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Abstract—Considering that coupled dictionary learning
(CDL) method can obtain a reasonable linear mathematical
relationship between resource images, we propose a novel
CDL-based synthetic aperture radar (SAR) and multispectral
pseudo-color fusion method. First, the traditional Brovey
transform is employed as a preprocessing method on the
paired SAR and multispectral images. Then, CDL is used
to capture the correlation between the preprocessed image
pairs based on the dictionaries generated from the source
images via enforced joint sparse coding. Afterward, the joint
sparse representation in the pair of dictionaries is utilized to
construct an image mask via calculating the reconstruction
errors and therefore generate the final fusion image. The
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experimental verification results of the SAR images from the Sentinel-1 satellite and the multispectral images from

the Landsat-8 satellite show that the proposed method can

achieve superior visual effects and excellent quantitative

indicators in terms of spectral distortion, correlation coefficient, mean square error (mse), natural image quality evaluator

(NIQE), Blind/Referenceless Image Spatial QUality Evaluator
(PIQE).

(BRISQUE), and perception-based image quality evaluator

Index Terms— Brovey transform, coupled dictionary learning (CDL), multispectral image, pseudo-color fusion, remote

sensing, synthetic aperture radar (SAR).

[. INTRODUCTION

ITH the expeditious developments of high-resolution
Wsynthetic aperture radar (SAR) and multispectral
remote sensing imaging equipment, Earth observation tech-
nologies have improved remarkably. SAR imaging can achieve
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all-weather observations and detect the physical properties
of the surface target (e.g., orientation, shape, roughness,
the dielectric constant of the target, and the frequency and
incidence angle of the illuminating electromagnetic radia-
tion) [1]. However, SAR images acquired by remote sensors
often suffer from geometric distortion, speckle noise, radio
frequency interference, and other image degradation problems.
Multispectral remote sensing can discriminate features based
on the difference in morphology, structure of images, and
spectral properties. It significantly expands the information
volume of remote sensing [2], [3] and can be used for
thematic mapping applications (e.g., land use surveys and soil
erosion production). Researchers have paved the way for the
pseudo-color fusion of SAR and multispectral in the past many
years, and the fusion of these modalities can provide a high
spatial and high spectral resolution [3]; assign each pixel to
a specific class of interest, when making the map based on
various modalities of remote sensing resources, resulting in
better interpretation and more accurate, robust results in the
fused image [4], [5]; and perform heterogeneous image fusion
on massive remote sensing data to reduce the consumption of
computing resources for deploying downstream tasks at the
edge and improve usability [2]. The fused images will have
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complementary information and are used in various remote
sensing applications (e.g., urban mapping, vegetation identi-
fication, and lithology analysis) [6]. This article investigates
improvements in the quality of SAR images assisted by mul-
tispectral imaging based on heterogeneous image fusion. The
proposed method provides technical support for multisource
high-resolution Earth observation [7].

Image fusion techniques include three different levels:
pixel level, feature level, and decision level. This article
mainly focuses on pixel-level image fusion, which directly
uses the primary information from the SAR and multi-
spectral images [8]. Many algorithms for pixel-level image
fusion [1], [9], [10], [11], [12], [13], [14], [15], [16],
[17], [18] have been explored for remote sensing applica-
tions. Some approaches [e.g., principal component analysis
(PCA) and intensity—hue—saturation (IHS)] use SAR images
to replace the optimal/derived band directly. Nevertheless,
different bands shall have different wavelength coverage and
operational principles, which will miss important informa-
tion. Besides, some methods (e.g., Brovey) have an apparent
tendency in the fusion target and therefore cannot simul-
taneously retain the information in SAR and multispectral
images.

As machine learning techniques develop rapidly [19], [20],
[21], [22], [23], [24], learning-based methodologies can be
employed to explore the best intermediate representation of
heterogeneous modalities [25], [26], [27]. Dictionary learning
has achieved superior performance among various real-world
applications [28], [29], [30]. Sparse coefficients and over-
complete dictionaries can be combined to reconstruct images
through sparse representation. Yang and Li [31], [32] applied
the theory to image fusion for the first time and tried to
fuse multifocal images using a discrete cosine transform
dictionary-based method, as well as a simultaneous orthogonal
matching pursuit (OMP)-based method to fuse multimodal
images, respectively. Both Yin and Li [33] and Yu et al. [34]
attempted to represent source images as common and inno-
vative components for image fusion. Kim et al. [35] have
combined joint patch clustering with dictionary learning for
multimodal image fusion. As single dictionary models have
been studied intensively, coupled dictionaries are required
to represent dual feature spaces, such as two images with
different resolutions or from heterogeneous sources. Coupled
dictionary learning (CDL) has been applied to reconstruc-
tion [21], recognition [20], [36], and signal fusion [23].
Veshki et al. [26] proposed a CDL method based on simul-
taneous sparse approximation and relaxed the assumption
of equal sparse representation. Zhang et al. [37] further
employed CDL to preserve the structure, function, and Fedge
information in the source images, overcoming the single
dictionary’s disadvantage. As a result of the rapid development
of deep learning technologies and continuous advancements in
high-performance computing, deep learning-based approaches
have achieved excellent performance in remote sensing image
fusion [38], [39], [40]. However, in order to achieve high
performance, deep learning methods require training on large-
scale datasets. Moreover, deep learning methods consume
significant computational resources in terms of inference

speed, storage space, and training costs, making them unsuit-
able for applications and deployment on edge devices such as
satellites [41]. In comparison, CDL and traditional methods
do not require a large amount of training data, and the
resulting coupled dictionaries occupy much less storage space.
In addition, sparse representation also enables high inference
speed. Therefore, this article will solely focus on discussing
nondeep learning methods to cater to the demands of edge
computing and deployment.

As a result of the rapid development of deep learning tech-
nologies and continuous advancements in high-performance
computing, deep learning-based approaches have achieved
excellent performance in remote sensing image fusion [38],
[39], [40]. However, in order to achieve high performance,
deep learning methods require training on large-scale datasets.
Besides, deep learning methods consume significant computa-
tional resources in terms of inference speed, storage space, and
training costs, which restricts their usage to offline applications
and makes it challenging to deploy and operate them on edge
devices [41]. In comparison, CDL and traditional methods
do not require a large amount of training data, and the
resulting coupled dictionaries occupy much less storage space.
In addition, sparse representation also enables high inference
speed. Therefore, this article will solely focus on discussing
nondeep learning methods to cater to the demands of edge
computing and deployment.

In the field of remote sensing applications, some studies
have extended dictionary learning for image fusion, such as
support value transformation and sparse representation [42],
and fusion-based cloud removal methods [43]. The CDL-based
image fusion method can enforce learning to represent the
relationship of two related feature spaces, aiming at two pairs
of dictionaries to learn the same sparse representation. There-
fore, CDL can spatially capture the dependency information of
two images and can obtain a reasonable linear mathematical
relationship between SAR and multispectral images, thus pre-
serving different information from heterogeneous images (e.g.,
spatial information in SAR images and spectral information
in multispectral images) and obtaining a better visual effect.
Wang et al. [44] further introduced the details injection model.
Ayas et al. [45] considered introducing the texture information
in the high-resolution image into the low-resolution image to
enhance the effect of image fusion. CDL has also been used for
collaborative prediction of multimodal remote sensing images,
such as methods with distance preserved probability distribu-
tion adaptation [46] and class-based guidance solutions [47].

This article proposes a novel image fusion methodology
with CDL and hybrid techniques to achieve the pseudo-color
fusion of SAR images with multispectral images. First, since
the existing fusion solutions (selective mask and weighted
fusion) will lead to information loss or attenuation when
applied to multimodal data with obvious feature differences,
we have applied the Brovey method to perform preprocessing
and replace the original input SAR images. Thus, the “pseudo”
SAR image shall contain information from two modalities,
effectively avoiding information loss. Second, to strengthen
the relationship between the two modalities in the coupled
dictionary, we force the dictionaries to learn joint sparse
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representations. Meanwhile, we do not introduce restriction
items when updating the dictionary, which can ensure the
structural coherence of the coupled dictionaries and further
promote the associativity of multimodal information. Finally,
the reconstruction error-based selection method is employed
to generate the reconstruction mask for final fusion. Our main
contributions and findings are threefold.

1) We introduce a novel hybrid algorithm, which inte-
grates CDL and sparse representation to perform the
pseudo-color fusion of SAR and multispectral images
for the first time. This solution can capture the mutual
relationship and establish the best intermediate represen-
tation, which efficiently generates fused images with rich
spectral information and geometric properties of SAR.

2) We use the Brovey transform as a preprocessing method
and employ the Brovey image as the “pseudo” SAR
image with certain spectral information, enabling the
final fused image with more comprehensive information.

3) In the employed CDL algorithm, the coupled dictio-
naries are enforcedly learned together by the joint
optimization scheme, and the structurally coherent dic-
tionaries are also set by removing restriction items.
Therefore, the multimodal correlation in the coupled
dictionaries is further promoted, making it suitable for
the multimodal fusion task on complex features.

4) Experimental results on SAR images from the Sentinel-1
satellite and multispectral images taken by the Landsat-8
satellite demonstrate that our method can obtain remote
sensing images with comprehensive spatial and spectral
information and achieve excellent fusion performance
both qualitatively and quantitatively.

The rest of this article is organized as follows. Section II
introduces the related work of SAR and multispectral image
fusion. Section III provides the formulation and details of the
proposed methodology. The experiment results are presented
in Section IV before drawing conclusions in Section V.

[I. RELATED WORKS

Four categories may be used to categorize current pixel-level
SAR and multispectral image fusion methodologies: compo-
nent substitution, multiresolution analysis, hybrid techniques,
and model-based algorithms [2].

Component substitution methods include Brovey trans-
form [9], [48], [49], Gram—Schmidt (GS) [13], [16], [50],
PCA [51], and IHS [52], [53], [54]. Such methods will
separate spatial components from spectral information in
multispectral images, project them into another space, and
use SAR images to replace the spatial components. The
replaced image is then converted back to the original image
space to acquire the fused result, which has high fidelity and
renders spatial details in fused images. However, the spectrum
between the multispectral and SAR image channels is not
matched, which causes local differences between the images.
The component substitution method cannot account for this
problem of local differences and can cause significant spectral
distortion.

Multiresolution analysis methods need to decompose the
original image into multiple scale levels based on wavelet

transform [11], [18], [55], [56], [57], [58] or pyramid
transform [59] and then fuse the heterogeneous images
at each level. Finally, the images from each level are
recombined into a fused image. Yuan et al. [60] further intro-
duced edge-preserving filters and weighted backprojection to
improve information fidelity during multiresolution fusion.
A recent approach also considered decomposing the source
image into structure and texture layers and performing fusion
separately [61]. This kind of method will increase the
consumption of computing resources and computational com-
plexity, but it can achieve better results and performance in
the localization in both the spatial and frequency domains.
Hybrid image fusion techniques combine the benefits
of component substitution approaches and multiresolu-
tion analysis approaches [1], [3], [62], [63], [64], [65],
[66]. Chen et al. [1] used atrous wavelet transform (AWT)
decomposition to extract the details of SAR images and
applied empirical mode decomposition (EMD) to discern
high-frequency information in multispectral images and the
approximate images of SAR. Finally, an additive operation
was conducted in the AWT-EMD domain to achieve the
final fused high-resolution image. Hong et al. [62] combined
wavelet and THS fusion to maximize the color and spatial
information from source images. Luo et al. [63] integrated
PCA and additive wavelet decomposition, attempting to solve
the decreased spatial resolution in wavelet fusion shall sacrifice
and the severe spectral distortion in PCA fusion. Kurban [65]
analyzed the image fusion problem as an optimization prob-
lem, combining differential search theory with IHS transform.
Zhang et al. [66] connected the Laplacian pyramid with sparse
representation. They decomposed the source images into high-
and low-frequency components and fused them by sparse rep-
resentation. Combining different methods, hybrid techniques
can generate fused images with different characteristics and
emphasis toward different remote sensing applications [3].
Model-based algorithms present excellent capabilities for
representing the complicated local features of remote sensing
data. A variety of model-based methods have been applied
to SAR and multispectral image fusion, such as Bayesian
estimation [67], compressive sensing [68], CDL [69], sparse
representation [70], and deep neural network (DNN) [71].
Camacho et al. [72] employed an augmented linear mixing
model to deal with the spectral variability problem in image
fusion. Sun and Wu [73] introduced the ant colony optimiza-
tion algorithm to explore the global optimal path in image
fusion. Sparse representation solutions have also been widely
explored in multimodal image fusion (e.g., near-infrared—
visible image pairs, visible—infrared image pairs, positron
emission tomography (PET)-magnetic resonance imaging
(MRI) image pairs, and multifocus image pairs) [74], [75].
Wang et al. [74] employed geometric information to train
image patches as subdictionaries and combined input image
pairs using the proposed constructed-subdictionary (CSD)
strategy. Zhu et al. [75] trained dictionaries using cluster-
ing algorithms, fused images using sparse representation to
preserve texture details, and employed energy-based spa-
tial algorithms to retain structural information during the
fusion process. However, a more effective approach is to
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Fig. 1.

Flowchart of the proposed pseudo-color fusion methodology. Preprocessing with Brovey transform endues the “pseudo” SAR image with

certain spectral information. CDL is employed to capture the mutual relationship and establish the coupled dictionaries of the multispectral and
Brovey images. Finally, the image is reconstructed via joint sparse representation.

directly create coupled dictionaries during the process of
dictionary learning. This allows for maximum preservation of
the respective valuable information from different modalities
while effectively capturing the correlation between the two
modalities. Model-based methods allocate pixels of the fused
images based on different fitting strategies, seek the optimal
combination of spectral and spatial information, and obtain
competitive fusion results.

In this article, the proposed pseudo-color fusion technique
combines the advantages of component substitution methods,
hybrid techniques, and model-based methods. We initially
use the Brovey method to preprocess multispectral and SAR
images, to endue the “pseudo” SAR image with spectral infor-
mation. Different from traditional combination approaches
of hybrid techniques, CDL is employed to integrate Brovey
and multispectral images. Model-based methods have the
capability of exploring the best intermediate representation of
input data. Hybrid techniques can summarize the advantages
of both component substitution and multiresolution analy-
sis methods, while our method can aggregate benefits from
these three different types of methods. Our proposed novel

method is expected to effectively combine and complement the
information in SAR and multispectral images and to produce
high-quality fused images.

[1l. METHODOLOGY

This work first preprocesses the input SAR image Isar €
R"*¢ and multispectral image Iys € R”*¢ using the Brovey
fusion method and get the Brovey image I3 € R”*¢. Then,
CDL is used to analyze the correlation properties of Brovey
and multispectral images. Finally, the reconstruction errors of
a pair of input patches are set as the discriminative rule for
image patch reconstruction. Briefly, for the Brovey images and
multispectral images, we extract « patches of size p from
these two images as matrices Xp € R”*7 and Xys € RP*9.
Then, we select the appropriate patches from the image fused
via Brovey transform to replace the corresponding patches
in the multispectral matrix and stitch to get a final matrix
Xrusion € RP*1. A weighted average process is devised for the
edges of the stitched patches. The workflow of the algorithm
is shown in Fig. 1, and the pseudocode is presented in
Algorithm 1.
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Algorithm 1 Multispectral and SAR Image Pseudo-Color
Fusion
Require: Input multispectral image I)s and SAR image
Isar, Dus = Dp = Dy.
1: Obtain I via Brovey transform-based image fusion with
Equ. (1);

2: Extract patch matrices X5 and Xp;

3: Nomalize patches x5 and xp;

4: for R rounds of updating do

5. Compute L in the sparse coding with Equ. (2);
6:  for number of atoms n = 1,2, ... do
7: Compute [ with Equ. (5);

8: if [ = ¢ then

9: Update [d, ], with Equ. (6);

10: else

11: Update [d, ], with Equ. (8);

12: Update [a] | ;, with Equ. 9);

13: end if !

14:  end for

15: end for

16: Obtain the dictionaries Dys and Dg;

17: Establish the coupled dictionary D with Equ. (11);

18: for (xps and xp) in (X s and Xp) do

19:  Calculate ey s and ep to establish K, with Equ. (12);
20: end for

21: Compute the reconstruction mask K with Equ. (13);

22: Fuse Iys and Iy and obtain Iy with Equ. (14).

A. Preprocessing via Brovey Transform

The Brovey fusion algorithm [48] is a type of ratio-
transform fusion, which normalizes each band of a multispec-
tral image and then performs a multiplicative band operation
on a panchromatic image. As the Brovey transform operation
is related to the color space, this algorithm can only be
conducted on remote sensing images with three bands [9],
[49]. This methodology was originally designed for panchro-
matic and multispectral fusion. In our pseudo-color fusion
application, we employ SAR images as pseudo-panchromatic
images. The Brovey transform can decompose the image
elements of a multispectral image into color and luminance
separately. The expression of the Brovey fusion algorithm is
shown as follows:

Ip; = Ivs; x Isar/0
n
0 = ZIMSi
p=1

where Iys, Isar, 0 € RP*¢. i represents the three bands of
the multispectral and Brovey images, and therefore, n = 3.
Iz € RP*¢ denotes the fused Brovey image. Therefore, based
on the principle of chromaticity transform [76], the Brovey
transform possesses the ability to preserve a high degree of
spatial detail through arithmetical technique with the SAR
image. The defect of the Brovey transform is that the results
of Brovey fusion usually contain high spectral distortion and
lack spectral information. However, in other words, the image
preprocessed with the Brovey transform is highly similar to the

(1)

SAR image while also containing certain spectral information.
From the visual evaluation, the Brovey transform imparts
“color” information to the SAR image. In this case, we utilize
this “defect” and apply the Brovey image as the “pseudo” SAR
image in the subsequent fusion step. Then, we can further
explore the potential of the Brovey transform using CDL and
joint sparse representation.

B. Coupled Dictionary Generation

After achieving the multispectral image patches Xys and
another preprocessed image patches Xjp using the Brovey
method, we generate a pair of coupled dictionaries Dys and
Dpg, which represent the set of the input data Xys and Xp,
respectively. The coupled dictionary generation procedure can
be formulated as follows:

min [ Xys — DusLI7 + 11X — DsLII%

Dys, Dg,
st. llamllo < Ho,  lllduslull, =1, lldplall, =1 Va,m

)

where [dus], and [dg], refer to the nth columns of the atoms,
I-]lo represents the number of nonzero coefficients, |-||, is the
Euclidean norm, ||-||  is the Frobenius norm, Hj is a constraint
coefficient, and L denotes the common sparse representation
matrix. Therefore, the two dictionaries from different modali-
ties are enforced to be learned together under one optimization
procedure, which promotes their learning on joint sparsity
representation. Equation (2) can then be rewritten as

Xp— > ldgl[o ]

n

2

+
F

2

min
Dyis,Dp

Xms — Z[dMs][OlnT]

n

F

3)

The relationship between the multispectral and Brovey
image can thereby be captured for further updating and
reconstruction.

We use the coupled dictionary training method proposed
in [77] based on an iterative minimization approach to
solve (3) and thus obtain the pair of dictionaries Dys and
Dpg. The method minimizes the dictionary pair and the sparse
coding L alternatively. Sparse encoding is performed using
OMP [78]. The dictionary is optimized by minimizing the
following item:

@), = angmin [LE,, (4 1o ] [ rems.s @

X, = > ld e
t#n

[E,], =

o [=tmifaf], #0)

(&)

in which o] denotes the nth row of L and [, is used to select
the nonzero entries in o . The subscripts MS and B denote the
multispectral image and the image preprocessed with the
Brovey method, respectively. Veshki et al. [23] imposed con-
straints on dictionary updates such that the pair of coupled
dictionaries can be discriminated. However, in our remote
sensing application, we employ the CDL setup from [77] using
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two separate least squares and L,-norm to update the atom.
Meanwhile, we remove the restriction items in [23] to further
enhance the correlation between the two dictionaries. When
fn = {J, the updated value of [d,], is obtained by computing
the columnwise average of error matrix [E, ],

[E/]l, =X, —D,L, re{MS,B}. (6)
When fn # ), the L;-norm is then employed for updating and
optimization

[E)u]e ]f

i1,

We employ the L,-norm here, so we need to normalize the
normalization term ||[anT Iy II% to 1, so the (7) can be rewritten
as

ld], = € {MS, B}. )

[d1y = [Ed[of ]} 7€ {MS, B, ®)

Subsequent to the updating of [d,],, based on the initial setup
in (3), [oz,{ ] J, can also be updated as

[y ]} = dy En ©)
dn = [dMS]n/[dB]na En = [EMS]n/[EB]n (10)

Therefore, we construct the coupled dictionaries of double
feature spaces from the multispectral and Brovey image pairs.

C. Pseudo-Color Fusion via Sparse Representation

Subsequent to constructing the coupled dictionaries of mul-
tispectral image and Brovey image, we then classify the image
signal with sparse representation. Through evaluating the
reconstruction errors, each element is able to be assigned with
the minimum reconstruction errors to obtain the best sparse
representation classification [23], [79]. First, a dictionary D
is built based on the concatenation of the obtained pair of
coupled dictionaries

p4[pLs Di]. (11)

Then, we use eyps and ep to denote the reconstruction errors
of the multispectral images and the preprocessed images using
the Brovey method. The reconstruction error formulation is
given as follows:

{eMS = | Da — [xpxms]ll>

(12)
ep = |Da — [xmsxz]l3

in which « includes the related sparse codes. When eys < ep,
xms Will be chosen; otherwise, xp will be chosen. eys and ep
will not be equal [23], so there is no need to consider the
case when they are equal. By applying this selection rule to
all patches, the patch-level mask K, can then be obtained
directly. The pixel-level mask K is able to be calculated with
K, by applying the following equation:

K = P*(K,) — 1. (13)

K, contains values within an interval {1, 2}, so the values
in K are within [0, 1]. P*(-) is a function that can place each
patch in the image where it should be located. This function

performs weighted averaging operations for overlaps between
patches. Therefore, we can achieve the final fused image using
the above mask as follows:

IF,u,v = Ku,vIMS,u,v + (1 - Ku,v)IB,u,v (14)

where Iy denotes the finally fused image and (u, v) denotes
the location of pixels in the image.

D. Complexity

First, the steps of Brovey fusion, mask generation, and final
fusion take up little computational cost, as they are only a
small amount of pixel- or patch-level elementwise addition
and multiplication operations, far less than those from coupled
dictionary generation. In this case, the coupled dictionary
generation phase shall dominate the complexity calculation.
Based on [80], the complexity of the sparse coding phase is
O(pqS,AHyN) [in (4) and (5)]. S, denotes the patch size,
A denotes the number of atoms, and N denotes the number
of iterations during the optimization. Besides, the complexity
during the atom updating period is 2 x O(pgq) [in (8) and (9)].
Therefore, the total complexity during the coupled dictionary
generation is the sum of the sparse coding and atom updating
phase.

[V. EXPERIMENTS
A. Implementation Details

All experiments are conducted on a computer with AMD
Ryzen 9 5950X 3.40-GHz CPU and NVIDIA RTX 3090 GPU.
Our SAR data are products from the Sentinel-1, which
have two satellites to satisfy the requirements of revisit
and coverage. The satellite usually scans in interferomet-
ric wide (IW) swath mode when observing the land. Data
from this Sentinel-1 satellite are publicly available.! Our
multispectral data come from the Operational Land Imager
(OLI) on the Landsat-8 satellite, which is also publicly
accessible.” The Landsat-8 satellite collects images by cap-
turing electromagnetic waves reflected and radiated from the
Earth’s surface and converting them into digital signals. The
data we used were taken in 2022 in Liangshan, Shandong,
China. The two modality images are registered directly based
on standard map coordinates in ENVI 5.5.3. The experi-
mental results are compared qualitatively and quantitatively
against wavelet-based fusion [18], PCA-based fusion [76],
hue—saturation—-value (HSV) color space-based fusion [14],
GS fusion [16], nearest neighbor diffusion (NND)-based
Fusion [17], improved wavelet transform (Improved Wavelet)-
based fusion [81], adaptive enhanced fusion (AEF) [82], and
coupled feature learning via structured convolutional sparse
coding (CCFL) [83]. While maintaining the integrity of the
classical methods, we select the latest methods of the same
type for comparison. These methods can be referred to the
corresponding references for details. As we discussed in
Section II, to ensure the performance of algorithms computing
and deployment at the edge, we did not introduce DNN
algorithms that require high training consumption.

Isentinel.esa.int/web/sentinel/toolboxes/sentinel-1
Zhttps://glovis.usgs.gov/
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SAR Multispectral

HSV

Improved Wavelet AEF

Brovey Wavelet

PCA

CCFL Ours

Fig. 2. Qualitative comparison experiment demonstration of our pseudo-color fusion methodology, with the methods based on Wavelet, GS, HSV,
NND, PCA, Improved Wavelet, AEF, CCFL together with the original SAR image, multispectral image, and image fused with Brovey method.

B. Evaluation Metrics

To evaluate the image quality, we adopt reference-based
metrics, including the degree of spectral distortion [1],
correlation coefficient [84], mean square error (mse) [85],
no-reference metrics including natural image quality evaluator
(NIQE) [86], Blind/Referenceless Image Spatial QUality Eval-
vator (BRISQUE) [87], and perception-based image quality
evaluator (PIQE) [88]. We shall present the equations of
reference-based metrics, and the detailed algorithms of the
no-reference metrics can be referred to in [86], [87], and [88].

1) Degree of Spectral Distortion: When comparing with the
original multispectral image, the obtained image’s level of
distortion is directly represented by the degree of spectral
distortion [1], [89]

N
1
Distortion = — F /) — Ref(i
N Ell use(i) ef(i)|

(15)

where i stands for each pixel in the image, N denotes
the number of pixels, and Ref(i) and Fuse(i) represent the
pixels of the reference and fused images, respectively. The
multispectral image is set to the reference. The higher spectral
distortion represents the more severe spectral distortion.

2) Correlation Coefficient: The correlation coefficient,
within the range of [—1, 1], measures the similarity between
reference and fused images [84]. It is evaluated as follows:
cC— >N [Ref(i) — Ref] - [Fuse(i) — Fuse]

3V [Ref(i) — RefP? - [Fuse(i) — FuseP

(16)

where Ref and Fuse represent the mean value of the pixels.
The higher the CC, the more correlated the two images are.

3) Mean Square Error: The mse calculates the mean square
root error of the three bands between the fused and reference
images, which measures the similarity rate [85]

N
mse = % Z[Fuse(i) — Ref(i)]%. (17)

i=1

We also employ the multispectral image as the reference.

C. Experimental Results

The performance of our proposed fusion methodology
is both quantitatively (Tables I and II) and qualitatively
(Figs. 2 and 3) benchmarked against the commonly used
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SAR

HSV

Improved Wavelet AEF

Brovey Wavelet

PCA

CCFL Ours

Fig. 3. Qualitative comparison experiment demonstration of our pseudo-color fusion methodology, with the methods based on Wavelet, GS, HSV,
NND, PCA, Improved Wavelet, AEF, CCFL together with the original SAR image, multispectral image, and image fused with Brovey method.

remote sensing image fusion methods of Wavelet, GS, HSV,
NND, PCA, Improved Wavelet, AEF, and CCFL.

First, we discuss the subjective visual evaluation of all
the fusion techniques. As we discussed, the Brovey images
are highly similar to the SAR images and contain a small
amount of spectral information (namely, color information in
the RGB color space). The HSV images introduce severe
scattered noise, and the PCA images cause serious color
distortion from the perspective of the RGB color space.
Although the images fused using the wavelet method and
the improved wavelet method show significant differences
from the original SAR and multispectral images, the wavelet
images still maintain a high degree of recognition in terms
of color, texture, resolution, and so on, and we will further
discuss the results of the wavelet methods in the consecutive
quantitative analysis. GS, NND, and our proposed approach
have better fidelity to the original heterologous information.
Nevertheless, the speckle white noises from the SAR images
remain in the GS and NND images. Our method removes

these noise points effectively, making the resulting images
smooth, highly observable, and free of noise pollution. The
CDL-based methods (AEF and CCFL) present similar results
to our method but present some blurring and distortion in the
brighter regions. In contrast, our method does well in brighter
regions. In summary, our proposed pseudo-color fusion
method achieves superior performance from the above visual
evaluation.

Subsequently, we discuss the quantitative analysis of the
above fusion methods. Regarding the degree of spectral dis-
tortion, our proposed fusion technique performs the best com-
pared to all comparison approaches, proving that it possesses
the most spectral fidelity. Like the visual evaluation, PCA
and HSV methods bring significant spectral distortions, while
NND and GS present less spectral fidelity than ours. It is worth
mentioning that the wavelet-based fusion approaches also
have a good performance in spectral fidelity. AEF and CCFL
also perform well in spectral fidelity, slightly lower than our
solution.
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TABLE |
COMPARISON EXPERIMENTS ON THE DEGREE OF SPECTRAL DISTORTION, CORRELATION COEFFICIENT, AND MSE AGAINST WAVELET, GS, HSV,
NND, PCA, IMPROVED WAVELET, AEF, AND CCFL APPROACHES. BOLD AND UNDERLINE REPRESENT THE BEST AND THE SECOND-BEST
PERFORMANCE, RESPECTIVELY. WITH RESPECT TO THE DEGREE OF SPECTRAL DISTORTION AND MSE, “OVERALL” DENOTES THE AVERAGE
RESULTS OF THREE BANDS. WITH RESPECT TO THE CORRELATION COEFFICIENT, “MS” DENOTES THE AVERAGE RESULTS OF THREE
MULTISPECTRAL BANDS AND “OVERALL’ DENOTES THE AVERAGE RESULTS OF “MS” AND “SAR”

Method |  Degree of Spectral Distortion | | Correlation Coefficient 1 \ MSE |
| Band 1 Band 2 Band 3 Owverall | Band 1 Band 2 Band 3 MS SAR  Overall | Band 1 Band 2 Band 3 Overall
Wavelet | 2558 2529 4468 31.85 | 0.7227 0.8718 0.7393 0.7779 03502 0.5640 | 107.40 9941 15998 140.31
GS | 31.86  31.15 2512 2938 | 03272 03020 0.3583 0.3292 0.9599 0.6445 | 127.82 126.67 103.48 121.84
HSV | 4127 4097 4490 4238 | 0.1520 0.1876 02768 0.2055 0.6135 0.4095 | 159.90 159.01 168.72 178.22
NND | 2975 27.83 2403 2720 | 0.4910 0.4122 04387 0.4473 09387 0.6930 | 117.77 11583 103.34 115.80
PCA | 8120 8433 6251 76.02 | 0.1283 0.2219 0.1542 0.1681 0.8484 0.5083 | 270.81 281.47 211.74 256.96
Improved Wavelet | 30.33  29.64  39.78 3325 | 0.6590 0.8827 0.7377 0.7398 0.5327 0.6363 | 102.48 113.66 151.06 122.40
AEF | 31.70 2997 24.65 2877 | 03890 0.3570 0.4997 0.4152 0.8642 0.6397 | 150.32 128.50 100.48 126.43
CCFL | 29.44 2898 27.11 2852 | 03775 03225 04306 0.3769 0.9076 0.6422 | 132.70 115.64 90.65 113.00
Ours | 2975 2510 1820 2435 | 03598 0.4597 0.6725 0.4973 0.7940 0.6456 | 126.50 111.66 83.14  106.03

TABLE Il

COMPARISON EXPERIMENTS ON NIQE, BRISQUE, AND PIQE AGAINST WAVELET, GS, HSV, NND, PCA, IMPROVED WAVELET, AEF, AND
CCFL APPROACHES. BOLD AND UNDERLINE REPRESENT THE BEST AND THE SECOND-BEST PERFORMANCE, RESPECTIVELY. “OVERALL"
DENOTES THE AVERAGE RESULTS OF THREE BANDS

Method | NIQE | | BRISQUE | | PIQE |
| Band 1 Band 2 Band 3 Overall | Band 1 Band 2 Band 3 Overall | Band 1 Band 2 Band 3 Overall
Wavelet | 7.03 6.60 6.19 6.61 | 30.50 24.85 24.87 26.74 | 39.10 40.57 36.99 38.89
GS | 542 5.19 4.22 4.94 | 24.85 22.11 18.66 21.87 | 39.51 38.83 27.09 35.14
HSV | 941 9.26 10.01 9.56 | 44.93 45.26 44.90 45.03 | 63.91 64.11 64.11 64.04
NND | 5.29 5.50 5.50 543 | 2253 25.98 25.71 2474 | 39.74 43.18 42.31 41.74
PCA | 5.30 5.66 5.49 548 | 34.44 35.78 31.25 33.82 | 43.02 46.64 45.78 45.15
Improved Wavelet | 9.67 10.51 7.59 926 | 4347 43.48 39.69 4221 | 36.54 37.36 34.05 35.98
AEF | 5.30 5.34 5.14 526 | 23.87 23.11 20.58 22.52 | 39.07 40.60 36.82 38.83
CCFL | 6.60 6.45 7.35 6.80 | 28.89 3291 37.81 3320 | 29.50 29.53 26.85 28.62
Ours | 4.25 4.64 4.56 448 | 1643 17.72 19.59 1791 | 29.24 31.72 30.58 30.52

The correlation coefficient evaluates the similarity between
the fused and source images. We measure the correlation
coefficient with multispectral and SAR images. The average
correlation coefficients are also obtained to measure which
fusion approach retains the most information from the two het-
erologous images. HSV and PCA still suffer from noises and
distortion and perform poorly in the comparison study. Despite
PCA achieving a relatively high correlation with SAR images,
HSV and PCA perform poorly in all other metrics. The wavelet
and improved wavelet methods maintain a high correlation
with multispectral images, but they also hold a low correlation
with SAR images. Thus, it should not be considered the
excellent intermediate representation of different modalities in
our scene. GS, NND, AEF, CCFL, and our method fall into the
final round. These three methods achieve excellent and similar
performance in retaining information from the heterologous
source. Regarding the correlation coefficient, NND shows
the best performance, while our proposed methods achieve
the second. Although our method does not achieve the best
performance on any single band, our overall correlation coef-
ficient ranks second, proving that our method can effectively
aggregate multisource information. The comparison in terms
of mse is straightforward, and our proposed pseudo-color
fusion method achieves the best reconstruction mse, followed
by CCFL, NND, GS, wavelet, improved wavelet, and AEEF,
in order. HSV and PCA still have the worst performance in
mse.

Finally, our method achieves remarkable performance
among all no-reference image quality assessment approaches,
only second to CCFL in PIQE. In the performance of NIQE
and BRISQUE, our method is always in the first place.
The excellent values of NIQE and BRISQUE prove that our
image has exceptional performance under the reference of
a statistical model based on a large external natural scene
corpus, indicating that the features of the image fused by our
method are closer to the feature benchmark established by
NSS. The high performance on PIQE proves that our solution
can effectively prevent distortion between the local patches.

To summarize, a comprehensive analysis of multiple metrics
is needed to judge their performance due to the complex-
ity and particularity of remote sensing data. The wavelet
fusion method has excellent nonredundancy, reconstruction,
and detailed texture retention ability. However, the obtained
images are too close to the multispectral images, which is
unsuitable for our requirement of optimizing the intermediate
representation. The fusion results of HSV and PCA are also
not satisfactory. HSV replaces the converted luminance value
band with SAR images to preserve the details of SAR images.
Because of the differences in spectral reflectance curves in
different bands, HSV will inevitably produce spectral degra-
dation, distortion, and noise during component replacement,
leading to terrible fusion results. The PCA fusion algorithm
shall divide multispectral images into different levels of prin-
cipal components and simply replace the first one with the
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SAR images. It applies to all bands of the multispectral
images. However, because of simply removing the first prin-
cipal component, PCA will lose some information reflecting
spectral characteristics, which results in severe spectral dis-
tortion. It does not fully consider the features from different
levels of principal components. NND and GS show similar
but slightly lower performance than our proposed method,
hindered by some speckle noise and distortion. The two
CDL-based solutions (AEF and CCFL) both achieve outstand-
ing performance and similar visual results to our solution but
still perform lower than our solution based on the compre-
hensive comparisons. Our proposed method attains superior
qualitative and quantitative performance, realizing the best
performance in the degree of spectral distortion, mse, NIQE,
and BRISQUE, and the second best in the correlation coef-
ficient and PIQE. Visual evaluation of our proposed method
also indicates excellent noise removal and distinctive texture
detail preservation. These experimental results demonstrate
the superior performance of our proposed pseudo-color fusion
method.

V. CONCLUSION

This article proposes a novel pseudo-color fusion algorithm
for remote sensing applications based on CDL and Brovey
preprocessing. The method performs further processing on
the multispectral image and the preprocessed Brovey image,
capturing the relevant information of both images with CDL
and reconstructing the images with the reconstruction errors
of joint sparse representation. The results show that the fused
images trade off the linear relationship between SAR and
multispectral images, optimizing their intermediate representa-
tion. Our methodology shows exceptional performance in all
objective metrics and subjective visual evaluation. However,
a significant limitation of our method lies in its application to
different modalities. Our approach primarily focuses on the
fusion of single- and three-channel images, achieving high
spatial and spectral resolution in the fused image. Therefore,
in similar applications such as PEI and MRI, visible and
infrared images, where the combination of structural details
from single-channel images and spectral information from
multichannel images is required, there are similarities to SAR
and multispectral image fusion. Hence, our method holds
potential in these areas. However, its performance may not be
satisfactory when applied to multifocus images. Future work
will involve: 1) validating our method on image fusion tasks
involving different modalities; 2) exploring the potential of
combining our CDL and sparse representation method with
existing fusion methodologies to optimize performance; and
3) assessing the applicability of our fusion methodology in
downstream remote sensing tasks, such as remote sensing
object segmentation and detection.

ACKNOWLEDGMENT

Long Bai and Ruijie Tang are with the Department of Electronic Engi-
neering, The Chinese University of Hong Kong, Hong Kong, China (e-mail:
b.long@ieee.org; ruijie.tang @link.cuhk.edu.hk).

Shilong Yao is with the Department of Electrical Engineering, City
University of Hong Kong, Hong Kong, China, and also with the Shenzhen
Key Laboratory of Robotics Perception and Intelligence and the Department

of Electronic and Electrical Engineering, Southern University of Science and
Technology, Shenzhen 518055, China (e-mail: shilong.yao@my.cityu.edu.hk).

Kun Gao and Yanjun Huang are with the Key Laboratory of Pho-
toelectronic Imaging Technology and System, Ministry of Education of
China, Beijing Institute of Technology, Beijing 100081, China (e-mail:
gaokun@bit.edu.cn; 3220210458 @bit.edu.cn).

Hong Yan is with the Department of Electrical Engineering, City University
of Hong Kong, Hong Kong, China (e-mail: h.yan@cityu.edu.hk).

Max Q.-H. Meng is with the Shenzhen Key Laboratory of Robotics
Perception and Intelligence and the Department of Electronic and Electrical
Engineering, Southern University of Science and Technology, Shenzhen
518055, China (e-mail: max.meng@ieee.org).

Hongliang Ren is with the Department of Electronic Engineering and the
Shun Hing Institute of Advanced Engineering, The Chinese University of
Hong Kong, Hong Kong, China, also with the Department of Biomedical
Engineering, National University of Singapore (NUS), Singapore 117575,
and also with the NUS (Suzhou) Research Institute, Suzhou 215123, China
(e-mail: hlren@ieee.org).

REFERENCES

[1] S. Chen, R. Zhang, H. Su, J. Tian, and J. Xia, “SAR and multispectral
image fusion using generalized IHS transform based on a trous wavelet
and EMD decompositions,” IEEE Sensors J., vol. 10, no. 3, pp. 737-745,
Mar. 2010.

[2] H. Ghassemian, “A review of remote sensing image fusion methods,”
Inf. Fusion, vol. 32, pp. 75-89, Nov. 2016.

[3] P. Ghamisi et al., “Multisource and multitemporal data fusion in remote
sensing: A comprehensive review of the state of the art,” IEEE Geosci.
Remote Sens. Mag. Replaces Newsletter, vol. 7, no. 1, pp. 6-39,
Mar. 2019.

[4] G. Piella, “A general framework for multiresolution image fusion: From
pixels to regions,” Inf. Fusion, vol. 4, no. 4, pp. 259-280, Dec. 2003.

[5] J. Lewis, R. O’callaghan, S. Nikolov, D. Bull, and C. Canagarajah,
“Region-based image fusion using complex wavelets,” in Proc. 7th Int.
Conf. Inf. Fusion, vol. 1, 2004, pp. 555-562.

[6] L. Wald, “Some terms of reference in data fusion,” IEEE Trans. Geosci.
Remote Sens., vol. 37, no. 3, pp. 1190-1193, May 1999.

[71 S. C. Kulkarni and P. P. Rege, “Application of Taguchi method to
improve land use land cover classification using PCA-DWT-based SAR-
multispectral image fusion,” J. Appl. Remote Sens., vol. 15, no. 1,
Feb. 2021, Art. no. 014509.

[8] S. Li, X. Kang, L. Fang, J. Hu, and H. Yin, “Pixel-level image fusion:
A survey of the state of the art,” Inf. Fusion, vol. 33, pp. 100-112,
Jan. 2017.

[9] F. Bovolo, L. Bruzzone, L. Capobianco, A. Garzelli, S. Marchesi, and
F. Nencini, “Analysis of the effects of pansharpening in change detection
on VHR images,” IEEE Geosci. Remote Sens. Lett., vol. 7, no. 1,
pp. 53-57, Jan. 2010.

X. Otazu, M. Gonzalez-Audicana, O. Fors, and J. Nunez, “Introduction
of sensor spectral response into image fusion methods. Application to
wavelet-based methods,” IEEE Trans. Geosci. Remote Sens., vol. 43,
no. 10, pp. 2376-2385, Oct. 2005.

J. Nunez, X. Otazu, O. Fors, A. Prades, V. Pala, and R. Arbiol,
“Multiresolution-based image fusion with additive wavelet decomposi-
tion,” IEEE Trans. Geosci. Remote Sens., vol. 37, no. 3, pp. 1204-1211,
May 1999.

S. Klonus and M. Ehlers, “Image fusion using the ehlers spectral
characteristics preservation algorithm,” GIScience Remote Sens., vol. 44,
no. 2, pp. 93-116, Jun. 2007.

M. Dalla Mura, G. Vivone, R. Restaino, P. Addesso, and J. Chanussot,
“Global and local Gram-Schmidt methods for hyperspectral pansharp-
ening,” in Proc. IEEE Int. Geosci. Remote Sens. Symp. (IGARSS), 2015,
pp. 37-40.

U. I. Ahmed, B. Rabus, and M. F. Beg, “Sar and optical image fusion for
urban infrastructure detection and monitoring,” Proc. SPIE, vol. 11535,
pp- 104-116, Sep. 2020.

W. Sun, B. Chen, and D. W. Messinger, “Nearest-neighbor diffusion-
based pan-sharpening algorithm for spectral images,” Opt. Eng., vol. 53,
no. 1, Jan. 2014, Art. no. 013107.

V. Yilmaz, C. Serifoglu Yilmaz, O. Giingér, and J. Shan, “A genetic
algorithm solution to the Gram-Schmidt image fusion,” Int. J. Remote
Sens., vol. 41, no. 4, pp. 1458-1485, Feb. 2020.

[10]

[11]

[12]

[13]

(14]

[15]

[16]



30630 IEEE SENSORS JOURNAL, VOL. 23, NO. 24, 15 DECEMBER 2023

[17] S. Singh, V. Sood, S. Prashar, and R. Kaur, “Response of topographic =~ [40] S.-Q. Deng, L.-J. Deng, X. Wu, R. Ran, D. Hong, and G. Vivone,
control on nearest-neighbor diffusion-based pan-sharpening using mul- “PSRT: Pyramid shuffle-and-reshuffle transformer for multispectral and
tispectral MODIS and AWIFS satellite dataset,” Arabian J. Geosci., hyperspectral image fusion,” IEEE Trans. Geosci. Remote Sens., vol. 61,
vol. 13, no. 14, pp. 1-9, Jul. 2020. 2023, Art. no. 5503715.

[18] J. Jinju, N. Santhi, K. Ramar, and B. Sathya Bama, “Spatial frequency  [41] M. Zhang et al., “Deep learning in the era of edge computing: Challenges
discrete wavelet transform image fusion technique for remote sensing and opportunities,” in Fog Computing: Theory and Practice. Hoboken,
applications,” Eng. Sci. Technol., Int. J., vol. 22, no. 3, pp. 715-726, NJ, USA: Wiley, 2020, pp. 67-78.

Jun. 2019. [42] Y. Zhouping, “Fusion algorithm OF optical images and SAR with SVT

[19] L. Bai, L. Wang, T. Chen, Y. Zhao, and H. Ren, “Transformer-based and sparse representation,” Int. J. Smart Sens. Intell. Syst., vol. 8, no. 2,
disease identification for small-scale imbalanced capsule endoscopy pp. 1123-1141, Jan. 2015.
dataset,” Electronics, vol. 11, no. 17, p. 2747, Aug. 2022. [43] B. Huang, Y. Li, X. Han, Y. Cui, W. Li, and R. Li, “Cloud removal

[20] T. Peleg and M. Elad, “A statistical prediction model based on sparse from optical satellite imagery with SAR imagery using sparse represen-
representations for single image super-resolution,” IEEE Trans. Image tation,” [EEE Geosci. Remote Sens. Lett., vol. 12, no. 5, pp. 1046-1050,
Process., vol. 23, no. 6, pp. 2569-2582, Jun. 2014. May 2015.

[21] J. Yang, Z. Wang, Z. Lin, S. Cohen, and T. Huang, “Coupled dictio-  [44] J. Wang, L. Liu, N. Ai, J. Peng, and X. Li, “Pansharpening based on
nary training for image super-resolution,” IEEE Trans. Image Process., details injection model and online sparse dictionary learning,” in Proc.
vol. 21, no. 8, pp. 3467-3478, Aug. 2012. 13th IEEE Conf. Ind. Electron. Appl. (ICIEA), Jul. 2018, pp. 1939-1944.

[22] Y. Wu et al, “Two-stage contextual transformer-based convolu- [45] S. Ayas, E. T. Gormus, and M. Ekinci, “An efficient pan sharpening via
tional neural network for airway extraction from CT images.” 2022, texture based dictionary learning and sparse representation,” IEEE J. Sel.
arXiv:2212.07651. Topics Appl. Earth Observ. Remote Sens., vol. 11, no. 7, pp. 2448-2460,

[23] F. G. Veshki, N. Ouzir, and S. A. Vorobyov, “Image fusion using Jul. 2018. . . ) o )
joint sparse representations and coupled dictionary learning,” in Proc. ~ [46] B. Guo, T. Liu, and Y. Gu, “Integrating coupled dictionary learning and
IEEE Int. Conf. Acoust., Speech Signal Process. (ICASSP), May 2020, distance preserved probability distribution adaptation for multispectral—
pp. 8344-8348. hyperspectral image collaborative classification,” IEEE Trans. Geosci.

[24] L. Bai, S. Chen, M. Gao, L. Abdelrahman, M. A. Ghamdi, and M. Remote Sens., vol. 60, 2022, Art. no. 5528013. ~ = _
Abdel-Mottaleb, “The influence of age and gender information on the [47] T. Liu, Y Gu, and X. Jia, Class—gmded‘cou_pled dictionary _leammg
diagnosis of diabetic retinopathy: Based on neural networks,” in Proc. f(,)f mgltls’I’)ectr.al—hy'perspectral remote sensing image collaborative clas-
43rd Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. (EMBC), Nov. 2021, sification,” Sci. China Technological Sci., vol. 65, no. 4, pp. 744-758,
pp. 3514-3517. Apr. 2022. )

[25] L. Bai, M. Islam, L. Seenivasan, and H. Ren, “Surgical-VQLA: (48] }? 11121 Gllles{)le’dA.' B. KahIlIe,Cal;ld R. lE Walke(rj, ‘Cholor er.lh.an’cerflen; of
Transformer with gated vision-language embedding for visual question 1enty corile ate 1’r’n ;ges. ' s ange ! ato anl 2C2 roma’;lcuy 33;[153 gg_
localized-answering in robotic surgery,” 2023, arXiv:2305.11692. rlr19a§170n techniques,” Remote Sens. Environ., vol. 22, no. 3, pp. B

(26] F G. Veshkl, N Ouzir, §. A. Voroby(_)v, ’e’md‘ E. Ollila, “Multimodal [49] J. Vrabel, “Multispectral imagery band sharpening study,” Photogramm.
image fusion via coupled feature learning,” Signal Process., vol. 200,

Nov. 2022. Art. no. 108637 Eng. Remote Sens., vol. 62, no. 9, pp. 1075-1084, 1996.
L ’ e o . [50] C. A. Laben and B. V. Brower, “Process for enhancing the spatial

[27] L. Bai, M. Islam, and H. Ren, “Revisiting distillation for continual . . . . .5

. . . . S . - resolution of multispectral imagery using pan-sharpening,” U.S. Patent
learning on visual question localized-answering in robotic surgery,
. 6011875, Jan. 4, 2000.
2023, arXiv:2307.12045. 2 . . .. . . P
. e .. . [51] C. Pohl, “Multisensor image fusion in remote sensing, review article,

[28] J. Mairal, F. Bach, J. Ponce, and G. Sapiro, “Online dictionary learning i
for sparse codine” in P 26th A Int. Conf. Mach. L 2009 Int. J. Remote Sens., vol. 19, no. 5, pp. 823-854, 1998.

6%9—696 g, n Froc. .t Conj. Mach. Learm., > [52] W.J. Carper, T. M. Lillesand, and R. W. Kiefer, “The use of intensity-
bp: ) hue-saturation transformations for merging SPOT panchromatic and

[29] K. K'reutZ—D.elgac.lo,. J.E Murra)./, B.D. R,ao’ K.‘Engan, T-W. Lee, ar}d T. multispectral image data,” Photogramm. Eng. Remote Sens., vol. 56,
J. Sejnowski, “Dictionary learning algorithms for sparse representation,”

» 1 C L 15 ) 349-396. Feb, 2003 no. 4, pp. 459467, Apr. 1990.
eurﬁl. omput., Vol. 1, 1‘1‘0 ,.pp. e f : " [53] L. Alparone, L. Facheris, S. Baronti, A. Garzelli, and F. Nencini, “Fusion

[30] I Tosic and P. Frossard, “Dictionary learning,” IEEE Signal Process. of multispectral and SAR images by intensity modulation,” in Proc. 7h
Mag., vol. 28, no. 2, pp. 27-38, Mar. 2011. o Int. Conf. Inf. Fusion, vol. 2, 2004, pp. 637-643.

[31] B. Yang an}i S;’Ll, Multifocus image fusion and restoration with sparse [54] L. Alparone, S. Baronti, A. Garzelli, and F. Nencini, “Landsat ETM+
representation,” JEEE Trans. Instrum. Meas., vol. 59, no. 4, pp. 884-892, and SAR image fusion based on generalized intensity modulation,” IEEE
Apr. 2009. e . o Trans. Geosci. Remote Sens., vol. 42, no. 12, pp. 28322839, Dec. 2004.

[32] B. Yang and S. Li, “_P:’xel-level image fusion with simultaneous orthog-  [55] J. Zhou, D. L. Civco, and J. A. Silander, “A wavelet transform method to
onal matching pursuit,” Inf. Fusion, vol. 13, no. 1, pp. 10-19, Jan. 2012. merge Landsat TM and SPOT panchromatic data,” Int. J. Remote Sens.,

[33] H. Yin, “Multimodal image fusion with joint sparsity model,” Opt. Eng., vol. 19, no. 4, pp. 743-757, Jan. 1998.
vol. 50, no. 6, Jun. 2011, Art. no. 067007. [56] G. P. Nason and B. W. Silverman, “The stationary wavelet transform

[34] N. Yu, T. Qiu, F. Bi, and A. Wang, “Image features extraction and and some statistical applications,” in Wavelets and Statistics. Cham,
fusion based on joint sparse representation,” IEEE J. Sel. Topics Signal Switzerland: Springer, 1995, pp. 281-299.

Process., vol. 5, no. 5, pp. 1074-1082, Sep. 2011. [57] M. J. Shensa, “The discrete wavelet transform: Wedding the a trous

[35] M. Kim, D. K. Han, and H. Ko, “Joint patch clustering-based dictionary and Mallat algorithms,” IEEE Trans. Signal Process., vol. 40, no. 10,
learning for multimodal image fusion,” Inf. Fusion, vol. 27, pp. 198-214, pp. 2464-2482, 1992.

Jan. 2016. [58] L. Bai, T. Chen, Y. Wu, A. Wang, M. Islam, and H. Ren, “LLCaps:

[36] I. Ramirez, P. Sprechmann, and G. Sapiro, “Classification and clustering Learning to illuminate low-light capsule endoscopy with curved wavelet
via dictionary learning with structured incoherence and shared features,” attention and reverse diffusion,” 2023, arXiv:2307.02452.
in Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit.,  [59] P. J. Burt and E. H. Adelson, “The Laplacian pyramid as a com-
Jun. 2010, pp. 3501-3508. pact image code,” in Readings in Computer Vision. Amsterdam, The

[37] C. Zhang, Z. Zhang, Z. Feng, and L. Yi, “Joint sparse model with Netherlands: Elsevier, 1987, pp. 671-679.
coupled dictionary for medical image fusion,” Biomed. Signal Process.  [60] Y. Yuan et al., “Multi-resolution collaborative fusion of SAR, multispec-
Control, vol. 79, Jan. 2023, Art. no. 104030. tral and hyperspectral images for coastal wetlands mapping,” Remote

[38] J. Luo, F. Zhou, J. Yang, and M. Xing, “DAFCNN: A dual-channel fea- Sens., vol. 14, no. 14, p. 3492, Jul. 2022.
ture extraction and attention feature fusion convolution neural network  [61] J. Chen, X. Li, and K. Wu, “Infrared and visible image fusion based
for SAR image and MS image fusion,” Remote Sens., vol. 15, no. 12, on relative total variation decomposition,” Infi: Phys. Technol., vol. 123,
p. 3091, Jun. 2023. Jun. 2022, Art. no. 104112.

[39] A.Jha, S. Bose, and B. Banerjee, “GAF-net: Improving the performance  [62] G. Hong, Y. Zhang, and B. Mercer, “A wavelet and IHS integration

of remote sensing image fusion using novel global self and cross
attention learning,” in Proc. IEEE/CVF Winter Conf. Appl. Comput. Vis.,
Jan. 2023, pp. 6354-6363.

method to fuse high resolution SAR with moderate resolution multi-
spectral images,” Photogrammetric Eng. Remote Sens., vol. 75, no. 10,
pp. 1213-1223, Oct. 2009.



BAl et al.: JOINT SPARSE REPRESENTATIONS AND COUPLED DICTIONARY LEARNING

30631

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

(74

[75]

[76]

(771

[78]

[79]

[80]

[81]

[82]

[83]

[84]

Y. Luo, R. Liu, and Y. F. Zhu, “Fusion of remote sensing image base
on the PCA+atrous wavelet transform,” Int. Arch. Photogramm., Remote
Sens. Spatial Inf. Sci., vol. 37, no. Part B7, pp. 1155-1158, 2008.

S. Yao, R. Tang, L. Bai, H. Yan, H. Ren, and L. Liu, “An RNN-
LSTM enhanced compact and affordable micro force sensing system
for interventional continuum robots with interchangeable end-effector
instruments,” IEEE Trans. Instrum. Meas., vol. 72, pp. 1-11, 2023.

T. Kurban, “Region based multi-spectral fusion method for remote
sensing images using differential search algorithm and IHS transform,”
Exp. Syst. Appl., vol. 189, Mar. 2022, Art. no. 116135.

H. Zhang, H. Shen, Q. Yuan, and X. Guan, “Multispectral and SAR
image fusion based on Laplacian pyramid and sparse representation,”
Remote Sens., vol. 14, no. 4, p. 870, Feb. 2022.

Q. Wei, N. Dobigeon, and J.-Y. Tourneret, “Bayesian fusion of multi-
band images,” IEEE J. Sel. Topics Signal Process., vol. 9, no. 6,
pp. 1117-1127, Sep. 2015.

M. Ghahremani and H. Ghassemian, “A compressed-sensing-based
pan-sharpening method for spectral distortion reduction,” IEEE Trans.
Geosci. Remote Sens., vol. 54, no. 4, pp. 2194-2206, Apr. 2016.

M. Guo, H. Zhang, J. Li, L. Zhang, and H. Shen, “An online coupled dic-
tionary learning approach for remote sensing image fusion,” IEEE J. Sel.
Topics Appl. Earth Observ. Remote Sens., vol. 7, no. 4, pp. 1284-1294,
Apr. 2014.

Q. Wei, J. Bioucas-Dias, N. Dobigeon, and J.-Y. Tourneret, “Hyperspec-
tral and multispectral image fusion based on a sparse representation,”
IEEE Trans. Geosci. Remote Sens., vol. 53, no. 7, pp. 3658-3668,
Jul. 2015.

N. Li, N. Huang, and L. Xiao, “PAN-sharpening via residual deep
learning,” in Proc. IEEE Int. Geosci. Remote Sens. Symp. (IGARSS),
Jul. 2017, pp. 5133-5136.

A. Camacho, E. Vargas, and H. Arguello, “Hyperspectral and multispec-
tral image fusion addressing spectral variability by an augmented linear
mixing model,” Int. J. Remote Sens., vol. 43, no. 5, pp. 1577-1608,
Mar. 2022.

Q. Sun and Q. Wu, “Feature space fusion classification of remote sensing
image based on ant colony optimisation algorithm,” Int. J. Inf. Commun.
Technol., vol. 20, no. 2, pp. 164-176, 2022.

K. Wang, G. Qi, Z. Zhu, and Y. Chai, “A novel geometric dictionary
construction approach for sparse representation based image fusion,”
Entropy, vol. 19, no. 7, p. 306, Jun. 2017.

Z.Zhu, H. Yin, Y. Chai, Y. Li, and G. Qi, “A novel multi-modality image
fusion method based on image decomposition and sparse representation,”
Inf. Sci., vol. 432, pp. 516-529, Mar. 2018.

J. Van Aardt, “Assessment of image fusion procedures using entropy,
image quality, and multispectral classification,” J. Appl. Remote Sens.,
vol. 2, no. 1, May 2008, Art. no. 023522.

F. G. Veshki and S. A. Vorobyov, “An efficient coupled dictionary learn-
ing method,” IEEE Signal Process. Lett., vol. 26, no. 10, pp. 1441-1445,
Oct. 2019.

J. A. Tropp and A. C. Gilbert, “Signal recovery from random mea-
surements via orthogonal matching pursuit,” IEEE Trans. Inf. Theory,
vol. 53, no. 12, pp. 4655-4666, Dec. 2007.

K. Skretting and J. Husgy, “Texture classification using sparse frame-
based representations,” EURASIP J. Adv. Signal Process., vol. 2006,
no. 1, pp. 1-11, Dec. 2006.

P. Song, L. Weizman, J. F. C. Mota, Y. C. Eldar, and M. R. D. Rodrigues,
“Coupled dictionary learning for multi-contrast MRI reconstruction,”
IEEE Trans. Med. Imag., vol. 39, no. 3, pp. 621-633, Mar. 2020.
Richa, K. Kaur, and P. singh, “An effective algorithm of remote sensing
image fusion based on discrete wavelet transform,” in Mobile Radio
Communications and 5G Networks. Cham, Switzerland: Springer, 2022,
pp. 313-330.

W. Yin, K. He, D. Xu, Y. Luo, and J. Gong, “Adaptive enhanced infrared
and visible image fusion using hybrid decomposition and coupled
dictionary,” Neural Comput. Appl., vol. 34, no. 23, pp. 20831-20849,
Dec. 2022.

F. G. Veshki and S. A. Vorobyov, “Coupled feature learning via
structured convolutional sparse coding for multimodal image fusion,”
in Proc. IEEE Int. Conf. Acoust., Speech Signal Process. (ICASSP),
May 2022, pp. 2500-2504.

J. Xiong, Q. Liang, J. Wan, Q. Zhang, X. Chen, and R. Ma, “The
order statistics correlation coefficient and PPMCC fuse non-dimension in
fault diagnosis of rotating petrochemical unit,” IEEE Sensors J., vol. 18,
no. 11, pp. 4704-4714, Jun. 2018.

[85]

[86]

[87]

[88]

[89]

F. Ahmed, M. H. Conde, P. L. Martinez, T. Kerstein, and B. Buxbaum,
“Pseudo-passive time-of-flight imaging: Simultaneous illumination,
communication, and 3D sensing,” IEEE Sensors J., vol. 22, no. 21,
pp. 21218-21231, 2022.

A. Mittal, R. Soundararajan, and A. C. Bovik, “Making a ‘completely
blind’ image quality analyzer,” IEEE Signal Process. Lett., vol. 20, no. 3,
pp- 209-212, Mar. 2013.

A. Mittal, A. K. Moorthy, and A. C. Bovik, “No-reference image quality
assessment in the spatial domain,” IEEE Trans. Image Process., vol. 21,
no. 12, pp. 4695-4708, Dec. 2012.

N. Venkatanath, D. Praneeth, M. C. Bh, S. S. Channappayya, and
S. S. Medasani, “Blind image quality evaluation using perception based
features,” in Proc. 21st Nat. Conf. Commun. (NCC), Feb. 2015, pp. 1-6.
H. Li, R. Nie, J. Cao, X. Guo, D. Zhou, and K. He, “Multi-focus image
fusion using U-shaped networks with a hybrid objective,” IEEE Sensors
J., vol. 19, no. 21, pp. 9755-9765, Nov. 2019.

Long Bai (Graduate Student Member, IEEE)
received the B.S. degree in optoelectronics
information science and engineering from the
Beijing Institute of Technology (BIT), Beijing,
China, in 2021. He is currently pursuing
the Ph.D. degree with the Department of
Electronic Engineering, The Chinese University
of Hong Kong (CUHK), Hong Kong.

His current research interests include robotics
perception, capsule endoscopy, surgical
scene understanding, continual learning, and

human-robot interaction.

Mr. Bai was a recipient of the CUHK Vice-Chancellor's Ph.D.
Scholarship Scheme in 2021, the IEEE Robotics and Automation
Society (RAS) Travel Grants Award in 2023, the Best Poster Award at
the IEEE International Conference on Robotics and Automation (ICRA)
Workshop on Surgical Robotics in 2023, and the ICBIR Best Student
Paper Award in 2023.

Shilong Yao received the B.E. degree in
mechanical engineering from the Southern Uni-
versity of Science and Technology, Shenzhen,
China, in 2021. He is currently pursuing the
Ph.D. degree with the Department of Electri-
cal Engineering, City University of Hong Kong
(CityU), Hong Kong.

His current research interests include surgical
robotic systems and machine learning in medical
robotics.

Kun Gao received the B.A. degree in electrical
engineering and the Ph.D. degree in instru-
ment science and engineering from Zhejiang
University, Hangzhou, China, in 1995 and 2002,
respectively.

From 2002 to 2004, he was a Post-Doctoral
Fellow with Tsinghua University, Beijing, China.
Since 2005, he has been with the Beijing
Institute of Technology, Beijing, with a focus
on infrared technology and real-time image
processing.

Dr. Gao is a member of the Optical Society of China.

Yanjun Huang received the B.S. degree in opto-
electronics information science and engineering
from the Beijing Institute of Technology (BIT),
Beijing, China, in 2021, where she is currently
pursuing the M.S. degree with the School of
Optics and Photonics.

Her current research interests include syn-
thetic aperture radar (SAR) image processing.



30632

IEEE SENSORS JOURNAL, VOL. 23, NO. 24, 15 DECEMBER 2023

Ruijie Tang received the B.S. degree in
mechanical engineering from the South China
University of Technology, Guangzhou, China,
and The University of Edinburgh, Edinburgh,
U.K., in 2018, and the M.S degree in advanced
aeronautical engineering from Imperial College
London, London, UK., in 2019. He is cur-
rently pursuing the Ph.D. degree in electronic
engineering with The Chinese University of
Hong Kong, Hong Kong.

His current research interests include soft
robots, force sensor design, and magnetic actuated robots with appli-
cation in the medical field.

Hong Yan (Fellow, |IEEE) received the Ph.D.
degree from Yale University, New Haven, CT,
USA, in 1989.

He was a Professor of Imaging Science
with the University of Sydney, Sydney, NSW,
Australia. He is currently a Wong Chun Hong
Professor of Data Engineering and a Chair
Professor of Computer Engineering with the
City University of Hong Kong, Hong Kong. His
research interests include image processing,
pattern recognition, and bioinformatics. He has
authored or coauthored over 600 journal articles and conference papers
in these areas.

Dr. Yan is a Fellow of the International Association for Pattern Recog-
nition (IAPR) and the U.S. National Academy of Inventors and a member
of the European Academy of Sciences and Arts. He received the 2016
Norbert Wiener Award for contributions to image and biomolecular
pattern recognition techniques from the IEEE Systems, Man, and
Cybernetics (SMC) Society.

Max Q.-H. Meng (Fellow, IEEE) received the
Ph.D. degree in electrical and computer engi-
neering from the University of Victoria, Victoria,
BC, Canada, in 1992.

He was with the Department of Electrical and
Computer Engineering, University of Alberta,
Edmonton, AB, Canada, where he was the
Director of the Advanced Robotics and Tele-
operation Laboratory and held the positions of
an Assistant Professor in 1994, an Associate
Professor in 1998, and a Professor in 2000.
In 2001, he joined The Chinese University of Hong Kong, Hong Kong,
as a Professor and later the Chairman of the Department of Elec-
tronic Engineering. He is currently a Chair Professor and the Head
of the Department of Electronic and Electrical Engineering, Southern
University of Science and Technology, Shenzhen, China, on leave from
the Department of Electronic Engineering, The Chinese University of
Hong Kong. He led more than 60 funded research projects to completion
as a Principal Investigator. He has authored or coauthored more than
750 journal papers and conference papers, and book chapters. His
research interests include robotics, perception, and intelligence.

Prof. Meng is a Fellow of the Hong Kong Institution of Engineers,
an Academician of the Canadian Academy of Engineering, and an
elected member of the AdCom of IEEE Robotics and Automation
Society (RAS) for two terms. He was a recipient of the IEEE Mil-
lennium Medal. He is the General Chair or the Program Chair for
many international conferences, including the General Chair of the
IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS) 2005 and the IEEE International Conference on Robotics and
Automation (ICRA) 2021. He served as an Associate Vice President for
Conferences of the IEEE Robotics and Automation Society from 2004 to
2007 and the Co-Chair of the Fellow Evaluation Committee. He serves
on the Editorial Board for several international journals, including the
Editor-in-Chief of Biomimetic Intelligence and Robotics (Elsevier).

Hongliang Ren (Senior Member, IEEE)
received the Ph.D. degree in electronic
engineering  (specialized in  biomedical

engineering) from The Chinese University
of Hong Kong (CUHK), Hong Kong, in 2008.

He has navigated his academic journey
through CUHK; Johns Hopkins University,
Baltimore, MD, USA; Children’'s Hospital
Boston, Boston, MA, USA; the Harvard Medical
School, Boston; Children’s National Medical
Center, Washington, DC, USA; and the National
University of Singapore (NUS), Singapore. He is currently an Associate
Professor with the Department of Electronic Engineering, CUHK, and
an Adjunct Associate Professor with the Department of Biomedical
Engineering, NUS. His research interests include biorobotics, intelligent
control, medical mechatronics, soft continuum robots, soft sensors, and
multisensory learning in medical robotics.

Dr. Ren was a recipient of the NUS Young Investigator Award, the
Engineering Young Researcher Award, the IAMBE Early Career Award
in 2018, the Interstellar Early Career Investigator Award in 2018, the
ICBHI Young Investigator Award in 2019, and the Health Longevity
Catalyst Award in 2022 by the U.S. National Academy of Medicine
(NAM) and Hong Kong Research Grants Council (RGC). He serves
as an Associate Editor for IEEE TRANSACTIONS ON AUTOMATION
SCIENCE AND ENGINEERING and Medical and Biological Engineering and
Computing (MBEC).



