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Abstract: Most sparse representation (SR)-based fusion methods handle color channels separately,
which easily causes hue distortion and color saturation reduction in fused images. To address these
issues, we propose a novel color multi-focus image fusion method based on quaternion sparse
representation (QSR). QSR employs the quaternion matrix to model color images in a holistic way
that can fully exploit high correlations among color channels and preserve the inherent color
structures of source images in reconstruction results. We first learn a clear quaternion dictionary on a
high-quality image set and a blurry quaternion dictionary on a Gaussian-blurred version of the same
set. To accurately estimate the focus information of each image patch, the salience and sparsity
features are computed by collaboratively employing the sparse coefficients of the current patch and
its neighboring patches deduced from the QSR model under the two learned dictionaries. Then, an
activity measurement of each patch is defined by exploiting the two features. Finally, a maximum
fusion rule is adopted to get the composited sparse coefficients. The experimental results show that
our method successfully avoids color distortion in the fused images and performs qualitatively and
guantitatively better than some recent SR-based fusion methods.

Keywords: color image; multi-focus image fusion; quaternion sparse representation; spatial
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1. Introduction

In recent years, there has been a growing interest in multi-focus image fusion (MFIF). This
stems from the inherent limitation of optical lenses, which can only capture partially focused images.
However, in numerous practical scenarios, fully focused images are necessary, leading to the pursuit
of advanced techniques. MFIF serves as a potent method for extracting focus details from several
partially focused images of a single scene, each captured with distinct focus parameters, thereby
generating a completely sharp image [1]. At present, MFIF technology has been successfully applied
in many fields, such as micro-image fusion [2], visual sensor networks [3], visual power patrol
inspection [4], and optical microscopy [5].

In recent years, many efficient MFIF methods have been presented, which are divided into three
groups: spatial domain—based methods, transform domain—based methods, and deep learning—based
methods [6]. In spatial domain—based methods, the earliest method used the mean pixel values as the
results, causing severe detail information loss and blurring effects. As a result, researchers presented
several focus measures [multi-scale morphological gradient (MSMG) [7], dense SIFT [8], and
LBP [9], for instance] as the criteria to distinguish the focused and defocused pixels of source images.
These methods make full use of the relationship between surrounding pixels and, in most cases,
perform well for fusing multi-focus images, but may suffer from discontinuity in the results.
Recently, many effective MFIF methods based on Markov random field optimization [10],
multi-matting [11], conditional random field optimization [12], lazy random walks [13], multiscale
fuzzy quality assessment [14], Gaussian curvature filter [15], and parameter adaptive dual channel
dynamic threshold neural P systems [16] have been proposed to mitigate artifacts and provide spatial
consistency. These can get satisfactory results; however, most of them cannot deal with small-sized
focused regions and the transitional zone between focused and defocused regions. The
post-processing technology is used to fill the “holes” and remove noise in the decision maps, which
may produce incorrect results and unclear boundaries.

Transform domain—based methods typically encompass three key stages: image decomposition,
coefficient integration, and inverse transformation. The multi-scale transform (MST) is a common
transform tool used in transform domain—based methods. Widely used MST-based methods include
pyramid-based [17,18], wavelet-based [19,20], and geometric analysis—based methods [21,22].
Recently, a variety of MSTs that leverage image filtering have been introduced to MFIF, yielding
promising outcomes [23-25]. While MST effectively captures the intrinsic features of images,
determining the most suitable transform for source images with diverse content remains a complex
challenge.

In recent years, deep learning—based methods have become a very active direction in the field of
image fusion. Usually, deep learning—based methods can be divided into supervised methods and
unsupervised methods. The models used in supervised methods mainly include convolutional neural
networks (CNN) and generative adversarial networks (GAN). In 2017, Liu et al. [26] proposed the
first CNN-based method. This method utilizes a CNN model to learn a direct mapping from the
source image to the fused image, which integrates the clarity information of all source images.
Subsequently, many CNN-based methods have been proposed and achieved good results [27-31]. In
addition, GAN has also been used for image fusion [32-35]. The FuseGAN proposed by Guo
etal. [32] was the first GAN-based method. FuseGAN expresses the fusion problem as an
image-to-image conversion problem and utilizes the least squares GAN objective function to
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enhance its training stability. In recent years, Transformer models, along with newly emerging
generative models, have brought new vitality to MFIF. Notably, Ma [36] harnessed the capabilities of
a Swin Transformer model, successfully addressing the challenge of maintaining information across
extended distances. Additionally, FusionDiff [37] pioneered the integration of the denoising diffusion
probabilistic model into fusion tasks, significantly elevating generation quality through a meticulous
process of iterative optimization. Zhu et al. introduced TC-MOA [38], a cohesive and generalized
image fusion model that leverages the Vision Transformer architecture. Meanwhile, Hao et al. [39]
put forth a comprehensive, large selective kernel network, designed to grasp long-term dependencies
spanning diverse scales. This method adeptly assigns weights to the features refined by an array of
extensive deep kernels. Furthermore, several researchers have advocated for the utilization of hybrid
technology in generating fusion decision maps. Liu et al. [40] innovatively crafted a residual
architecture, incorporating a multi-scale feature extraction module and a dual attention module, to
derive the decision map. Wang et al. [41] introduced edge-preserving techniques within neural
networks, presenting Y-Net to produce the decision map with precision. Duan et al. [42] merged
CNNs with Transformers, creating a synergy that yields the fusion decision map. Shao et al. [43]
developed a pioneering model for MFIF, seamlessly integrating a U-Net architecture with both a
Swin Transformer and CNN. This combination of CNN and Transformer was strategically employed
to extract both local and global information, enhancing the overall efficacy of the fusion process.
Mamba, representing an innovative advancement in state space models (SSMs), transcends the static
parameter constraints of conventional SSMs by incorporating an input-driven selective state
mechanism. This groundbreaking model has also found its way into the realm of MFIF [44,45],
further expanding its applications and demonstrating its versatility.

Supervised methods require a large amount of labeled training data. In fact, most supervised
methods use synthetic data during the training process. Recently, scholars have proposed some
unsupervised methods. In 2019, Mustafa et al. [46] proposed an unsupervised method based on CNN,
which combines pixel difference and structural similarity (SSIM) as the loss function. In 2020, Xu
etal. [47] proposed the FusionDN, which formulated different image fusion tasks into a unified
dense connected network. In 2021, Ma et al. [48] proposed a method based on encoder—decoder
networks, which also uses structural similarity as part of the loss function. In 2023, Hu et al. [49]
introduced the ZMFF method, a novel approach that harnesses the power of deep image prior
networks and deep mask prior networks. This method not only produces crisp and clear fused images
but also concurrently generates focused maps for each source image, enhancing the overall quality
and detail of the fusion process. In addition, researchers use techniques such as cross-scale
transformation and pyramid fusion to ensure the semantic and visual coherence of the fused images.
Fang et al. [50] utilized the dilated residual dense network to extract comprehensive global features
from images. Liu et al. [51] introduced an adaptive feature concatenation attention network, which
facilitates seamless feature fusion by amalgamating deep and shallow features through an adaptive
cross-layer coordinate attention module. This module derives insights from semantic and edge
information, adopting a holistic perspective. Li et al. [52] presented a groundbreaking method that
incorporates a gradient-intensity joint proportional constraint, based on the generative adversarial
network, for MFIF. Meanwhile, Zhai et al. [53] developed multilayer semantic interaction leveraging
dynamic transformers. This innovation achieves parallel multi-scale attention feature computation by
integrating multi-head self-attention with deep separable convolution, further advancing the fusion
capabilities. Jiang et al. [54] proposed a novel technique rooted in a multi-scale neural network,
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complemented by a SpatialSwin autoencoder-based matting for MFIF. This approach adeptly tackles
challenges such as boundary precision and texture preservation, underscoring its robustness and
practicality. In theory, deep learning—based methods can achieve better fusion performance than
traditional methods in image fusion tasks. However, existing deep learning—based methods have not
shown significant advantages over traditional methods. The main reason for this phenomenon is that
the existing training data is poor, and large-scale, real benchmark data is lacking.

In addition, SR has also been applied to image fusion in the past ten years due to its powerful
capability of image representation. In SR-based methods, the way of constructing a dictionary and
the activity measurement of each image patch play important roles in fusion performance. Generally,
a dictionary can be obtained by pre-constructing-based and learning-based methods. The first uses
fixed bases to construct a dictionary. For example, Yang et al. used a discrete cosine transform basis
as the dictionary for image fusion and super-resolution [55]. Dong et al. presented a fusion method
based on a curvelet transform dictionary [56]. The second method uses a pre-collected image set or
the source images themselves to learn an overcomplete dictionary using some training algorithms.
The learned overcomplete dictionary can be further classified as a globally trained dictionary or an
adaptively trained dictionary. In [57], Liu et al. presented an MST and SR-based fusion method, in
which numerous high-quality nature images were used to learn a global dictionary. Zhu et al.
constructed a discriminative dictionary by combining several compact sub-dictionaries [58]. In [59],
Zhang et al. proposed a multi-task robust sparse representation model to fuse images with
misregistration, and the source images were used to build the adaptive dictionary. In [60], Yin et al.
learned several adaptive sub-dictionaries from the source image itself and then combined them to
construct a joint dictionary for MFIF. The pre-constructing dictionary-based SR model is fast to
implement but is restricted to the contents of the image. Compared with pre-constructing dictionaries,
the basis atoms of learned dictionaries have richer information and stronger representation capability
for source images. Thus, the learned dictionary—based fusion methods usually produce better fusion
results than fixed dictionary—based ones.

The activity measurement of each image patch is also important for the fusion performance. The
widely used activity measurement is defined as the l;-norm of sparse coefficients of the local patch
[55,57,58]. In addition, some novel activity measurements are also designed to select the focused
image patches from source images. For example, Nejati et al. defined an activity level of each patch
by using the correlation between sparse coefficients and the training pooled features [10]. Yin et al.
used a weighted multi-norm of sparse coefficients as the activity measure for each patch [60]. Zhang
et al. distinguished the focused and defocused patches from source images by employing the sparse
reconstruction errors of the SR model [59,61]. Recently, they designed a focus measure by
collaboratively using the sparse coefficients and sparse errors of each super-pixel [62].

Although these SR-based methods obtained good performance, there are still several limitations
in MFIF. First, most methods focus on fusing grayscale source images, but little attention has been
paid to designing specific SR models for color MFIF. For color source images, there are three main
methods of processing used in the sparse coding process. The first way is to separate the color image
into multi-channel ones and then sparsely encode each color channel independently. The second way
is to concatenate all color channels to form a large monochromatic image and then perform sparse
coding on it. Both ways ignore the strong correlation among color channels, which may cause color
bias in the results. The third way is to transform the RGB color space into some independent space
(such as YCbCr and YUV space) and then perform sparse coding on the luminance channel (Y
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channel). However, how to effectively fuse the chrominance components of source images is another
problem. In recent years, quaternion theory has been introduced to solve classical color image
processing problems. The commonly used way of quaternion representation (QR) of color images is
to represent each color pixel as a pure quaternion. Then, we can apply fruitful quaternion algebra
theories for image processing tasks. This representation has some attractive merits, such as
processing all channels simultaneously, conveniently performing transformations in 3D space, and
retaining the high-level correlation of all channels. Owing to these superiorities of the QR, numerous
QR-based processing methods have been developed [63-69]. For example, Xu et al. combined the
merits of SR and QR to develop a QSR model and achieved exciting results for color image
denoising [65]. In [68], Zou et al. proposed a quaternion collaborative representation model with
successful application to face recognition. To explore the underlying low-rank property of the
quaternion matrix, Chen et al. proposed a low-rank quaternion approximation model for color image
denoising and inpainting [69]. These methods achieved exciting results for many classic color image
processing tasks, but few QR-based fusion methods have been reported.

The second limitation is that the design of the activity measurement of sparse coefficients of
each patch did not adequately consider spatial information. Most of them are only designed on the
local patch, while the information of neighboring patches is ignored. Thus, these activity
measurements may lack adequate ability to differentiate between the focused and defocused patches.
The fusion methods in [59,61,62] designed activity measurements by employing spatial contextual
information, but they suffered from “jagged” artifacts and too smooth transitional regions in the
results, which are inherent problems of spatial domain—based methods. In fact, the principle of
symmetry can serve as a guideline for identifying and highlighting significant features of the source
image that exhibit certain structural or pattern characteristics. For instance, when processing images
containing object edges or textures, if these elements display some form of symmetry, they are likely
to carry crucial visual information. Leveraging the principle of symmetry can assist algorithms in
more effectively detecting these features and ensuring their prominent representation in the fused
image.

Concerning the limitations mentioned above, we propose a novel fusion framework based on
the QSR model to generate a fully focused image, which consists of the following four steps:

(1) Two different quaternion dictionaries, namely a clear quaternion dictionary and a blurry
quaternion dictionary, are learned from a pre-collected high-quality image set and its Gaussian
blurred version by employing the K-quaternion singular value decomposition (K-QSVD) method.
The reason for constructing two different dictionaries is as follows: The dictionaries used in existing
SR-based methods are learned from the clear image patch set or the mixed image patch set (a
mixture of clear image patches and blurry image patches). These image patch sets may have smooth
data; thus, the learned dictionaries usually contain both sharp components and smooth components.
In the sparse coding process, the clear patch and blurry patch will be decomposed into a weighted
summation of atoms with similar numbers. This weakens the ability of the sparsity feature (lo-norm
of sparse coefficients) to differentiate between the focused and defocused patches. In the following
experiments, we found that when coding each image patch and the corresponding blurred patch
under the blurry quaternion dictionary, the respective required number of atoms shows quantitatively
different results. This diverged effect indicates that the required number of atoms in the sparse
coding process can characterize the focus information of each patch. Therefore, we will use this clue
to design a simple but expressive feature for focused patch detection.
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(2) Each source image is divided into a set of image patches by the sliding-window operator, and
then each patch is represented by the quaternion vector form. After that, the clear quaternion sparse
coefficients and the blurry ones of each image patch are estimated by a simultaneous quaternion
orthogonal matching pursuit (SQOMP) algorithm and a quaternion orthogonal matching pursuit
(QOMP) algorithm, respectively.

(3) The salience feature and sparsity feature of each image patch are computed from the clear
quaternion sparse coefficients and blurry quaternion sparse coefficients, respectively. Then, a new
activity measurement of each patch is computed by exploiting both salience and sparsity features. In
the process of feature extraction, we evaluate the focus information of each patch by jointly using the
local information of the current patch and its neighboring patches. Thus, the extracted features can
properly differentiate between focused and defocused patches.

(4) A maximum fusion rule is adopted to combine the clear quaternion sparse coefficients of source
images, and then we can precisely reconstruct the fused image using the composited sparse
coefficients and the clear quaternion dictionary. A schematic diagram of our method is shown in
Figure 1. The contributions are elaborated as follows:

(i) We present a novel color MFIF via a QSR model. To the best of the author’s knowledge, this
is the first time that the QSR is used to solve the problem of color MFIF. Unlike most SR-based
methods handling color channels separately, the QSR combines the merits of QR and SR, which can
transform all color channels into a sparse space uniformly and can preserve the inherent color
structures of source images completely in reconstruction results. Therefore, our method can
successfully prevent color distortion in the fused images.

(if) Two discriminating features for each image patch are computed from the quaternion sparse
coefficients deduced from the QSR model under the specifically learned quaternion dictionaries. The
feature calculation process fully considers the spatial neighboring information to enhance its
discriminant power. Moreover, the salience feature and sparsity feature are unitized to calculate the
activity measurement, which can comprehensively evaluate the clarity attributes of each patch.

(iii) Experimental results show that our method can preserve well the important features of
source images and can successfully avoid color distortion in the fused images. In addition, our
method performs favorably against some recent SR-based methods in subjective perception and
objective assessment.

The remaining contents are arranged as follows: Section 2 briefly reviews the basic concepts of
quaternion algebra and the related theory of QSR. Section 3 describes the color MFIF via the QSR
model and spatial information in detail. Sections 4 and 5 provide experimental results and
concluding remarks, respectively.

2. Preliminaries

This section introduces some background knowledge, including quaternion algebra, QR of color
images, and the related theory of QSR. Within this paper, we refer to scalar variables, vector variables,
and matrix variables in the real space (R ) using normal letters (e.g., x), boldface lowercase letters
(e.g., x), and bold capital letters (e.g., x), respectively. In the quaternion space (H ), we use a dot
above variables to represent the quaternion variables, e.g., % x andX.
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Figure 1. The framework of our color MFIF, using the QSR model and spatial
information. Input all the source images, with each one initially being divided into a
series of image patches and subsequently expressed in the form of quaternion vectors.
Subsequently, the clear quaternion sparse coefficients, along with their corresponding
blurry counterparts for each image patch, are estimated utilizing the SQOMP and QOMP
algorithms, respectively, based on the two pre-trained quaternion dictionaries. Next, an
activity measurement for each patch is computed by leveraging both the salience feature
and the sparsity feature, which are derived from the quaternion sparse coefficients.
Finally, the fused image is constructed by using the composited sparse coefficients and
the clear quaternion dictionary.

2.1. Quaternion algebra

Hamilton extended the 2D complex number into a 4D hypercomplex number, thereby introducing
the notion of quaternions [70]. A quaternion geH is defined as follows:

G=a+bi+cjrdk Q)
where a is called the real part of ¢, bi+cj+dkis the imaginary part, and a,b,c,d <R, i,j and kare
operation units of the quaternion, which follow the rules that i* = j = k* =ijk = -1. If the real part a=0
, g Is called a pure quaternion.

Letg.,q,eH,AeR, p=[p,p,....pyJ €H" and q=[¢,,d,,....d,]" eH" . Then, we present some
fundamental algebraic operations of quaternion systems as follows.
(1) Addition: ¢, +q, =(a, +a,)+(b, +b,)i+(c, +c,) j+(d, +d, )k .
(2) Multiplication: Ag, = Aa, + Ab i+ Ac, j+ Ad, k,

qlqz = (aiaz _blbz —GC, _dldz) + (aibz + blaz +Cld2 _dlcz)i
+(a,c,—bd, +ca, +db,) j+(ad, +bc, —cb, +d,a,)k

In general, the multiplication between two quaternions ¢, and g, is non-commutative, i.e.,
4,4, # 6,6, - This is a key difference between the quaternion system and the complex system.
(3) The conjugate, modulus, and inverse of the quaternion ¢, are defined as:
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G = a — (B i+ €+ d,K), |6y = /ad =@d =a’ +b7 +¢7 +d? andg,* =ﬁ -
a

(4) The inner product of two quaternion vectors p,q is:
N
<p,a>=p"q=> p4, .
n=1
where p" =[p,, p,...-, py11S the conjugate transpose of p.
(5) The 1,-, 1,-,and 1,- norms of the quaternion vector p are:

N N 1
[Bll, =#n1[p,] = 0). ], = X[ .|, and B[, = Q.(p)*

n=1

More theories of quaternion algebra can be found in [49].
2.2. Quaternion representation of color image

To capture the high correlation between color channels, the pure quaternion matrix is widely used
to represent color image 1 [63-69], namely,

Q=Ri+G j+Bk 2
where Qisthe QRof 1,and R,G,and B are the red, green, and blue channel matrices, respectively.
It can be seen from Eq. (2) that using the QR can transform a given color image into a quaternion
matrix uniquely. Thus, the algebraic operations of the quaternion are capable of handling all color

channels simultaneously, which can preserve the inherent color structures of source images well in
image processing tasks.

2.3. Quaternion representation of color image

The fundamental idea of SR is that a specified signal can be constructed as a weighted summation
of a few atoms from an overcomplete dictionary. Due to the powerful capability of image
representation, many SR-based image processing tasks have achieved thrilling results [55-62]. The
existing SR-based methods perform well for grayscale images, but the performance degrades
significantly when processing color images. The reason is that the traditional SR model treats color
channels separately or stacks them as a vector. These two ways are inconsistent with the mechanism of
the human visual system, which essentially handles all color channels in parallel. To better capture the
inter-relationship among color channels, Xu proposed a QSR model and achieved exciting results for
color image denoising [65]. The QSR employs the quaternion matrix to model color images in a
holistic way, which can perfectly preserve the inherent color structures of original images in the
reconstruction results. Thus, in this paper, we employ it for color MFIF. The QSR model will be
briefly introduced.

To boost the computational efficiency, the QSR model usually focuses on patch-based
processing. For a color image 1, let p be a color image patch of size nx+/n inimagei; then, the
quaternion vector form of p isdenotedas v=0+v,i+v, j+v,k,veH", where v, eR",c=r,g,b isthe

real vector form of patch p for each channel. More formally, the QSR model has a linear form as:
v=Ds (3)
where D=D, +D, i+D, j+D, k, DeH""(n<K) is an overcomplete quaternion dictionary containing K
quaternion atoms, and $=s, +s, i+s, j+s,k, $eH* is the unknown quaternion sparse coefficient vector.
Generally, the solution of Equation (3) is not unique because the dictionary is overcomplete. The goal
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of QSR is to obtain a solution that contains the smallest number of non-zero entries. Mathematically,
the sparest solution § of Equation (3) can be solved by:

$=argmin, [V — Ds||2 . stlg, <T 4)

or
$=argmin, 3], s.t."\'/— Ds'"2 <e (5)

where Tand ¢ are two types of terminal criteria. The QOMP algorithm usually solves the above
NP-hard problem because of its high efficiency [65].
Rewriting the QSR model in Equation (3), we can obtain that the quaternion coefficient vector
obeys the following constraints:
0=D,s,—D,s, —Ds, —D,s,
vV, =D,s, +D,s; +D s, —D,s, (6)
vV, =D, —D,s;+ D S, +Dys,
Vv, =D.s; +D,s, —Ds, + Dys,

Equation (6) enforces explicit constraints on the correlations between color channels. Different
from the traditional SR models that select atoms from the respective channel dictionary, each v,
is linearly dependent on four channel dictionaries in the QSR model. Moreover, the coefficient
vector should be in the null space of [D,,D,,D,,D,]. By learning the quaternion dictionary D in an

appropriate way, the inter-relationship among all color channels for each patch p can be well

preserved. Thus, the inherent color structures of source images can be well preserved during the
reconstruction process, which is very useful to color MFIF.

3. Color multi-focus image fusion based on quaternion sparse representation and spatial
information

In this section, we will use the QSR model to sparse code each color source image, which is
attributed to the clear advantage over the traditional SR model. Apart from the selection of a sparse
model, the constructed dictionary, the activity measurement of each image patch, and the coefficient
integration rule are the other key issues in representation-based fusion methods, which will affect the
final fusion performance. In the following subsections, we will discuss in detail how to solve these
issues.

3.1. Quaternion dictionary constructing

The representation capability of the SR model is determined by the over-dictionary. Generally,
the dictionary can be obtained by the pre-constructing-based method and the learning-based method.
Compared with the pre-constructing-based dictionary, the learned dictionary has richer information on
basis atoms and has better adaptability for images with various contents. Thus, in this paper, we use the
learning technique to construct the quaternion dictionary.

For that, we first sample N training image patches p,,i=1...,N of size nx«n, which are
randomly cropped from a series of high-quality color images. Then, each patch p, is normalized to
zero mean value and is transformed into vector form v, via lexicographic ordering. Now, we get a
training matrix v =[v,,v,,...,v,]e R™", Let the QR of the training matrix be Vv =[v,,v,,...,v,]Je H™".

The training process of the quaternion dictionary is formulated as a below-optimization problem by
extending the model in Equation (3):
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{D, S} =argmin, ||V - DS"2 + A"S"O (7
where D=[d,,d,,...,d,]eH™ denotes the quaternion dictionary matrix containing K quaternion
atoms, S=[s,,s,,...,5,]e H" is the quaternion sparse coefficient matrix in which each s is the
representation coefficient to reconstruct v,,and A>0 is the regularization parameter. In Eq (7), the

dictionary matrix and coefficient matrix are both unknown variables. There are several algorithms to
solve the above optimization problem, such as ML [71], MOD [72], and K-SVD [73]. Among them,
the most frequently used is the K-SVD algorithm because of its high computational efficiency.
However, the original K-SVD algorithm is designed for a real number space. In [65], Xu et al.
proposed a K-QSVD algorithm that extends the standard K-SVD algorithm into the quaternion space.
Here, we also employ the K-QSVD algorithm to train the optimal quaternion dictionary. The detailed
computation process can be found in [65].

Figure 2 gives a comparison of color dictionaries trained by the K-SVD and K-QSVD
algorithms with different SR models. In this experiment, 100,000 color image patches with a size of
8 %8 are first randomly cropped from 20 natural color images. Then, we train dictionaries with 256
atoms by using different SR models. The maximum number of atoms used in patch decomposition is
set to 16. To visualize the learned quaternion dictionary, we enforce the real part D, =0 by using

the linear correlation of four-channel dictionaries. The dictionaries learned by the K-SVD algorithm
using the concatenation model [74] and by the K-QSVD algorithm using the quaternion sparse model
are illustrated in Figure 2(a) and (b), respectively. It can be seen from Figure 2 that these two
dictionaries contain many edge-like components, reasonably representing the spatial structure.
However, the atoms of the dictionary learned by the K-SVD algorithm are colorless, which indicates
that they are not plentiful enough to represent various colors. Thus, bias and color washing issues
will be introduced in the reconstruction results. Compared with the dictionary learned by the K-SVD
algorithm, the atoms of the quaternion dictionary contain rich color information, which encodes
spatial morphologies and diversified colors well. Meanwhile, we train a specific dictionary on the
Gaussian blurred version (o=2) of the same set of color image patches and call it a blurry
quaternion dictionary. The blurry quaternion dictionary is shown in Figure 2(c), which presents
distinctly different structures from the quaternion dictionary trained on clear image patches and
contains almost no sharp patterns. This difference between the two quaternion dictionaries reveals
that the blur effect of the image will influence the fundamental atoms in the training results.
Moreover, the clear and blurry quaternion dictionaries are not interchangeable when reconstructing
image patches.
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Figure 2. Visualizing different dictionaries for color image sparse representation. (a)
Using the K-SVD algorithm learned dictionary on the clear image dataset. (b) Using the
K-QSVD algorithm learned clear quaternion dictionary on the high-quality image dataset.
(c) Using the K-QSVD algorithm learned blurry quaternion dictionary on the Gaussian
blurred image dataset.
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3.2. Quaternion sparse representation for color multi-focus image

Considering that the MFIF method usually relies on local information, a patch-wise processing
strategy with a QSR model is implemented, similar to existing SR-based methods. To make the SR
shift invariant, a sliding-window technique is utilized to extract the image patches, which is very
important to the fusion performance. In existing SR-based fusion methods, sparse coding for each
patch is commonly performed by using only one learned dictionary that contains both sharp
components and smooth components. The clear patch and blurry patch will be decomposed with a
similar number of atoms, which will be weakened by the discrimination ability of the sparsity feature
(1,-norm of sparse coefficients). Moreover, as mentioned above, the clear and blurry quaternion
dictionaries contain distinctly different structures of atoms and are not interchangeable when
performing patch reconstruction. Therefore, it was unwise to use only one dictionary for representing
image patches in the MFIF. In the following QSR-based color MFIF method, we first learn two
quaternion dictionaries, namely the clear and blurry quaternion dictionaries, to sparsely encode each
image patch and then try to construct two features from different aspects to comprehensively reflect
the significant information of each patch, which is one main difference from existing SR-based
fusion methods.

Suppose 1, eR"", j=1,...,J are J geometrically registered color source images. By applying

the sliding-window technique with a step size of stp pixels, we can extract all possible patches of size
Jnx+/n for each source image. Let {p‘j}iL:1 denote all the extracted patches of source imagel,, where

L — wxnh o JswAL if (W —n +2) = ((sw—1)xstp+1)) >0
’ sw, otherwise

" :{sh +L 0 (H =V +D = (Sh-Dxstp+1) >0 SW:(W%/EHW and sh :[H%MW ;and [-]denotes a
stp

sh, otherwise stp
ceiling function. To facilitate the analysis, each patch p| of the source image 1; is first subtracted
from its mean m' and then transformed into vector form v/ via lexicographic ordering. After that,
we obtain the QR of v\ as v, and calculate the clear and blurry quaternion sparse coefficient vectors

by:
5, =arg min, ||v'J -Dg Sts, | <T (8)

cve,j

2’ 0

and

2 . . . N s
§,; =argmin, [, stV -Ds,|, <& (9)

where D,and D, are the clear and blurry quaternion dictionaries learned on the high-quality image
set and the Gaussian blurred version of the high-quality image set, respectively, and s, and s ; are
the clear and blurry quaternion sparse coefficient vectors for thei -th patch p). The QOMP

algorithm [65] can efficiently solve the above problem of signal decomposition. However, for the
QOMP algorithm, different source images may be decomposed into the weighted summation of
different subsets of a given dictionary atom. This is analogous to decomposing the corresponding
image patches of source images by different transform tools, which might invalidate the frequently
used salience feature (I,-norm of sparse coefficients). For the MFIF, we expect that the corresponding
patches of source images are represented by the same subset of dictionary atoms when solving
Equation (8). The simultaneous orthogonal matching pursuit (SOMP) algorithm [75] can meet this
requirement, which uses the same set of dictionary atoms to represent image patches from different
source images. In this paper, we first extend the SOMP algorithm into quaternion space to devise an
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SQOMP algorithm and then utilize the SQOMP to estimate the clear quaternion sparse coefficients
{si }jl forthe J quaternion vectors of image patches {vj}jl The main steps of SQOMP are given in

c,j

Algorithm 1. The SQOMP terminates precisely after T iterations. Nevertheless, it is noteworthy that
the stopping criterion typically encompasses two components: one based on the iteration count and
another contingent upon the norm of the residual. Specifically, if the norm of the residual falls below a
predefined threshold, the iteration ceases. Various norms can be employed for the latter criterion. For
further reading on this topic, the interested reader is referred to the related literature [75]. From
Algorithm 1, it can be found that the QOMP algorithm is a special case of the SQOMP algorithm when
J =1. The solution of Equation (9) is more inclined to obtain the minimum error between the original
and reconstructed signals; thus, the QOMP algorithm is used to estimate the blurry quaternion sparse
coefficients {s}

J
=1

Algorithm 1. Simultaneous quaternion orthogonal matching pursuit algorithm

Input: Quaternion dictionary D eH™", quaternion signals{vj}J_ l,\'/j e H", the maximum
i

number of non-zero sparse coefficients T, a stopping threshold & .
Output: Quaternion sparse coefficients {sj}J ¥ S, ceH".
i

1. Initialization: Residual signal ¥®=v,, j=1...,J, atom setA® =, and the iteration

counter itr =1.
2. Iteration procedure:

or every atomd, e D\A®™  compute the correlation value between d, and the residua
O)F tomd, e D\A™™ te th lat lue between d, and th dual
signal of last iteration i :

J J
(itr) _ G eGitr-n \|| TH o (itr-1)
c =y (a2 = Xl
j=1 j=1

(2) Find an atom d‘™ that solves the easy optimization problem:

f(itr) _ arg maxt Ct(itr) ,d(ilr) — [D\A(itr—l)]ﬁt .

This optimization process ensures that all signals can be perfectly reconstructed
simultaneously.

(3) Update the atom set:  A® =[ At g |.

(4) Calculate new sparse coefficients by projecting each input quaternion signal onto the atom
set A1

§§0 =argmin, [v; - A3, | = (A“)" AM)TAD) Y, = (A v, for j=1,...,7.

where the superscript A represents the operator of quaternion pseudo-inverse.

(5) Update the residual signal: " = v, — A3 for j=1,...,J.

(6) Increment the iteration counter itr =itr+1, and go back to step (1) unless the stopping

2s&or itr <=T .

J
criterion is met, i.e., Y[
j=1

3.3. Fusion rule

In this subsection, we will solve the remaining two key issues of the SR-based methods, namely
the activity measurement of each image patch and the coefficient combination rule. The activity
measurement identifies the saliency of sparse coefficients, and the combination rule decides how much
useful information of source images is transferred to the composited image. In the SR domain, the |,
-norm of sparse coefficients of each patch reflects how much detail-level structural information it
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contains. A larger value indicates that the image patch brings more saliency information. Thus, the |,
-norm of sparse coefficients is commonly used as the activity measurement of each patch [55,57,58].
Meanwhile, the I,-norm of sparse coefficients means how many atoms contribute to represent each
image patch. It seems more reasonable that different features are extracted from the sparse coefficients
to assess the significance of the corresponding image patch. In this paper, we build two features,
namely salience feature and sparsity feature, to assess the significance of image patches. The salience
feature is computed by the I -norm of sparse coefficients obtained by Equation (8). The sparsity
feature is described by the 1,-norm of sparse coefficients over a specific dictionary trained on blurry
data, which is different from traditional methods. Additionally, the calculation process of features fully
considers spatial information to improve its robustness. To comprehensively assess the focus
information of each patch, we design a new activity measurement by exploiting both salience and
sparsity features. The detailed computation process of activity measurement is discussed as follows.

For source image 1,, we first extract all possible image patches {p' }Ll by the sliding window

]
operator and then transform them into vector form {vJ}L1 in the same way as in the previous
subsection, where L is the number of extracted patches. For the i-th image patch p', we calculate
the clear and blurry quaternion sparse coefficient vectors & ; and s ; by using Equation (8) and
Equation (9), respectively. Considering that the 1, -norm of clear quaternion sparse coefficient vectors
s,; can represent the sharpness degree of the image patch and that the neighboring patches generally

possess similar focus information in multi-focus images, the salience feature SA' of patch p' isbuilt

as:
LT kzi @ k

pjer(pj)

Sk

¢

SA| =

i
Sc,j

(10)

il

where T'(p}) is the set of 8-connected neighboring patches of p', and the weight o, is calculated

by:
||Vij B Vl} ||2 ) |f k r i
Togr p; el(p)) (11)

0, otherwise

where o is a kernel parameter and is usually set to 0.5 [76]. The salience feature defined in Equation
(10) fully takes into account the spatial contents, which can improve its discriminant power.

Moreover, the 1,-norm of sparse coefficients reflects the concentration ratio of elementary
information of the image patch, and its value indicates how many atoms are used to represent the
image patch. The [,-norm-based feature may produce ambiguity when distinguishing the focused and
defocused patches. This will make the frequently used method invalid in which sparse coefficients
with a larger number of non-zero elements are selected as fused coefficients. The rationale is that a
dictionary learned on clear training data possesses both sharp and smooth components, and the
required number of atoms for reconstructing clear image patches will be similar to that for
reconstructing the corresponding blurry patch. In [77], Shi et al. proposed an effective sparsity feature
for detecting just noticeable blur. Inspired by the idea of [77], we learn a specific dictionary on blurry
data and build a discriminate feature for measuring the significance of image patches. In this
dictionary, there are numerous blurry bases and barely sharp components. Thus, a large number of
atoms may be needed when reconstructing a clear patch with sharp structures by blurry bases. In
contrast, a blurry patch requires fewer atoms for optimal reconstruction. To prove this hypothesis, we
conduct two experiments by counting the number of non-zero elements for representing image
patches.

The first experiment is conducted on a clear image patch with a size of 8 <8 and the Gaussian
blurred version with different blur degrees. The blurry quaternion dictionary used for sparse coding

@ = exp(=
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is shown in Figure 2(c). The decomposition results are shown in Figure 3. We can see from Figure 3
that the number of atoms used to represent the original clear patch is almost as many as its
dimension. As the blur strength becomes severe, the variation in patch content decreases. The
required number of atoms for representing these patches is reduced accordingly.

The generality of the phenomenon shown in Figure 3 is validated in the second experiment. We
first randomly crop 100,000 color patches with a size of 8 <8 from 50 natural color images. To avoid
ambiguous results, patches with small variance are removed. Then, the sampled patches are
smoothed with Gaussian standard deviations ranging from 0.5 to 5. In total, we collect approximately
750,000 image patches with different blur degrees. Figure 4 lists the numbers of non-zero sparse
coefficients under different blurriness levels. In Figure 4, the height of each bar represents the mean
value of non-zero sparse coefficients corresponding to a particular blurriness, and the gray line above
each bar denotes the standard deviation. We can see from Figure 4(a) that the value dramatically
decreases when o <2, and the values for each blur degree are fairly consistent under a small
standard variation. In addition, we also use a clear quaternion dictionary, which is shown in Figure
2(b), to represent these sampled patches, and the results are shown in Figure 4(b). It is easily found
that the rate of descent of values in Figure 4(b) is slower than that in Figure 4(a). This manifests in that
the extracted feature using the blurry quaternion dictionary is more sensitive to blur strength than the
one using the clear quaternion dictionary. We believe this is because the blurry quaternion dictionary
captures more elementary information to represent blurred image patches. The second experiment
statistically proves the robust and stable relationship between the blur degree and the value of
non-zero sparse coefficients for image patch representation using a blurry quaternion dictionary.
Thus, we utilize this cue as the blur indicator and build the sparsity feature sp; of patch p' by:

P =l X aufel, (12)

pjer(p})

Now, the new activity measurement AM; of patch p' is obtained by linearly combining the
salience feature and sparsity feature:

i

AM =nSA| xnSP; (13)
where nSA, and nSP; are the normalized values of SA| and SP;, respectively. After the
constructed activity measurement of the image patch, the following issue is how to merge sparse
coefficients of source images into the counterparts of the composited image. The typical combination
rules are the averaging-based and absolute maximum-based rules. The former rule selects the fused
coefficients by weighted averaging all the sparse coefficients of source images. It can resist the noise
in the fusion process, but the detailed structures of fused images will be smoothed. For the color
MFIF, we expect that all the valuable information from source images is transferred into the fused
image. In reality, establishing such an ideal rule is almost impossible. A more practical approach is
preserving the most important information among source images into the fused image. Therefore, the
maximum activity measurement rule is employed to choose fused coefficients in this paper. The
fused clear quaternion coefficient vector s, of the i-th image patch is obtained by choosing the
clear quaternion coefficient vector of the source image with the maximum activity measurement as
follows:

Le =8 ., j"=argmax {AM|, j=1...,J} (14)

SeF et

The corresponding QR of the fused mean value is i =[m!.,m
quaternion vector form of the i -th fused image patch is:

Vi =D, +mk (15)

After obtaining all the quaternion vector forms of fused patches {\'/iF }Ll we transform them into a

quaternion matrix i. by using the inverse process of patch extraction. Since the fused patches

...... m. ] eH" . Now, the

i
i
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overlap, each value of i _ is divided by its accumulation times. Finally, the color fused image 1. is
obtained by extracting the imaginary part of i. .

L e

(a) (b) (© (d)

b

Figure 3. The atoms used for representing image patches with different blur degrees. The
left part in each sub-image is the image patch to be decomposed, and the right part is the
used atoms. (a) Original patch, 61 atoms. (b) Standard deviation o =1, 40 atoms. (c)
Standard deviation o =2, 9 atoms. (d) Standard deviation o =3, 6 atoms.
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Figure 4. The average numbers of non-zero sparse coefficients under different blurriness
levels. (a) The decomposition of image patches using a blurry quaternion dictionary. (b)
The decomposition of image patches using a clear quaternion dictionary.

4. Experiments

This section provides extensive experiments to validate the feasibility of our color MFIF. First,
we present the corresponding experimental setting. Second, the influences of some key parameters
on the performance of our method are discussed. Finally, the experimental results are analyzed
subjectively and objectively.

4.1. Experimental setting

To validate the effectiveness and robustness of our method, experiments have been conducted
on four publicly accessible datasets. The test datasets comprise the Lytro dataset [10], consisting of
24 pairs of authentic multi-focus images derived from light field data, the MFFW dataset [78], which
contains 13 pairs of multi-focus images of varying resolutions, the MFI-WHU dataset [79], produced
from blurred all-focus images and comprising 120 pairs of synthetic multi-focus images, and the
Real-MFF dataset [80], generated from light field images and containing an extensive 710 pairs of
multi-focus images. Additionally, four sets were collected from the Internet [81]. Source images with
different contents stand for various cases encountered in practice. A portion of source image pairs are
displayed in Figure 5.
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We select 13 popular MFIF methods in the comparison experiments to demonstrate the
superiority of our method (QSR method, for short). Specifically, we use one classical MST-based
method, the nonsubsampled contourlet transform-based method (NSCT) [21], and six recently
representation-based methods, which are the sparse representation-based method (SR) [82], the
nonsubsampled contourlet transform and sparse representation-based method (NSCT-SR) [57], the
sparse representation-based method with an adaptive dictionary learned on pre-collection training
data (ASR-1) [83], the sparse representation-based method with an adaptive dictionary learned on
source images themselves (ASR-2) [60], the jointly clustered patch dictionary-based method
(JCPD) [84], and the dictionary learning and low-rank representation-based method (DL-LRR) [85].
Additionally, we use three effective spatial domain-based methods, including the multiscale fuzzy
quality-based method (MFQ) [14], the multi-dictionary linear sparse representation-based method
(MDLSR) [86], and the parameter adaptive dual channel dynamic threshold neural P systems-based
method (PADCDTNPS) [16], as well as three effective deep learning—based methods, namely the
CNN-based method (CNN) [26], the swin transformer network-based method (SWIN) [87], and the
latent feature-guided diffusion Transformer model-based method (LFDT) [88]. The parameters of the
comparison methods are the same as those in related papers. All the selected representation-based
methods fuse color channels separately, except for the JCPD method. The JCPD method first
converts the RGB color space into YCbCr color space and then performs a fusion rule on the Y
channel. Finally, the inverse color space transform is performed over the merged luminance
component and chrominance components to obtain the fused image.

To quantitatively assess the quality of fused images obtained by different methods, six
mainstream assessment metrics are used in the experiments: the information theory—based metric
(Qnmi) [89], the feature-based metric (Qg) [90], the structural similarity—based metric (Qy) [91], the
human perception—based metric (Qcg) [92], the visual information fidelity—based metric (Qvirr) [93],
and the colorfulness index of color image (Qcg) [94]. The first four metrics can estimate the amount
of information, sharpness information, structural information, and significant features of source
images preserved in the fused results, respectively. The metric Qvirr, Which is grounded in the
human visual system and natural scene statistics theory, serves to quantify the visual information
fidelity between the fused image and each of the source images. The metric Qcg uses a combination
of image statistics to represent colorfulness. For each metric, a higher value implies superior
performance.

= e T %

dataset
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R

Figure 5. Examples of some source image sets from the selective datasets.
4.2. Effects of parameters

In this subsection, we will determine two key parameters in our method, including the number of
dictionary atoms k when constructing dictionary and the sparsity level T in Equation (8). To
accomplish this, the experiments are conducted on the Lytro dataset, and the impacts of parameters on
the fusion results are assessed by using the averaged values of four metrics.

When training a quaternion dictionary, we first require collecting training data that consist of
many image patches. As the size of the patch increases, the size of the dictionary increases
accordingly. Thus, the efficiency of sparse representation for image patches becomes lower. If the
size of the patch is too small, the containing information will not be sufficient for distinguishing
whether it is a focused patch or not. As suggested in the literature [55,58,60,73], the size of the patch
is also set to 8 <8 in the constructing dictionary. In the experiment, the clear training data consist of
100,000 color image patches, which are randomly cropped from 20 high-resolution color images.
These color images are obtained from [95]. The blurred training data are obtained by blurring the clear
training data with a Gaussian kernel of o=2. We try to produce different blurred data by smoothing
the clear data with different Gaussian variances. It is found that this configuration is sufficiently
feasible when extracting the sparsity feature. Then, we train a set of clear and blurry quaternion
dictionaries, where the numbers of atoms k are set to 64, 128, 256, 384, and 512, respectively. We
also test four different sparsity levels T in the experiment, including 4, 8, 16, and 24. The assessment
results of the QSR method based on these dictionaries for all testing images are shown in Figure 6.

It can be seen from Figure 6 that almost all of the metrics increase with the number of dictionary
atoms, while the improvements in the values are not obvious when the number of atoms K >256
increases. We note that learning a dictionary with a large number of atoms may have some side-effects.
The first is that the fusion methods using this dictionary will demand higher computational costs. The
second is that the dictionary may over-fit the training data. Therefore, the number of atoms is set to
K =256 . Moreover, all metrics always increase with sparsity levels. However, a large sparsity level
means that more atoms are used to represent image patches, which also increases the computational
cost. As shown in Figure 6, all metrics achieve nice results when the sparsity level T is set to 16.
Apart from the above two key parameters, there are another two parameters in the QSR method,
namely the step size of the sliding-window operator stp and the global error . in Equation (9). To
reduce spatial artifacts and blocking effects, the step size is usually set to one pixel in many
SR-based fusion methods. These methods will require large memory storage and high computational
cost. To make full use of spatial information in extracting features, we find that a proportion of
overlapped region reaching 50% of each image patch can obtain satisfactory fusion results. This
setting can effectively reduce computational complexity. For the global error -, we select a small
value, expecting that the reconstruction results are close to the original image patches. The reason is
that the detail-level structure information is critical to perceive image blur. We set the global error -
to 0.07, as suggested in the literature [77].

In summary, the parameters of the QSR method are setas K=256, stp=4, T=16,and £=0.07 in

the following experiments.
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Figure 6. Mean assessment results vs. the size of the dictionary and sparsity level.
4.3. Experimental results and discussion
4.3.1. Qualitative comparisons

In this subsection, we first give the qualitative comparison of different fusion methods by
comparing the visual quality of fused images. To validate the effectiveness and universality of the
QSR method, eight representative experiments are chosen for comparative analysis. The selected
source images contain various types, such as objects of different scales, different brightness
variations, different number of source images, and good or poor registration. The fused results
achieved through various methods are depicted in Figures 7-19. To clearly show the details of fused
images, the local enlarged patches are also presented below each image.

Figure 7 displays the fused results for the Golfer source images from the Lytro dataset, a
challenging scenario due to a small focused region (a triangular meadow) surrounded by a large
defocused area and small-scale golf balls located near the boundaries of the foreground object. While
most methods appear to perform well overall, several exhibit specific drawbacks: the SR, ASR-2,
and DL-LRR methods introduce artifacts at object boundaries, with SR and ASR-2 also showing a
hue bias; the JCPD method produces an overly smooth result due to its average fusion rule. A closer
examination reveals that the PADCDTNPS, SWIN, LFDT, and QSR methods are more effective at
preserving the detail of the golf balls near the foreground, whereas this information is eroded to
varying degrees by the other techniques. Furthermore, when it comes to reproducing the focus
information of the triangular meadow from the second source image, only the SWIN and QSR
methods succeed, as all other methods fail to capture this detail correctly.
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()
Figure 7. lllustration of the fused images on the Golfer set from the Lytro dataset. (a)—(b)
Source images. (c)—(p) Fusion results obtained by the NSCT, SR, NSCT-SR, ASR-1,
ASR-2, JCPD, DL-LRR, MFQ, MDLSR, PADCDTNPS, CNN, SWIN, LFDT, and QSR,
respectively.

Figure 8 displays the fused results for the Sea source images from the MFFW dataset, a
challenging case involving images captured under different brightness conditions and a defocused
region with rich gradient information, particularly noticeable in the stone part. The JCPD and
DL-LRR methods suffer from severe color bias on these stones, a flaw attributed to their reliance on
absolute coefficients as focus measures, which leads to ambiguous recognition in areas with complex
gradients in both the foreground and background; JCPD’s visual quality is further degraded by its
use of only one chrominance component. While the SR, NSCTSR, and ASR-2 methods introduce
few artifacts in the stone area, they produce obvious artifacts in the sky regions. In contrast, the
SWIN, LFDT, and QSR methods demonstrate superior performance by preserving more focus
information from the source images, resulting in a fused output with clear and well-defined
transitional regions.

RIS N
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Figure 8. Illustration of the fused images on the Sea set from the MFFW dataset. (a)—(b)
Source images. (c)—(p) Fusion results obtained by the NSCT, SR, NSCT-SR, ASR-1,
ASR-2, JCPD, DL-LRR, MFQ, MDLSR, PADCDTNPS, CNN, SWIN, LFDT, and QSR,
respectively.

Figure 9 displays the fused results for the Traffic sign source images from the MFI-WHU
dataset, which are impeccably aligned with minimal defocus diffusion. The JCPD method produces a
poor visual effect, as shown in Figure 9(i). Meanwhile, the ASR-1, ASR-2, and PADCDTNPS
methods introduce artificial segmentation boundaries at the transitions between focused and
defocused areas. Although the MFQ, MDLSR, and CNN methods avoid significant misjudgments in
large background areas, their segmentation boundaries lack the necessary fineness. In contrast, the
SWIN, LFDT, and QSR methods stand out by effectively preserving all critical information from the
source images while ensuring sharp boundary contours, ultimately achieving the highest quality in
the fused results.

- (a) (b)
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Figure 9. lllustration of the fused images on the Traffic sign set from the MFI-WHU
dataset. (a)—(b) Source images. (c)—(p) Fusion results obtained by the NSCT, SR,
NSCT-SR, ASR-1, ASR-2, JCPD, DL-LRR, MFQ, MDLSR, PADCDTNPS, CNN,
SWIN, LFDT, and QSR, respectively.

Figure 10 displays the fused images for the Flower source images from the Real-MFF dataset,
with locally enlarged versions presented in Figure 11. The source images are perfectly aligned but
feature irregular edges on the flower and branches, posing a significant challenge. Several methods,
including ASR-2, MFQ, MDLSR, PADCDTNPS, and CNN, struggle to accurately differentiate
between focused and defocused areas, resulting in prominent blurred edges, particularly on the
branches. The MDLSR method, as shown in Figure 10(k), exhibits especially severe edge blurring.
While the SR-based methods show some improvement in reducing this blurring, their results still fall
short of ideal. In contrast, the SWIN, LFDT, and QSR methods produce the most vivid and visually
pleasing fusion images, successfully preserving the intricate details and sharp contours of the source
images.

(m) (n) (0) P
Figure 10. Illustration of the fused images on the Flower set from the Real-MFF dataset. (a)—(b)
Source images. (c)—(p) Fusion results obtained by the NSCT, SR, NSCT-SR, ASR-1, ASR-2, JCPD,
DL-LRR, MFQ, MDLSR, PADCDTNPS, CNN, SWIN, LFDT, and QSR, respectively.
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Figure 11. Local enlarged regions of the Flower fused images in Figure 10. (a)-(b) Source
images. (¢)—(p) Fusion results obtained by the NSCT, SR, NSCT-SR, ASR-1, ASR-2, JCPD,
DL-LRR, MFQ, MDLSR , PADCDTNPS, CNN, SWIN, LFDT, and QSR, respectively.

The problem of image misregistration is a main challenge for the MFIF task, especially for the
transform domain-based methods. Two fusion experiments are presented in the following, conducted
on source images with misregistration caused by different reasons.

The first experiment, conducted on the Girl source images shown in Figure 12(a) and (b),
presents a significant challenge due to misregistration caused by movement in the arm and head.
Generally, spatial domain—based methods outperform transform domain—based ones, with the notable
exception of the QSR method. As seen in the enlarged regions, transform domain—based methods
like NSCT, NSCT-SR, and ASR-1 produce obvious artifacts on the head and body. While the
sliding-window technique in the SR and ASR-2 methods somewhat alleviates these issues, artifacts
persist. Furthermore, the JCPD and DL-LRR methods exhibit noticeable color bias. In contrast,
spatial domain methods such as MFQ, MDLSR, and PADCDTNPS perform well, yielding clear
transitional regions. Ultimately, the CNN, SWIN, LFDT, and QSR methods achieve the best visual
effects. Notably, the QSR method is particularly effective, as its designed features capture the
intrinsic focus characteristics of the source images, allowing it to robustly resist the performance
degradation caused by moving objects.
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Figure 12. lllustration of the fused images on the Girl set. (a)—(b) Source images. (¢)-(p)
Fusion results obtained by the NSCT, SR, NSCT-SR, ASR-1, ASR-2, JCPD, DL-LRR,
MFQ, MDLSR, PADCDTNPS, CNN, SWIN, LFDT, and QSR, respectively.

To further assess the quality of the fused images, we also provide difference images, serving as
a means to evaluate the effectiveness of fusion methods in retaining the information from the source
images. The difference image 1, is given by the following formula:

=7 1. 1| (16)

where y>1 represents a parameter designed to present a more straightforward result; in our
experiments, we have fixed y=10. Additionally, 1. and 1, are the fused image and nth source
image. In the difference image, the pixels are anticipated to appear red in the defocused areas and
blue in the focused areas. The difference images in Figure 13, using source image 1 [Figure 12(a)] as
the reference, highlight the ability of fusion methods to transfer focus information. Source image 1
features a clear foreground and a blurry background. The MFQ and CNN methods yield satisfactory
results, demonstrating their capability to precisely discern focused areas by using a binary decision
map that minimizes residual information in the difference images. In contrast, other methods lose
some degree of focus information. However, because the focused region in the lower-right corner of
source image 1 is small and dispersed, the CNN method inevitably retains some residual focusing
information, leading to artifacts or blurring in the fused image. Although our method’s difference
image also retains some information from the focused area, it excels at recognizing even these small,
scattered regions, which consequently results in a fused image with a superior visual effect.

@ | (b) © @
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(m) (
Figure 13. Difference images between the source image 1 [Figure 12(a)] and each of the
fused images in Figure 12. (a) NSCT; (b) SR; (c) NSCT-SR; (d) ASR-1; (e) ASR-2; (f)
JCPD; (9) DL-LRR; (h) MFQ; (i) MDLSR; (j) PADCDTNPS; (k) CNN; (I) SWIN; (m)
LFDT; (n) QSR.

The second experiment is conducted on Lion source images. Because the viewpoint is changed
when capturing source images, they are not registered well with each other. This is another reason
causing image misregistration. Many methods, including SR, NSCT-SR, ASR-2, and DL-LRR,
produce severe color bias because their channel-by-channel processing fails to preserve inherent
color structures. Others, like NSCT, ASR-1, and JCPD, introduce numerous artifacts, with JCPD
also exhibiting significant blurring. These failures are largely due to the zoom effect creating
texture-less focused regions and weak edges in defocused areas, making correct focus detection
difficult. In contrast, spatial domain and deep learning methods [Figure 14(j—0)] are superior,
showing fewer artifacts and no color distortion. However, MFQ and PADCDTNPS suffer from
unclear transitions due to overly smoothed decision maps, while SWIN and LFDT, though
satisfactory, still show slight blurring in these regions. The QSR method excels by leveraging its
strong color image representation and spatial feature extraction, accurately distinguishing focused
and defocused regions to achieve the best visual effect. Figure 15 shows the difference images from
subtracting the first source image from fused images. Source image 1 has a clear foreground (lion)
but blurry background. Transform domain-based methods (NSCT, NSCT-SR, ASR-1, and JCPD)
retain excessive defocused information in focused areas due to poor misregistration handling. The
MFQ, MDLSR, and PADCDTNPS methods show boundary blurriness, while CNN, SWIN, and
LFDT methods suffer from edge diffusion. In contrast, the QSR method accurately identifies focused
regions with clear boundaries between focused and defocused areas, and our method additionally
reduces chromatic distortion in the fusion results.

We can infer that, based on the above two experiments, the QSR method is able to deal with the
issue of image misregistration well.
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® ®
Figure 14. lllustration of the fused images on the Lion set. (a)—(b) Source images. (c)—(p)
Fusion results obtained by the NSCT, SR, NSCT-SR, ASR-1, ASR-2, JCPD, DL-LRR,

MFQ, MDLSR, PADCDTNPS, CNN, SWIN, LFDT, and QSR, respectively.

Figure 15. Difference images between the source image 1 [Figure 14(a)] and each of the
fused images in Figure 14. (a) NSCT; (b) SR; (c) NSCT-SR; (d) ASR-1; (e) ASR-2; (f)
JCPD; (9) DL-LRR; (h) MFQ; (i) MDLSR; (j) PADCDTNPS; (k) CNN; (I) SWIN; (m)
LFDT; (n) QSR.
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In the following, we assess the efficacy of the proposed method in the task of micro multi-focus
image fusion. In these experiments, we have selected several methods that performed well in previous
experiments for comparative analysis.

Figure 16 displays a sequence of thirteen Bug multi-focus microscopic images, downloaded
from [96]. The fused images are presented in Figure 17. Each source image has a shallow depth of
field, creating irregularly shaped focused regions. In addition, the white fluffs on the feeler of Bug
occupy a small area in the clear source image, but they occupy a larger area in the blurred images,
making it very difficult to accurately and completely extract the focused regions. As shown in Figure
17, the PADCDTNPS method struggles with weak contrast, leaving blurred regions, while SWIN
and LFDT underperform due to the subtle features and indistinct boundaries in these microscopic
images. Though NSCT and SR methods improve visual quality, they lose some fluff details (such as
the white fluffs on the feeler). The MFQ and CNN retain the most focused information but introduce
artifacts. In contrast, the QSR method produces a clearer result with fewer artifacts, outperforming
the other approaches.

(d) MDLSR . () PADCDTNPS ‘ (H)CNN
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(g) SWIN ” (h) LFD (i) QSR

Figure 17. lllustration of the fused images on the Bug set.

Figure 18 depicts a sequence of 14 Diamond multi-focus microscopic source images, sourced
from [97]. Figure 19 shows the fused images produced by various fusion methods. The Diamond
source images feature small, irregularly shaped, focused objects with indistinct boundaries and subtle
background characteristics, presenting a considerable challenge for spatial domain—based methods to
accurately extract the focused regions. As shown in Figure 19, the PADCDTNPS and CNN methods
misclassify pixels and blur the background due to subtle gradient variations, while SR, MFQ, and
MDLSR retain focused regions but still produce artifacts. The performance of the two deep learning
methods (SWIN and LFDT) on this dataset remains subpar, rendering them largely incapable of
accomplishing this type of image fusion task. In contrast, the QSR and NSCT methods achieve the
best visual results, successfully fusing the perfectly registered source images.
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B (h) LFDT

Figure 19. lllustration of the fused images on the Diamond set.
4.3.2. Quantitative comparisons

Beyond subjective evaluation, quantitative assessments are crucial for validating fusion
methods. To test the QSR method’s robustness, we compared it with other methods using six metrics,
with the mean results for each dataset presented in Tables 1-4 (best results in bold). To observe the
assessment results intuitively, the mean assessment values of all fused images are plotted in Figure
20. The horizontal coordinate axis represents different fusion methods, and the vertical coordinate
axis represents the corresponding mean assessment values.

Globally, the QSR method outperforms transform domain-based methods and competes well
with advanced spatial domain—based methods. As shown in Tables 1-4, the JCPD method performs
poorly due to its simplistic averaging rule, which loses significant image information. Compared to
the classical NSCT method, QSR shows noticeable improvement across all metrics. While QSR
slightly underperforms the SR method on the Qnm metric, it leads in others, as representation-based
methods using absolute sparse coefficients as focus measures fail to properly capture image focus
characteristics. Spatial domain—based methods generally outperform transform domain-based
methods on metrics like Qnwi because they directly select source pixels, whereas transform methods
average pixel values during fusion. For sharpness and structural detail metrics (Qg, Qy), QSR
achieves the highest scores, indicating superior preservation of source image details. For color
fidelity (Qcp), the SWIN method leads due to its specialized training, yet QSR still outperforms
channel-by-channel fusion methods, demonstrating richer color and better alignment with human
perception. Although deep learning—based methods may excel in some objective metrics, they fail in
subjective evaluations for micro multi-focus fusion, limiting their applicability. Figure 20 confirms
that no single method is best across all metrics, but QSR consistently ranks among the top, proving
its robustness.

In summary, we can conclude that, based on the above analysis and discussion, the QSR
exhibits competitive performance for color MFIF.
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Table 1. The average objective assessment values of the fusion results on the Lytro dataset.

Methods NSCT SR NSCT-SR ASR-1 ASR-2 JCPD DL-LRR MFQ MDLSR PADCDTNPS CNN SWIN LFDT QSR
Qumi 0.9187 1.1058 0.9978 0.9442 1.0623 0.8461 0.8953 1.1649 1.1876 1.1324 1.1512 0.7624 0.9177 1.0806
Qs 0.6713 0.6933 0.6989 0.6926 0.6713 0.5065 0.6045 0.7259 0.7268 0.7241 0.7250 0.6101 0.6594 0.7215
Qv 0.9529 0.9646 0.9666 0.9642 0.9509 0.8182 0.9170 0.9884 0.9893 0.9735 0.9875 0.8815 0.9383 0.9788
Qcs 0.7169 0.7677 0.7705 0.7207 0.7424 0.6242 0.7379 0.8108 0.8112 0.8075 0.8084 0.6415 0.7172 0.8136
Quire 0.9070 0.9353 0.9559 0.9020 0.9187 0.8494 0.9140 0.9462 0.9454 0.8976 0.9438 1.0985 0.9302 0.9753
Qcr 56.7926  58.6251 60.0364 555944  58.2348  51.7600 48.4340 60.7473 61.3433 51.3987 60.2280  102.7381  44.0223  62.9275

Table 2. The average objective assessment values of the fusion results on the MFFW dataset.

Methods NSCT SR NSCT-SR ASR-1 ASR-2 JCPD DL-LRR MFQ MDLSR PADCDTNPS CNN SWIN LFDT QSR
Qumi 0.8194 1.0005 0.8115 0.8307 0.9690 0.7774 0.6299 0.7453 1.1682 1.1441 1.0881 0.7206 0.8377 1.0003
Qs 0.6267 0.6138 0.5984 0.6246 0.5982 0.4277 0.4191 0.4933 0.7053 0.7019 0.6802 0.5297 0.6106 0.7066
Qv 0.9014 0.8419 0.8601 0.9024 0.8297 0.7185 0.7048 0.7846 0.9861 0.9838 0.9737 0.8064 0.8788 0.9884
Qcs 0.6465 0.6574 0.6474 0.6338 0.6423 0.5502 0.5322 0.6813 0.7634 0.7574 0.7438 0.6047 0.6436 0.7583
Quire 0.8229 0.8331 0.8428 0.7995 0.8251 0.7327 0.7159 0.8258 0.8424 0.8410 0.8424 0.9958 0.8298 0.8568
Qcr 57.2515  53.0816 50.8122 58.0223  52.5061  60.2992 14.0557 60.4846 54.3381 53.5005 51.6109 84.6801  49.5275  68.4776

Table 3. The average objective assessment values of the fusion results on the MFI-WHU dataset.

Methods NSCT SR NSCT-SR ASR-1 ASR-2 JCPD DL-LRR MFQ MDLSR PADCDTNPS CNN SWIN LFDT QSR
Qm 0.9773 1.1728 1.0914 1.0030 1.1509 0.8382 0.6312 1.2203 1.2180 1.1975 1.1837 0.7594 0.9202 1.1209
Qs 0.6996 0.7276 0.7235 0.7142 0.7212 0.5157 0.4407 0.7401 0.7410 0.7340 0.7384 0.6269 0.6877 0.7408
Qv 0.9650 0.9784 0.9780 0.9707 0.9743 0.8356 0.7689 0.9880 0.9898 0.9893 0.9886 0.8893 0.9483 0.9904
Qcs 0.7823 0.8100 0.8047 0.7754 0.8041 0.7103 0.5752 0.8255 0.8289 0.8232 0.8270 0.6525 0.7431 0.8235
Quirr 0.9762 0.9804 0.9807 0.9660 0.9765 0.9073 0.8280 0.9832 0.9813 0.9765 0.9804 1.1623 0.9869 0.9867
Qcr 24,2006  29.6607 26.2794 25.3644  29.1587  18.4981 11.9365 30.6521 30.4822 29.7861 29.3495 51.3819  13.9346  30.5525

Table 4. The average objective assessment values of the fusion results on the Real-MFF dataset.

Methods NSCT SR NSCT-SR ASR-1 ASR-2 JCPD DL-LRR MFQ MDLSR PADCDTNPS CNN SWIN LFDT QSR
Qnmi 0.9253 0.9305 0.9253 0.9229 0.9245 0.8884 0.7000 0.9292 0.9294 0.9298 0.9306 0.8290 1.1001 0.9302
Qo 0.5379 0.5221 0.5358 0.5232 0.5356 0.4370 0.4457 0.5308 0.5343 0.5346 0.5348 0.5450 0.7136 0.5534
Qv 0.8217 0.8089 0.8210 0.8086 0.8205 0.7161 0.7271 0.8169 0.8218 0.8216 0.8215 0.7932 0.9304 0.8227
Qcs 0.7619 0.7533 0.7674 0.7486 0.7675 0.7044 0.5994 0.7656 0.7721 0.7700 0.7712 0.6021 0.7849 0.7716
Quirr 0.9494 0.9215 0.9600 0.9241 0.9617 0.9378 0.9560 0.9424 0.9523 0.9448 0.9487 1.1801 0.9875 0.9663
Qcr 285522  29.1079 30.3819 27.1160  30.3339  23.9809 9.1969 31.0155 32.2488 31.5310 31.6324 825738  21.5427  31.6494
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Figure 20. Mean objective assessment values of fused images.
4.3.3. Efficiency comparisons

Finally, we compare the computational efficiency of different methods. The mean running time
for fusing the Lytro dataset is listed in Table 3. All traditional methods are conducted in the
MATLAB R2014b environment on a computer with an Intel i5 CPU and 8 GB of RAM. For the
experiments of the two deep learning methods (SWIN and LFDT), they were conducted on an
NVIDIA GeForce RTX 4080 GPU and a 13th Gen Intel(R) Core(TM) i7-13700F 2.10GHz processor.
The proposed network is implemented on the PyTorch platform using the PyCharm tool.

Table 5 shows that the LFDT is the most efficient method, while DL-LRR is the slowest due to
its computationally intensive patch classification and low-rank representation. Among
representation-based methods, JCPD is faster than QSR as it only processes luminance components,
while other methods like SR, NSCT-SR, and ASR variants are slower. QSR is approximately twice
as fast as NSCT-SR and ASR-1, and three times faster than ASR-2, because its sliding window has a
50% overlap compared to the 90% overlap in other methods. Although QSR is not the most efficient,
its advantages in micro-image processing make it suitable for applications where speed is not critical.
Future work will focus on improving its computational efficiency.

Table 5. Computational cost comparison.

Methods NSCT SR NSCT-SR  ASR-1  ASR-2 JCPD DL-LRR MFQ MDLSR PADCDTNPS CNN SWIN  LFDT QSR

Time
75.78 98.56 166.21 159.51  264.86 35.04 896.64 11.61 1.60 2.44 36.28 1.03 0.64 89.06
(second)

5. Conclusions
In this paper, a novel color MFIF method using the QSR model is presented. First, all the color
channels of source images are transformed into the sparse space uniformly by the QSR model, rather

than coding color channels as in traditional SR-based methods. Then, two discriminating features,
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namely the salience and sparsity features, are designed to capture the intrinsic focus characteristics of
each image patch. Particularly, we use the blurry sparse coefficients deduced from the QSR model
under a blurry quaternion dictionary learned on blurred training data instead of employing the clear
sparse coefficients to compute the sparsity feature. Additionally, the computation process of the two
features fully considers the spatial information to enhance their discriminant power. Owing to the
excellent ability of QSR for color image representation and making full use of spatial information in
feature extraction, our method can differentiate between focused and defocused patches accurately
and reduce or even eliminate the spatial artifacts and color distortion in the fused images. The QSR
method is experimentally demonstrated to be superior to some recent representation-based methods
and competitive with some advanced spatial domain—based methods and deep learning—based
methods under various situations.
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