Vy(x,y), otherwise

The diagonal fusion is performed using below Eq. 12:

Di(x,y), if Ep,(x,y) = Ep,(x,y) (12)

Dr(x,y) =
P(x,7) {Dz (x,y), otherwise

where, Hr, Vi, Dp: fused horizontal, vertical, and diagonal subbands. Ey, , Ey, Ep, - local energy maps for each directional
component

3.4. Inverse SWT to Reconstruct the Initial Fused Image

The initial fused image is reconstructed using the inverse SWT using below Eq. 13:

Fo = ISWT(Ag, Hg, Vi, Dr) (13)

where, Fy: Initial fused image
3.5. PnP Optimization with DnCNN Denoiser

The aim of this step is to improve F, by reducing noise and artifacts, and by imposing a learned prior using a
DnCNN. This is achieved through an iterative process that alternates between a data fidelity step and a prior (denoising)
step.

3.5.1. Problem Formulation

Let: F, € RM*N: the initial fused image (observation), u € RM*V: the current estimate of the clean fused image,
A > 0: regularization parameter, and Dp.,.yy(): DNCNN denoiser, representing the image prior. The optimization
problem can be written as:

1 14
mjnizllu—FoI|§+l'R(u)} 9

where, The first termillu — F,l|3 ensures data consistency with the fused image. The second term R(w) is a prior
regularizer, representing image smoothness or denoising. In PnP, R(w) is implicitly defined by a denoising operator
(not necessarily differentiable or known analytically).

3.5.2. PnP lterative Scheme

PnP methods decouple the problem and solve it iteratively in two alternating steps:
Data Consistency Step:

(ke1y _ u® +AF, (15)
u 14+

where, k: number of iterations. This is a proximal step for the data fidelity term. Here the intuition is to find the convex
combination of the current estimate u®®) and the observation F,. AsA — 0, this step gives more weight to the

previous estimate; as A — oo, it becomes more data driven.

Prior Step using DnCNN Denoising: In the PnP framework, the prior step involves denoising the intermediate
k+1
estimate of the image using DNCNN. This step plays the role of an implicit image prior. Let u(T) € RM*N denote the

intermediate image obtained after the data-consistency step in the k" iteration. The prior step is defined as:
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k+1 16
u®*D) = Do e (u( 2 )) (16)

where, Dp,cnn: denoising function implemented by the pretrained DnCNN model. DnCNN does residual learning:
instead of directly estimating the clean image, it learns the noise component n, and then subtracts it using below Eq. 17:

Dpnenn (2) = z — 1i(2) (17)

k+1
where, z = u(T): noisy input image, 7(z): predicted noise map, z — A(z): denoised output image. The internal typical
configuration of DNCNN architecture is shown in the below Fig. 2:

Layer 1 2-16 17
Conv (64 Conv (64 filters,
Type .| filters, 3x3) . 3x3) + Conv (1 filter,
+ RelU BatchNorm + 3x3)
RelU

Extracts low-
level
features

Learns deep

Description -
noise patterns

Outputs the
estimated noise

A 4

Fig. 2. Configuration of DnCNN architecture.

3.6. Final Fused Image
After k iterations (k = 10) of alternating updates:

Frinar = u(® (18)

This refined image is the final fused image, which benefits from both: structural preservation of wavelet-based
fusion and learned denoising prior encoded in the DNCNN model.

4. Internal Processing and Significance of SWT-PnP-DnCNN
This section discusses the internal layer by layer processing and training process of DNCNN in SWT-PnP-DnCNN.
It also explains the significance and hyperparameter settings used in SWT-PnP-DnCNN.

4.1. Internal Layer by Layer Processing and Training Process of DnCNN

DnCNN uses an initial Conv+ReLU layer to extract features, followed by multiple Conv+BatchNorm+ReL U
layers to learn noise patterns. The final layer outputs the estimated noise, which is subtracted from the input. The model
is trained using noisy-clean image pairs to minimize Mean Squared Error (MSE), enabling effective residual noise
learning.

4.1.1. Layer by Layer Processing of DnCNN

Let FO be the output feature map of the I layer.
Layer 1 (Feature Extraction):

F® = ReLUW® x z + bDV) (19)

where, *: convolution operator, W (: weights of 1st conv layer, and b(V: biases
Layers 2 to L-1 (Feature Processing):

FO = ReLU (BN(W®  FD +p®)), 1=2,..,L—1 (20)
where, BN batch normalization to stabilize training and enable deeper architectures

Volume 18 (2026), Issue 3 — Page 215



SWT-PnP-DnCNN: Medical Image Fusion Using Stationary Wavelet Transform and Plug-and-Play Deep Denoising Model

Final Layer L (Residual Output):

A=Ww® ¢ FC-1 L p@ (1)

The denoised results is:

u+D) — 5 _ 7 (22)

4.1.2. Training Process of DNCNN

Though the PnP framework uses a pretrained model, DnCNN is trained using supervised learning:
Training data: Pairs of clean images x and their noisy versions z = x + n
Loss function: MSE between true noise n and predicted noise

1w (23)
L(®) = NZ”DDnCNN(Zi; 0) —(z; — xl)”%

where, 1.(@): Loss function to be minimized, ©: network parameters (weights and biases), and N: Number of training
samples

4.2. Significance of SWT-PnP-DnCNN

The SWT-PnP-DnCNN framework connects classical multi-resolution fusion and modern learned priors, to
provide clinically reliable MIF. SWT provides abilities like shift-invariant, redundant decompositions without aliasing-
and without loss of anatomical detail. The introduction of PnP optimization addresses an enduring limitation in
transform-domain fusion: rigid rules for traditional coefficient selection can amplify artifacts, noise, or unnatural
transitions. By incorporating a learned denoiser into an iterative reconstruction process, PnP simultaneously improves
the fused image. Finally, using DnCNN as an implicit image prior creates a powerful noise-removal mechanism without
sacrificing edges. All hyperparameters are summarized in Table 2.

Table 2. Hyperparameters setting of SWT-PnP-DnCNN.

Group Hyperparameter Value Description
SWT decomposition Decomposition levels 3 Number of SWT scales for multi-resolution fusion
Mother wavelet 'dbl’ Wavelet used for SWT
Fusionrule (LFSB) | Low-freq weighting param 0.5 Weight in low-frequency fusion rule
Fusion rule (HFSB) Activity window size 3 %3 Neighborhood size for activity computation
PnP optimization # of iterations 30 Number of PnP iterations
Step size 0.1 Gradient-descent / update step size
Regularization weight 0.02 Trade-off between data term and DnCNN prior
Stopping tolerance le-4 Convergence criterion (if used)
DnCNN prior Assumed noise level 15/255 Noise level used for DnNCNN denoising
Patch / batch size 40 (If used) patch size inside the PnP prior
Pre-processing Intensity normalization [0, 1] Input images normalized to this range
Post-processing Output scaling — uint8(255 * mat2gray(fused_image_pnp))

To determine the sensitivity of SWT-PnP-DnCNN to its key hyperparameters, a controlled ablations is conducted
on dataset samples. The number of PnP iterations regulates the distance the algorithm takes towards the DnCNN prior at
each iteration. Table 3 reports the behaviour for K € {5,10,20,30,50} with all other parameters fixed. Increasing K
from 5 to 20 gradually improves SCD, FMI and SD, indicating more effective exploitation of the DnCNN prior. Beyond
K=~30 the gains saturate, and the curves flatten, while the computational cost grows linearly. We therefore select K=30
as the default setting.

Table 3. Effect of PnP iterations (K) on SWT-PnP-DnCNN.

(K) | SCD | FMI | SD Qualitative observation
5 160 | 1.18 | 60.0 Under-refined; residual noise and slight ringing remain.
10 | 164 | 1.21 | 620 Noticeable improvement; edges clearer but some artifacts persist.
20 | 167 | 1.23 | 63.8 Most structures well recovered; minor further gain.
30 | 1.69 | 1.25 | 65.0 Best trade-off between detail and smoothness (default setting).
50 | 1.69 | 1.25 | 64.9 | Metrics saturate; additional iterations only increase runtime and may induce mild over-smoothing.
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The parameter A balances the data fidelity term and the DnCNN prior. Table 4. presents the performance for 4 €
{0.005,0.01,0.02,0.05} with K = 30 and L = 3. Very small 1 values under-weight the prior, while large values
oversmooth the fused image. The intermediate setting A = 0.02 consistently provides the highest SCD, FMI and SD, and
is therefore used in all reported experiments.

Table 4. Effect of regularization weight A.

A SCD | FMI | SD Qualitative observation
0.005 | 1.61 | 1.20 | 62.5 Prior too weak; noise and small artifacts remain near edges.
0.010 | 1.66 | 1.23 | 64.0 Cleaner background; edges sharper, slight improvement in contrast.
0.020 | 1.69 | 1.25 | 65.0 Best balance between denoising and detail preservation (default).
0.050 | 1.64 | 1.22 | 63.2 | Over-regularisation: fine textures and weak PET uptake are partially suppressed.

The effect of the SWT depth by changing the decomposition level L = 1,2,3 and keeping the value of K = 30, A=
0.02 is checked in Table 5. Increasing the SWT level from 1-3 improves gradually all three metrics reflecting improved
capture of cross-scale structures. Beyond values of L = 3 there was little apparent increase in results, but a considerable
extra computational cost, so the model is limited to three levels in all experiments.

Table 5. Effect of SWT decomposition level L.

(L) | SCD | FMI | SD Qualitative observation

1 1.63 | 1.20 | 62.0 Lowest redundancy; good edges but less multi-scale detail.

2 166 | 1.23 | 64.0 Better texture representation, modest metric gain.

3 1.69 | 1.25 | 65.0 | Richest multi-scale representation; best overall metrics (default).

Overall, ablation results show that the optimal trade-off of fusion quality and computational cost is achieved with
the chosen configuration K = 30, 4 = 0.02, L = 3 and a 3>3 activity window which results in the best combination (SCD
= 1.69, FMI = 1.25, SD = 65) of all the metrics calculated on tested configurations.

5. Experimental Results and Discussion

The performance of the SWT-PnP-DnCNN method has been assessed by comparing it with various hybrid MIF
techniques. Due to the absence of a reference ground-truth image, the evaluation relies on objective quantitative metrics,
including Functional Mutual Information (FMI), Mean (M), Fusion Factor (FF), Standard Deviation (SD), Entropy (E),
and Sum of Correlation Differences (SCD). For all these indicators, higher scores reflect better fusion effectiveness and
overall image quality.

MRI PET
Dataset 1 Dataset 2 Dataset 3 Dataset 4

Fig. 3. MIF dataset.

5.1. MIF Dataset and Materials

The performance of SWT-PnP-DnCNN method is compared to the recent state-of-the-art hybrid MIF methods,
which are described in [15-21, 33, 34]. Multimodal medical image data sets publicly available are used in experiments
that are mentioned in [35-37]. To enable fair comparison of various methods on the same experimental basis all source
images are processed and re-scaled to a common resolution of equal dimensions 256>256 dark square. The fusion
model is applied to the data exhaustively and depictive fused results of 4 image pairs sampled are provided in Fig. 3.
Special care is taken to retain clinically important information such as organ borders, lesion, and the minutiae of tissue
changes. The entire code, such as MATLAB codes, pre-process and post-processing modules, and experiment scripts,
are publicly accessible at: https://github.com/prabhisheksingh/SWT-PnP-DnCNN.git.

5.2. Qualitative Analysis

Figs. 4-7 sum up the information on MIF performances for several datasets and modality combinations. Together,
these figures describe the merits and drawbacks of current methods and proposed SWT-PnP-DnCNN.
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[19]
Fig. 4. Visual comparative analysis on dataset 1.

SWT-PnP-DnCNN

[19] [20] SWT-PnP-DnCNN

Fig. 6. Visual comparative analysis on dataset 3.
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SWT-PnP-DnCNN

Fig. 7. Visual comparative analysis on dataset 4.

5.2.1. Discussion of Visual Results

Fig 4 indicates graphic comparison among CT-MRI fusion techniques. Algorithms [15, 16] produce clean fused
results with a difficult time in retaining fine anatomical structure. The contours are smoothed and sulcal edges blurred
and a decreased contrast between bone and soft tissue. Method [17] enhances contrast in edges but yields an imbalanced
contrast that leaves gray-matter regions too smooth and causes fine structures to be lost. Method [18] offers a fair bit
more improved textures, yet its fusion is not balanced in details of the CT and progressively decreasing contributions of
MRI. More structural cues are preserved in approaches [19, 20], but demonstrate small artifacts and noise enhancement,
particularly in areas around skull edges. Method [21] accentuates contrast, but pushes boundaries too far, resulting in
sharp transitions and halo effects around them. Advanced methods [33, 34] further sharpen edges but at the cost of
unnatural contrast stretching and amplified noise. The proposed SWT-PnP-DnCNN produces the most consistent visual
quality, preserving anatomical structure, enhancing textures, balancing contrasts, and effectively suppressing artifacts
and noise. Fig. 5 compares various CT-MRI fusion approaches on Dataset 2 in terms of clarity, detail preservation, and
noise suppression. Methods [15] and [16] produce usable fused outputs, and the image is blurred of fine anatomical
structures, meaning that especially around cortical boundaries and optic canal regions mentioned above, the image is
less sharp and therefore less suited for diagnosis. Method [17] slightly enhances edges but lacks sufficient contrast
variation, resulting in deeper gray matter regions appearing flat and poorly defined. Method [18] provides slightly
improved tissue separation; however, it tends to underestimate the CT components, resulting in a softer bone
component than desired. The approaches of [19, 20] are more conservative, preserving additional structural information
and enhances delineation at the expense of a higher amount of noises and low halo-effect areas at the skull boundary.
Method [21] enhances texture and contrast, but at the cost of a more aggressive transitions and local over-sharpening.
The schemes above [33, 34] yield sharp edges but with unnatural contrast extension, which results in the overexplicit
bright areas. The SWT-PnP-DnCNN proposed offers the optimal compromise and maintains fine anatomical elements
without losing the contrast. The natural and effective artifacts are stifled to give a clean and a clinically dependable
fused image.

Fig. 6 demonstrates a visual analysis of the performance of MRI-PET fusion with the various methods. The results
of the methods [15 16] are also blurry with only the gross structure retained and fine MRI texture and PET metabolic
data lost and suppressed leading to low quality of anatomical clarity. Method [17] is superior to the previous ones in
terms of visibility of the boundaries, however, the variations of the PET intensities are not observed, weak metabolic
regions and poor tissue differentiation remain. Method [18] is a good merger in intensity pattern but has disparity in
modalities, which causes preponderance of MRI characteristic and hot spots extinction in PET. Methods [19, 20] are
more detailed and capture stronger PET signals, though lead to an amplification of noise such that parts of the cortex
look gritty. Method [21] enhances contrast and edges although it causes a further increase in PET activations resulting
in localized overbrightness and small artifacts. More sophisticated approaches [33, 34] are able to sharpen boundaries in
structures but have the negative property of lacking uniform texture, amplified noise and fake enhancement of intensity.
The proposed SWT-PnP-DnCNN maintains the MRI structure, conserves PET metabolic information, enhances contrast
naturally, and suppresses artifacts, producing the most visually balanced and clinically interpretable fused image. Fig. 7
shows the visual fusion quality of several algorithms on the MRI-PET Dataset 4. Methods [15, 16] yield oversmoothed
results, weakening both high-frequency MRI structures and PET metabolic details. Fine cortical textures are greatly
washed out, and the fused outputs are flat. Method [17] provides enhanced structural delineation but fails to preserve
PET uptake variation, yielding muted information about hot spots and limited contrast in deep brain regions. Method
[18] improves edges a little but still gives MRI a leg up on PET and suppresses metabolism, which is important
information in a clinical setting. Methods [19, 20] provide more detail but show a non-uniform distribution of contrast
and mild enhancement of noise, especially at the skull margins. Method [21] has the advantage of sharpening detail but
can over-enhance PET activity, leading to high image activity and image artifacts, as well as visually rigid transitions.
Some advanced schemes [33, 34] give some clearer edges but also contribute to graininess and overemphasize high-
intensity zones. The proposed SWT-PnP-DnCNN model has preserved anatomical structures, maintained meaningful
PET contrast, enhanced edges naturally, and suppressed noise, resulting in the most visually balanced and
diagnostically reliable fused result. A summary of failure cases observed in visual results is discussed in Table 6, where
the conditions in which they occur are specified, and their practical effects on the quality of fusion are indicated.
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Table 6. Failure-case analysis.

Failure Scenario Modality Pair Observed Limitation Reason for Failure Effect on Diagnostic Visibility
High-contrast CT-MRI Mild attenuation / softening of SWT low-frequency bias + Fine bone details may appear
structural edges thin cortical bone edges denoising suppressing high- slightly less sharp compared to

frequency gradients CT-dominant methods
Weak metabolic MRI-PET Under expression of low-intensity PET features have weak Subtle hotspots or diffuse uptake
signal regions PET tracer uptake response in SWT + smoothing areas may appear less intense
from PnP stage than ground truth PET
Highly CT-MRI mixed Infrequent local detail loss near SWT allocates inconsistent Local contrast imbalance or
heterogeneous pathologies complex junctions (bone-soft energy across orientations in missing thin structures
anatomy tissue-vessel interfaces) extreme contrast zones

5.2.2. 3-D intensity Surface Analysis and Comparative Visual Assessment

Fig. 8 shows the 3D intensity surface analysis based on Dataset-1. Conventional methods [15-21] provide a more
pseudo-smooth outcome with rounded heights, meaning that some deformation of sharp CT structures occurred, and a
reduction in local contrast of the blended images. More pronounced ridges and improved separation between the lesion
and background are offered by hybrid baselines [33, 34], based on the fact that locally flattened regions retaining fine
details are suppressed. Compared to them, SWT-PnP-DnCNN preserves the steepest and most localized surface ridges

with clear valley-peak transitions and few spurious oscillations, exhibiting high edge fidelity and fine details, which
outperform the rest of competing methods on this dataset.
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Fig. 8. 3-D intensity surface analysis on Dataset-1.

Fig. 9 demonstrates the analysis of 3D intensity surface basing on Dataset-2. In methods [15-21] the resulting
surfaces have comparatively flattened peaks and slopes of different magnitudes giving little finer detail evidence of
partial flattening of the cortical borders and dampening of fine anatomy. Hybrid baselines [33, 34] have sharper, more
localised ridges, with a higher preservation of edges, but still a visible smoothness of smaller vibrations at bone-soft
tissue boundaries. Compared to this, SWT-PnP-DnCNN provides the most prominent ridge shapes with a deep valley to

peak contrast and the lowest amount of surface flattening, thus enabling better edge and local contrast preservation
without noise amplification.
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Fig. 9. 3-D intensity surface analysis on Dataset-2.

Comparison of the visual assessment of all the fusion results discussed in Figs. 4-7 is provided in below Table 7. It
highlights the performance of each competing technique while focusing on noise, haloing and edge leakage and
smoothing over various datasets. It also shows competitive baselines like [33, 34], but it also points to the invariably

cleaner nature of the proposed SWT-PnP-DnCNN.

Table 7. Comparative visual artifact assessment across four datasets (Figs. 4-7).

Method Visual Noise | Halo Effects Edge Leakage Over-smoothing Overall Visual
Quality
[15] Moderate- Clearly Frequent around organ boundaries Pronounced in soft regions Low
High visible
[16] Moderate Mild- Visible leakage near strong edges Smooth but detail-reducing Low-Medium
Moderate
[17] Moderate Mild Noticeable on CT-MRI contours Slight texture loss Medium
[18] Low- Mild Occasional leakage Slight smoothing Medium-High
Moderate
[19] Moderate Mild- Soft tissue edge expansion Moderate smoothing Medium
Moderate
[20] Low Very Mild Well controlled Slight over-refinement High
[21] Low Very Mild Minimal leakage Retains detail with slight High
softness
[33] Low- Mild Well-controlled leakage; retains sharp Mild smoothing Medium-High
Moderate edges
[34] Low- Very Mild Excellent structural separation; Slight contrast flattening High
Moderate minimal blurring
SWT-PnP- Very Low Very Mild No visible leakage Well-balanced with detail Very High
DnCNN retention

5.3. Quantitative Analysis

Evaluation on MIF methods is carried out thoroughly assisted by metric-wise bar charts in Fig. 10 that are helpful
at providing an easy comparative manner of visualizing the outcomes. Most measures show moderate performance by
traditional MIF methods, like [15 - 21], typically being good in one dimension and bad in others. For instance, methods
[16, 20, 21] are found to have some relative larger FF and SD values (=1.7-1.74 and =63-64), which means that -
while the information is better absorbed - it results in suppressed texture and the less of mutual information. Other
methods, such as [18, 19], do not exhibit as strong contrast enhancement (SD 3841) and reduced entropy, indicating
reduced ability to sustain complementary detail. Transformer-driven and deep hybrid baselines, in particular, [33, 34],
demonstrate themselves to be competitive state-of-the-art performers. Method [33] has the highest value for SCD (1.73)
and a good FF and SD performance indicating good edge and content retention. At the same time, [34] loses most of the
FF (1.85) and entropy (4.23) meaning a rich and diverse fused representation. These we can see, hence [33, 34] are the
optimal non-proposed challengers. SWT-PnP-DnCNN has the best balance, and are first or near-first in nearly every
measure. It indicates best FMI (1.25), SD (65) and M (32) best structural and information fidelity. The FF and entropy
values are a bit lower, but the decrease can be explained by the fact that there was a deliberate reduction of redundant
intensities and noise. Overall, The analysis depicted in Fig 10 validates SWT-PnP-DnCNN is not only competitive but
slightly better than some of the recent deep fusion methods.
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Fig. 10. Comparison of fusion methods with SWT-PnP-DnCNN over SCD, FMI, FF, SD, M, and E.

A detailed comparison of MIF techniques is carried out with the assistance of metric-wise bar charts in Fig. 10
which assists to provide a simple comparative means in order to visualize the results. The conventional MIF-based
methods like [15 - 21] display an average effectiveness in most measures and are usually good at only a single measure
with a drawback on other measures. For instance, methods [16, 20, 21] are found to have some relative larger FF and
SD values (==1.7-1.74 and ~63-64), which means that - while the information is better absorbed - it results in
suppressed texture and the less of mutual information. Other methods, such as [18, 19], exhibit few contrast
enhancements (SD 38-41), and entropy reduction, and imply less detail retention between complementary ones.
Transformer-driven and deep hybrid baselines, especially [33, 34], show themselves to be competitive state-of-the-art
performers. Method [33] has the highest value for SCD (1.73) and a good FF and SD performance indicating good edge
and content retention. Meanwhile, [34] loses maximum FF (1.85) and entropy (4.23), coding for a rich and diverse
fused representation. These observations make [33, 34] the best non-proposed challengers. The proposed SWT-PnP-
DnCNN achieves the overall best balance and ranks first or near-first in almost all the metrics. It signals the highest
FMI (1.25), SD (65) and M (32) for successful structural and informational fidelity. Although the FF and entropy values
are somewhat lower than [34], the decrease is due to the intentional reduction of redundant intensities and noise.
Overall, The analysis depicted in Fig 10 validates SWT-PnP-DnCNN is not only competitive but slightly better than
some of the recent deep fusion methods.

Failure case analysis in quantitative results: Even though SWT-PnP-DnCNN achieves better average performance,
there are several limitations and tendency to fail across the metrics. First, when entropy (E) and M values are generally
high, some images do have over-smooth responses that may prevent useful small structural cues from being detected.
This can perhaps explain why methods such as [34] sometimes have an edge in terms of entropy which indicates
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sharper but noisier fusion. Similarly, FMI saturation reflects the fact that shared information is maximised but edge
consistency will be reduced in regions of high texture, which can be in favour of methods such as [33]. Finally, the
model may also have difficulty in cases of extreme modality contrast (e.g. PET-MRI), where handcrafted energy-
dominant schemes still sometimes maintain sharper activity details.

The PCA biplot presented in Fig. 11 is developed on z score normalised metrics (SCD, FMI, FF, SD, M, E), with
PC1 and PC2 capturing a total of 74.26% and 13.17% variance, respectively. The loading vectors indicate that all six
metrics are pointing broadly in the positive PC1 direction, proving that PC1 is a global measure of performance, with
methods on the right simultaneously achieving higher structural fidelity, information transfer and statistical richness.
Among all, SWT-PnP-DnCNN is at the most positive end of PC1, which clearly shows the best joint improvement on
all metrics. Methods [33, 34] are also in the high-PC1 region and hence seem to be the most competitive baselines.
Method [33] is a little bit above the proposed method on PC2, which indicates that method [33] is strong in those
components whose loadings tilt upwards (mainly SCD and FMI), i.e., edge and mutual-information preservation.
Method [34] seems to be close to the proposed method along PC1 but closer to the PC2 origin indicating good but more
balanced behavior in terms of structural and statistical metrics. Methods [20, 21] are found in the moderate positive PC1
and negative PC2 values; this is consistent with their high SD/M/entropy and less FMI and SCD, i.e., good contrast, but
less structural precision. By contrast, classical schemes [15 - 19] are concentrated on the negative side of PC1, with [16]
being the weakest outlier, confirming the under-performance of classical approaches, which under most metrics, jointly
outperform each other.
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Fig. 11. PCA of fusion methods based on quantitative evaluation metrics.

Overall, the biplot demonstrates that SWT-PnP-DnCNN not only leads the main performance axis but it is also a
well-performer in the second PC2 dimension, when [33, 34] appear to be a well-defined "second tier" cluster of solid
deep baselines, and conventional methods are clustered in a lower performance region.

5.4, Statistical Computation

To prove the difference in performance between SWT-PnP-DnCNN and competing MIF algorithms, pairwise two-
tailed paired t-test was performed for all evaluation metrics as shown in Fig. 12. Each cell stores the resultant p-value,
which indicates the likelihood of the observed difference in performance being due solely to chance. Darker shades
represent greater statistical significance (p < 0.05) while lighter shades represent marginal or non-significant distance.
The clustering of dark blocks across FMI, SD and M axes shows that the proposed method is able to consistently
preserve mutual information, the structure variability and perceptual details better than competing schemes. In contrast,
methods [33, 34], which are more recent strategies, seem lighter in some regions indicating them to be competitive but
inferior in some aspects.

Strong Dark Regions (FMI, SD, M): Shows strong statistical dark regions superiority of SWT-PnP-DnCNN on the
information retention, contrast distribution and reconstruction of structural details. Moderate Tones Against [33, 34]:
Reflect the performance of SWT-PnP-DnCNN easily surpasses the latest techniques, the performance difference
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become smaller: it indicates fair competition and verifies the experimental relevance. Consistent Patterns Across Rows:
Verify the advantage is not caused by chance or being a one-time effect only but happening across all data samples.

Correlation matrix of evaluation metrics

SCD

FMI

08
FF

SD

SCD FMI FF SD M E

Fig. 12. Pairwise t-test p-values (SWT-PnP-DnCNN vs Baselines): Significance heatmap between SWT-PnP-DnCNN and nine MIF techniques in six
evaluation metrics. Darker areas are where there is a statistically significant superiority (p < 0.05) of the proposed approach. Dark = p close to 0
(highly significant), Yellow/Light = p near 0.1 (weak/no significance), and threshold line: p < 0.05.

5.5. Ablation Study: Effect of PnP Prior and Denoiser Choice

To analyze the internal contributions of the proposed framework, we conducted two ablation studies:

SWT-only vs. SWT+PnP: As summarized in the ablation Table 8, the use of SWT+PnP is associated with
consistent improvement of structural and contrast-related metrics (SCD, FMI, SD and M) compared to the baseline of
SWT, while preserving or slightly improving FF and E. This supports the blatant fact that not only does the PnP prior
suppress the effect of fusion artifacts, it also stabilizes the reconstruction of high-frequency SWT coefficients. Table 8
tests the PnP component contribution by comparing the baseline SWT only fusion and the proposed SWT plus PnP
configuration. The SWT only model is purely based on fixed fusion rules applied in transform domain, which causes
poor recovery of the fine texture and suppression of the noise introduced during coefficient mixing. As no feedback
from reconstructed image is available, the low frequency drift and high frequency ringing artifacts, may remain in SWT.
This is shown where metric values are not very high especially for FMI, SD, and M. With PnP, the problem is etiology
to be regularized reconstruction with learned prior influence the solution time being. The DnCNN prior implicitly
models the statistics of clean anatomical structures, thus SWT+PnP achieves significantly higher information retention
(FMI), contrast diversity (SD), and edge detail (M) which justifies the theory that learned regularization helps remedy
hand-crafted statistic rules.

Table 8. Ablation: SWT vs. SWT+PnP (DnCNN).

Method SCD FMI FF SD M E
SWT Only 1.48 +0.04 | 1.05+0.03 | 1.62+0.06 | 59.2+1.7 | 27.9+0.8 | 3.48 +0.12
SWT+PnP (DnCNN) | 1.69 £0.03 | 1.25+0.02 | 1.81+0.04 | 65.0+1.4 | 32.0+0.6 | 4.00 +0.10

Different PnP denoisers (BM3D, FFDNet, DnCNN) within the same optimization pipeline: The quantitative
comparison (Table 9) indicates that all three denoisers are advantageous to the SWT fusion pipeline, with the most
desirable trade-off of detail preservation and artifact suppression results DnCNN-PnP has the highest or close to the
highest scores in SCD, FMI, SD and M and FF and E can be competitive. These results justify the choice of DnCNN to
serve as default PnP prior in the final SWT-PnP-DnCNN setup reported in Fig. 10 where it outperforms traditional
fusion baselines [15]-[21], and [33, 34] in almost all of the metrics (SCD, FMI, FF, SD, M, E). The PnP loop isolates
the effect of denoiser choice inside the loop of Table 9. BM3D, although powerful, is based on block matching and will
not be entirely generalized to non-stationary noise caused by modality. FFDNet enhances adaptability with noise level
maps and is also limited with local receptive fields. DnCNN, which was trained end-to-end on large distributions of
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noise, is the one that best integrates contextual structure at a variety of scales. Hence, DnNCNN-PnP generates the most
stable fused results, with better values on all the six metrics.

Table 9. PnP Denoiser Comparison.

Method SCD FMI FF SD M E
SWT+PnP (BM3D) | 1.57 +0.05 | 1.14+0.03 | 1.72+0.05 | 61.8 +1.6 | 29.3+0.7 | 3.61+0.11
SWT+PnP (FFDNet) | 1.63+0.04 | 1.19+0.03 | 1.76 +£0.05 | 63.1 +1.5 | 30.6 +£0.6 | 3.82 +0.10
SWT+PnP (DnCNN) | 1.69 #0.03 | 1.25+0.02 | 1.81 +0.04 | 65.0+1.4 | 32.0+0.6 | 4.00 +0.10

5.6. Runtime & Computational Cost Comparison

Table 10 summarizes the average processing time (sec/image) for all methods, run in MATLAB on an Intel i7
CPU (16GB RAM), unless noted otherwise; no GPU was used. Runtimes are image size and algorithm-complexity-
specific. Classical methods [15-21] are fast, but CNN-based techniques [33, 34] are slow on CPU, but give 40-50%
speedup when using GPU. Overall, SWT-PnP-DnCNN offers a modest increase in runtime, achieves the highest fusion
quality, and is therefore suitable when it must be deployed offline or in the cloud, and accuracy matters more than time.

Table 10. Runtime and computational cost comparison.

Method Method Basis Runtime (sec/image) | GPU Used Relative Complexity

[15] Compact matrix decomposition 0.42 X Low

[16] Wavelet packet decomposition 0.58 X Low

[17] Statistical projection 0.33 X Very Low

[18] Wavelet transform 0.51 X Low

[19] Shift-invariant wavelet 0.97 X Medium

[20] Contourlet 1.85 X Medium to High

[21] Shearlet 212 X High

[33] Deep feature extraction 3.45 v (Optional) High

[34] Deep attention/learning 3.92 v (Optional) High
SWT-PnP-DnCNN | SWT + iterative CNN denoiser 4.05 v (Optional) High to Very High

Although the fusion results of SWT-PnP-DnCNN are improved across all quantitative metrics, the iterative PnP
methodology introduces additional computational overhead. In contrast, classical transform-based methods [15, 17, 18]
take only a second per image and can be used for fast, but not accurate, fusion. Meanwhile, methods [20, 21] achieve a
balance between runtime and structural retention but remain CPU-bound due to multiscale directional expansions.
Furthermore, CNN-based fusion methods [33, 34] can be accelerated with GPU support but require loading the model
and incur additional memory overhead. Notably, SWT-PnP-DnCNN requires multiple denoising iterations and thus
incurs the highest CPU computational cost. However, with moderate GPU acceleration, the inference performance
becomes comparable to that of other CNN methods [33, 34]. As a result, SWT-PnP-DnCNN fits within a clinical
framework of interest, particularly in devices where accuracy is considered more critical than the processing chain's raw
latency (telemedicine servers, post-processing in a supporting PACS, edge-cloud-hybrid (ECH)).

6. Conclusion and Future Directions

This work proposed a new hybrid MIF method, i.e., SWT-PnP-DnCNN, that uses a deep CNN prior to shift-
invariant multiscale decomposition for PnP optimization. By partially decomposing inputs using SWT and partially
reconstructing fused coefficients through an iterative PnP loop regularized by DnCNN, the method balances the factors
of "interpretability" and "adaptability" with those from traditional transforms and learning-based priors. Extensive
experiments on various CT, MRI, and PET datasets show that the SWT-PnP-DnCNN outperforms the MIF methods
based on MSVD, PCA, DWT, SWT, NSCT, NSST, and deep fusion baselines. Quantitative evaluations based on SCD,
FMI, FF, SD, M, and E are superior and clear performance gains with mean+-std reporting and paired statistical
significance testing, where SWT-PnP-DnCNN achieves p<0.05 in most comparisons. Ablation studies show that both
the PnP component and the DnCNN prior are indispensable, and denoiser comparisons (BM3D, FFDNet, DnCNN)
emphasize the superiority of learned regularization. Additional sensitivity analyses on the number of iterations,
regularization weight, and SWT levels further strengthen the robustness of the design choices. While the method
proposed has a higher computational cost than static transform rule fusion, runtime profiling shows a reasonable trade-
off between quality and latency, if GPU acceleration is available at the time of the profile run.

Moving forward, the framework might be extended with task-aware objectives (e.g., fusion for
segmentation/classification), integration with transformer-based priors, 3-D volumetric fusion, PnP to increase speed
(e.g., real-time), etc. Overall, SWT-PnP-DnCNN offers a reliable, interpretable, and statistically validated fusion
pipeline, well-positioned for clinical decision support and broader intelligent medical imaging workflows.
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HFSBs - High-Frequency SubBands

PnP - Plug-and-Play

CT - Computed Tomography

MRI - Magnetic Resonance Imaging

PET - Positron Emission Tomography

SPECT - Single-Photon Emission Computed Tomography
CAD - Computer-Aided Diagnosis

PCA - Principal Component Analysis

HIS - Intensity-Hue-Saturation

DWT - Discrete Wavelet Transform

NSCT - Non-Subsampled Contourlet Transform

CNN - Convolutional Neural Networks

GAN - Generative Adversarial Networks

MSVD - Multi-Resolution Singular Value Decomposition
VQ-VAE - Vector-Quantized Variational Autoencoder
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