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Abstract. Multi-focus image fusion (MFIF) aims to synthesize the all-in-focus im-
age from partially focused inputs, yet preserving fine details under non-uniform focus
remains challenging. We present AMFFNet (Attentive Multi-Focus Fusion Network),
a hybrid approach that combines frequency-domain analysis with deep learning. In-
puts are decomposed via discrete wavelet transform (DWT) into multi-resolution sub-
bands, passed through a shared CNN encoder, and refined by dual attention (channel
and spatial) to emphasize informative cues. Features are then fused with an adaptive
weighting strategy and reconstructed by inverse DWT to produce the final image. On
the Lytro dataset, AMFFNet consistently surpasses classical and recent CNN-based
methods on SSIM, Entropy, Q AB/F, and VIF, and yields sharper, more structurally
coherent results in visual comparisons. The architecture preserves detail and general-
izes well to real-world focus variations, offering a practical solution for high-quality
MFIEF.
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1 Introduction

Different strides in imaging have truly changed the face of many industries by ena-
bling clear-cut visual data for various purposes, such as surveillance, medical diagno-
sis, and remote sensing. In all these cases, the challenge is capturing scenes with sev-
eral objects at different distances and maintaining sharp focus on each object. This is
one of the most persistent issues observed in many practical applications that involve
image capture [1]. Basically, the depth-of-field of an imaging system refers to the
range within which objects are viewed clearly; objects outside this range become pro-
gressively blurred with increasing distance from the focal plane [2]. Moreover, the
smallest dimensions of an optical instrument establish the maximum depth of field
that can be obtained which in turn sets a basic limit on the ability to see objects with
high resolution clearly throughout a wide distance range.

The process of merging two or more partially defocused photographs into one uni-
fied image is known as image fusion. Nevertheless, the combination of multi-focus
images (MF) creates new problems, such as the need to get rid of boundary artifacts
and the requirement to keep the same features across the fused regions. These chal-
lenges are magnified by the problems associated with camera movement, a moving
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lens, and changing object displacement. To tackle these challenges, a variety of meth-
ods have been developed by researchers, which mainly go through the following
steps: first, spatial-domain techniques, then transform-domain approaches, then hy-
brid models that combine both, and finally data-driven solutions that are based on
either deep learning or classical machine learning.

The processing in the spatial domain directly manipulates the pixel of the input im-
age Pixel-level alteration involves neighboring pixels. In the transform-based tech-
nique, the input image is transformed into frequency sub-bands or scales. Like in
wavelet transform, the image is decomposed in approximation coefficient and detail
coefficients. Then apply the fusion method followed by inverse transformation to get
the fused image.

While traditional approaches have contributed significantly to the field, they often
struggle with artifacts, blurring, and inconsistent feature extraction. In recent years,
the advent of ML [3] and DL has emerged as a powerful solution to overcome the
limitations of the previous methods. Deep learning-based approaches are divided into
two types [4]. The most common deep learning method is supervised, while some
unsupervised methods have also been invented by some researchers. In supervised
deep learning CNN-based [5], GAN-based, and ensembled learning-based methods
introduced by some researchers since the year 2017 to date.

Convolutional Neural Networks (CNNs) have shown their effectiveness in dealing
with the problems of MFIF, and among the latest approaches is the discovery of their
capability to understand intricate dependencies between the input pictures and the
related maps of the focus-level, which in turn leads to higher quality fusion and at the
same time takes care of the implementation issue of speed.

2 Literature Survey

MEFTIF has been a hot topic because it can enhance image quality and information
content for a wide range of applications. In this regard, scientists have been very crea-
tive in trying different ways to overcome the optical systems restriction and the depth-
of-field limitation, thus raising the amount of information that can be captured by
images [1]. This literature review discusses the various ways in which the MFIF
methods have evolved, the areas related to them, and the shift from conventional
techniques to deep learning methods.

2.1 Traditional Approaches

The traditional methods of MFIF are typically divided according to their working
domain—spatial or transform. The spatial-domain approaches process the images
directly at the pixel level, thus allowing fusion without any need for prior transfor-
mation; the processing can be at three levels: pixel-wise, block-wise, or region-wise.
Typical spatial techniques consist of the fusion through classification and probabilis-
tic optimization [7], which, although efficient, usually have high computational costs
and are highly dependent on accurate segmentation, thereby suffering from edge blur-
ring and blocking artifacts. The transform-domain methods alleviate these problems
by converting the inputs to a feature domain, partitioning the information into sub-



316 B. Bhardwaj and A. K. Jain

bands, applying a specific rule to the corresponding coefficients for fusing, and creat-
ing the image back through inverse transformation. The most commonly used multi-
scale transforms are wavelet, pyramid, and multi-scale geometric representations [8].
Among the significant works are the fast DCT-based fusion framework of Nie et al.
[6] and the NSCT domain approach using coupled neural P (CNP) systems suggested
by Peng et al. [9].

2.2 CNN-Based Approaches

Deep learning has reshaped MFIF, with convolutional neural networks addressing
many limits of traditional methods. Early work by Liu et al. [5] reframed fusion as
binary classification to produce a decision map via a pseudo-Siamese network, fol-
lowed by post-processing to obtain the fused image. Leveraging local context, Tang
Han et al. [10] proposed a pixel-wise CNN that estimates per-pixel focus through a
defocus mask, reducing common fusion errors. Guo et al. [11] introduced a super-
vised strategy that combines Gaussian filtering with a fully convolutional network
(FCN) to merge segmented focused/defocused regions with the originals. In order to
highlight the cues that are most important, Lai et al. [12] introduced a unit for visual
attention which made it possible to have a sharper view of the details. Zhang et al.
created the IFCNN [13], a universal CNN-based framework that performed feature
extraction, fusion rules selection, and fusion decision making. Ma et al. [14] were
modeling the diffusion caused by defocus in order to detect the focus boundaries and,
thus, eliminate the boundary artifacts. Following the above-mentioned advances,
Jiang et al. [15] added the residual blocks, the multi-scale RASPP module with shared
parameters, and the differential attention mechanism which all resulted in higher fu-
sion performance.

The latest methods based on transformers and attention in multi-fidelity image fu-
sion have significantly boosted both boundary treatment and the global context. Zhai
and his colleagues present a Transformer model that is interactive and employs
asymmetric soft sharing, which allows for the exchange of features across scales that
is beneficial for the drawing of the focus near the depth changes and also for the re-
duction of the halo artifacts [19]. Complementarily, Liu et al. design a multi-scale
hybrid-attention residual network that refines decision maps and preserves fine tex-
tures through coordinated channel/spatial attention and residual learning [20].
Together, these works exemplify the shift toward models that couple long-range rea-
soning with fine-grained attention, which is aligned with our emphasis on multi-scale
features and attentive fusion. We use them as strong recent baselines for comparison
and as evidence of the field’s trend toward globally consistent, detail-preserving
MFIF [19], [20].

3 Proposed method

The suggested fusion system takes as input the two multi-focus images I4 and Iz
which depict different in-focus parts and out-of-focus areas. It is assumed that these
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images are either in grayscale or are converted to grayscale to achieve a lower compu-

tational complexity and to provide consistency in the processing across the various
stages of fusion. Image sizes are normalized to H x W before decomposition.
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Fig. 1. Process flow chat for the proposed methodology.

DWT is then applied separately to the two partially defocused images in order to
obtain the frequency domain components for multi-resolution analysis. The applica-
tion of DWT results in the division of each image into four separate sub-bands: LL
which is the approximation band and LH, HL, and HH which are the detail bands.
Mathematically, for each image I € {I,, Iz}, the DWT produces:

DWT = {Ip Iy T Lapn} (1)

The sub-bands, therefore, characterize spatial-frequency characteristics in a local-
ized manner; the LL part indicates the low-frequency structural content, while LH,
HL, and HH stand for the horizontal, vertical, and diagonal high-frequency bands,
respectively. The model, thus, benefits from the multi-scale representation as it is able
to handle and combine coarse and fine features very well.

Then, a convolutional neural network (CNN) is used to separate the deep feature
representations from the sub-band coefficients of both the pictures. The matching sub-
bands, e.g., If; and I7;, are subjected to a common CNN encoder that ensures the
sharing of weights and the preservation of the characteristics in the fusion line. A
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shallow ResNet-like encoder is selected for the purpose of both computational effi-
ciency and representational power, benefiting from the use of residual connections
and ReLU activation functions. The feature extraction per sub-band is expressed
mathematically as:

Ffy = FeynUf1). Ff = Foun (IR) @)
Ff = Foun U£),FE = Fopyy (I1B) for k € {LH, HL,HH} (3)
Dual attention is provided to the CNN output to enhance awareness of focus and spa-
tial selection.
The Convolutional Block Attention Module (CBAM) evaluates channel-wise atten-
tion maps and spatial attention maps. Let F denote a feature map. The channel atten-
tion M (F) € R®**! and spatial attention M. (F) € R¥#*W are given by:

M.(F)= O'(MLP('Angool(F‘)) + MLP(MaxPool(F))) 4)
M (F) = o(f" ([AvgPool(F); MaxPool(F)])) Q)

The refined feature map F' is computed as:
F'=M(F)-F, F" = M(F')-F' (6)

After attention refinement as shown in Equation (6), corresponding feature pairs (F#,
EP) are fused using a weighted fusion method based on learned attention weights.
Specifically, a softmax function is applied to generate the fusion weights a;, for each
location:

exp (F{) »
ay ——Hp,FAHem,Fs B =1—ay 7
FkFu’Ad_“k Ff+ B FE ®)

This process is applied for all sub-bands: k € {LL, LH, HL, HH}. The result is a
fused set of sub-band feature maps:
{FELused FFu:ed vFIl-;ESEd ’F[_I;Il_xlsed} 9)
Finally, the fused sub-bands (from Equation 9) are reconstructed into the spatial do-
main using the IDWT, producing the final all-in-focus output image Ig:
Ir = IDWT(FEE=, Pl FEps=d, Pt ) (10)
For training the proposed fusion network, each training sample consists of a triplet:
two partially defocused images serving as input, and one corresponding fully focused
image as the ground truth. The training is performed in an end-to-end with Adam (Ir
= 107%), random flips/90° rotations, and patch size 128 x 128. The objective bal-
ances structural fidelity, pixel accuracy, and edge preservation:
L(8)=A; (1 —=SSIM(LI"))+ A4l I-r i+ 4, I VI =VI" ]Iy,

where V denotes Sobel gradients. We use cosine Ir decay and train for 200 epochs;
A5, A1, Agare set to balance the three terms.

4 Experimental results and discussion

To validate the effectiveness of the proposed AMFFNet model for MFIF, extensive
experiments are conducted using publicly available datasets and widely accepted
evaluation metrics. Both quantitative and qualitative results are presented, including
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comparisons with existing DWT-based and CNN-based fusion methods. Ablation
studies are also performed to analyze the contributions of each component in the hy-
brid framework.

The evaluation is performed on 20 pairs of high-resolution image sets taken with
varying focus depths from the Lytro multi-focus dataset. One ground-truth all-in-
focus image and two source images with narrow depth of field are included in each
pair. To assess fusion performance, the following standard metrics are used:

Table 1. Summarizes The Average Performance Across All Test Images.

Method SSIM Entropy Q_AB/F VIF 1
DWT 0.844 7.123 0.692 0.421
NSCT [16] 0.857 7.189 0.701 0.439
DenseFuse [17] 0.865 7.322 0.712 0.455
FusionGAN 0.879 7.301 0.725 0.476
IFCNN [13] 0.886 7.412 0.739 0.489
ResNetFusion [18] 0.892 7.405 0.742 0.492
IT-ASS [19] 0.910 7.492 0.754 0.499
poiigFFNet (Pro- | po11 7.538 0.762 0.514

It has been noticed that AMFFNet always outperformed all the baselines on all the
metrics. The increase in SSIM implies that there is an improvement in the structural
reconstruction, whereas the higher Q_AB/F and VIF values verify the better detail
preservation and perceptual quality. Our model reaches an average SSIM increase of
1.9% over IFCNN and 2.3% over FusionGAN, which is a clear indication of the ef-
fectiveness of attention-guided frequency-domain fusion.



320 B. Bhardwaj and A. K. Jain

R | <. g~ < o

DenseFuse [35] FusionGAN IFCNN ResNetFusion

Fig. 2. Visual comparison of the resulted fused image. Input A and B, Proposed method,
NSCT, DenseFuse, FusionGAN, IFCNN, ResNetFusion.
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Fig. 3. Quantitative Performance Comparison of Multi-Focus Image Fusion Methods Across
SSIM, Entropy, Q_AB/F, and VIF Metrics.

The findings demonstrate that the application of attention mechanisms results in better
performance. The integration of both (CBAM) results in the highest fusion quality,
particularly in VIF and SSIM outputs. This study makes it clear that the region-wise
focus amplification is of great importance in multi-focus situations.

The experimental results incontrovertibly demonstrate the effectiveness of the pro-
posed AMFFNet architecture in the task of multi-focus image fusion. The combina-
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tion of wavelet-domain decomposition, CNN-based deep feature learning, and dual
attention mechanisms has resulted in the model’s performance exceeding that of all
the other metrics used for evaluation. AMFFNet, in particular, obtains the highest
SSIM and Q_AB/F values, thus confirming its ability to maintain the details of both
the structure and edges better than the existing methods. The model achieves noticea-
bly sharper and more informative fused images compared to classical methods based
on DWT and NSCT and even surpasses the performance of advanced CNN-based
techniques like IFCNN and ResNetFusion.

As shown in Figure 3, it clearly shows its consistent improvement over traditional
methods such as DWT and NSCT, as well as advanced deep learning models includ-
ing IFCNN and ResNetFusion.

These results suggest that hybridization of frequency-domain and spatial-domain
cues, combined with deep attention-guided fusion, provides a robust solution to
MFIF.

5 Conclusion

In this paper, we introduced AMFFNet, a hybrid deep learning framework, which
efficiently combines the advantages of DWT, CNN, and attention mechanisms for
MFIF. The model decomposes the input images into different frequency sub-bands,
uses a common CNN encoder to extract the important features, and applies two atten-
tion modules to direct the fusion process in both the spatial and channel dimensions.
Afterwards, the inverse DWT is applied to the fused sub-bands in order to obtain a
crystal-clear image that is in focus everywhere.

By means of standard metrics like SSIM, Entropy, Q AB/F, and VIF, comprehen-
sive tests performed on the Lytro dataset clearly show that AMFFNet is the best
among all the fusion methods, whether traditional or DL-based and up-to-date ones.
The performance gains are attributed to the effective integration of multi-resolution
analysis with focus-aware attention-based fusion.
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source, provide a link to the Creative Commons license and indicate if changes were made.
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Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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