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Abstract: Image fusion aims to collect better information from an image obtained
by combining two or more different images. Image fusion has many applications
such as remote sensing, medical imaging, medical diagnosis, robotics, surveillance,
and image enhancements. This article presents the strengths and weakness of recent
arrivals in the literature on spatial and transform domain. A comparative analysis
among recently existed literature of various types of image fusing methodologies. A
generalized flow diagram for image fusion which is universally acceptable to all
types of images such as medical images, visible images, infrared images, multi-
focus images, multi-exposure images, hyperspectral image and multispectral images
is depicted. Various effective qualitative and quantitative performance measures
useful for image fusion with reference image and without reference image are also
tabled. At last, recommendations are given as per current research requirements for
better performance with decent complexity.
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1. Introduction

There have been numerous advancements in image analysis and image fusion
methods for improved information collection in recent times. Image fusion aims to
collect additional details from one image obtained by combining two different images.
Image fusion has many applications such as remote sensing, medical imaging, medical
diagnosis, robotics, surveillance, and image enhancements. Specifically, this sector's
significant development with steady growth in the number of publications and efficiency
of recently developed approaches has been observed in recent years [1]. A vital task in
image fusion is selecting the fusion law for a particular application like multi-modality
fusion, multi-focus fusion etc [2, 13]. It is observed that a single fusion rule is used for
several fusion applications, such as the same rule for multi-focus image fusion and multi-
modality image fusion. It is also observed in the literature, a single application of image
fusion is used multiple fusion rules for combining image coefficients at different scales
[3, 12]. Various approaches are used to fuse. Initially, raw data fusion is followed later
for effectiveness shifted to features set fusion, for the betterment of existing fusion
methodologies moved to decision level fusion. Different source images are displayed in
the table 1 for the new researcher's reference. Various methodologies have existed for
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Table 1. Multiple image fusion example source images
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image fusion in literature. It can be achieved in the Spatial Domain, Frequency domain
(Transform domain), Deep learning-based methods [4, 11].

Regression-based methods, or combined hybrid methods. In the spatial domain, the
fusion can be achieved using block-based, region-based, pixel-based. In block-based
images, the source images are converted into nonoverlapping blocks. The blocks are
fused using a threshold based adaptive fusion rule. Region-based image fusion is also
similar to block-based image fusion, but here instead of dividing source images into
blocks, the source images are divided into the region using segmentation [5, 6, 7, 20].
Many blocks-based image fusion and region-based image fusion methodologies are
existed in literature, but they have their limitations. In pixel-based image fusion, the pixel
of images are directly fused using the weighted average method (the intensity levels of
the two pixels are averaged for fused images pixel intensity), Chose Maximum (In the
two source image intensities, maximum intensity is selected for fused image), Choose
Minimum (In the two source image intensities, the minimum intensity is chosen for fused
image) and many other methods available [8, 9, 10].

2.Literature Survey:

Image Energy-based fusion provides a better amount of structural information.
Hongpeng proposes it for different image modalities such as fusing infrared and visible
images and fusing medical images. In 2018, Xin Jin et al. suggested a multi-focus image
fusion on Gray images and colour images with two fusion rules (average fusion rule and
maximum fusion rule) using LSF, PCNN, LPT [17]. The complexity of this IF method
is acceptable with better performance. Yang et al. proposed a IF method based on DWT
which having good spatial and spectral localization in fused image but it contain shift
variant nature and spatial inconsistency and halo artifacts at edges [1, 2, 3, 16]. A
generalized NSST-based pulse-coupled neural network (S-PCNN) has been suggested
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by Hajer Ouerghi . This approach transforms images from PET into components of YIQ.
Just MRI images and the Y components of PET images given to the NSST transform.
Using local energy and weight region standard deviation the lower sub bands are fused
[18, 19]. The S-PCNN fuses the HF coefficients with the adaptive connection strength
coefficient excitation. By this approach, authors can get an efficient fused image with
less colour distortion and more structural information [4,, 14, 15].

Table 2. Related work spatial and transform domain image fusion methods

of algorithm

Reference
and Application Domain | Methods used Comments Performance
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Good quality is
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3.Generalized flow diagram:

Effective fusion process makes effective fused image and leads to effective
collection of information form it. However, the fusion stages rely on conceptual
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understanding of input source image modalities. A single fusion process can work for all
modalities but not effective for all. The source images can be any modality like medical
images, visible images, infrared images, multi-focus images, multi-exposure images,
hyperspectral image and multispectral images. The flow diagram of generalized image
fusion methodology can be seen in figure 1. The pre-processing helps to register the
given source images into same size and remove/reduce noise in source image so it makes
it simple to further processing on the source image. The source images are converted into
approximation coefficients and detail coefficients using various decompositions such as
DWT, NSCT, SWT, NSST, Curvelet Transform. The decomposition method may
downgrade source image resolution in the coefficients and represent most of the source
images energy in it.
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SWT, NSST, 5 Decomposit
Curvelet 1on Technique
Maximum Entropy
Fusion fusion, local  energy,
Fule tmaximum selection,
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Figure 1: Generalized Flow Diagram of Image Fusion

4.Quality assessment techniques of Image Fusion:

There are two standard methods to assess the output of fused images are qualitative
analysis and quantitative analysis. The fused image is compared to the input images in
qualitative analysis. It attests to the fused image's accuracy utilising different statistical
criteria in terms of spatial detail, graphical patterns, object size, colour, spectral
information, etc. The objective assessment interpretation is a quantitative analysis that
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can surpass the impact of humans' incorrect vision judgment to allow the metrics to
measure the efficacy of image fusion mathematically. In Quantitative analysis, there are
two types of approaches, one is metric measurements with reference image (SSIM, MI,
CC, PSNR, SNR, RMSE) and other one is metric measurements without references
(Fusion Quality Index, Entropy, Standard Deviation). Most used performance measure
for all sort of image fusions are presented in table 3.

Table 3. Performance measures of image fusion

Name of F 1 Value for best
Metric ormuta performance
RMSE RMSE = Li ﬁ: (Ir(i ])—lf(l ])2) Lower (Close to
MN & 5 ’ ’ Zero)
I u . )2
> 3 (0,6.)
SNR SNR =10log,,| +; i\:l = Higher value
(1,G.) -1, )
i=1 j=1
LZ
PSNR PSNR =201log,,| - Higher value
> > 6A)-1,60)f
i=1 Jj=1
cc CC = 2Crf Higher value
¢, tc, (CloseTtoT+1)
Mo¥ "1.1,(i,7)
Mi= W1 (i, j)log,| —————""— | | Hi
MI ; ; f f(l ]) ogz(h[r (i,j)hlf(i,j) Higher value

5.Conclusions and Future Directions:

Image fusion is a technique of fusing multiple images for better information and a
more accurate image than source images. It has many applications in remote sensing,
medical imaging, medical diagnosis, robotics, surveillance, and image enhancements. In
this paper discussed, recent arrivals on image fusion pros and cons are discussed briefly
and tabled. Though good progress seen in recent years on image fusion, there is a need
for addressing many issues in it. Source images Mis registration effects severely on the
fused image, and it may vary the original information in the fused image. Particular focus
is needed for fusing boundary regions in some fusion applications like multi-focus
images, multi-exposure images and medical images. Almost all of the existing fusion
methodologies are working for a single application like multi-focus images for medicine
or multi-focus images for biology, so there is a need for efficient proposals on multi-
application image fusion methods from researchers. A flow diagram for image fusion
which is generally applicable to all forms of images is introduced. Qualitative and
quantitative fused image quality metrics are discussed.
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