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ABSTRACT: Medical imaging sensors, such as 

positron emission tomography and single-photon 

emission computed tomography, may provide rich 

information, but each has its inherent drawbacks. 

Multimodal medical image fusion sensor becomes an 

effective solution in this scenario. Medical imaging's 

main objective is to collect as much preponderant and 

complementary data from the source as possible into 

a single product that can play a critical role in 

medical diagnosis and clinical operations. For 

multimodal sensor medical images, a novel fusion 

approach is proposed in this paper based on local 

difference (LD) in the non-sampled domain. The 

original medical images are first decomposed in this 

method. Then an operator called LD, fuses the sub-

band coefficients. The final fused image is 

reconstructed with all composite coefficients through 

the reverse non-subsampled schemes. The new 

method of fusion has been implemented in several 

clinical studies, and the results show that this 

approach is much more transparent and efficient than 

some of the state-of - the-art approaches, both in 

terms of subjective visual performance and objective 

test outcomes. The quality of the proposed method 

was also compared to that of two non-sampled 

methods, i.e., non-sampled contourlet transformation 

and non-sampled shearlet transformation. 

 Index Terms— Image fusion, local difference (LD), 

medical image, multimodal sensor fusion, non-

subsampled domain. 

I.INTRODUCTION 
        THE core idea of image fusion is to extract as 

much predominant and complementary information 

as possible from multiple source images of the same 

scene and then fuse it into one single composite, with 

many more prominent features and much more useful 

information. Image fusion has been widely used in 

many areas, including remote sensing[1],[2] and 

medical diagnosis[3]. Due to its critical role in 

disease diagnosis, radiation therapy and surgery, the 

need to develop medical imaging technology has 

attracted increased and worldwide attention. In its 

current status, the technology allows one to track his 

or her health condition easily, and progression of 

illness, if any, through medical images. Medical 

images convey information about cells, tissues, 

bones, or organs, or structures, but it may differ from 

model to model information. In other words, the 

practical applications of medical images generated by 

various models are not the same following details. 1) 

X-ray and computed tomography (CT) are very adept 

at describing dense structures, such as bones and 

implants, but they cannot capture physiological 

changes. 2) The soft tissues can be better visualized 

in magnetic resonance imaging (MRI) images, than 

do in CT images. 3) MRI-T1 images offer 

information on anatomical structure of tissues, while 

MRI-T2 can depict normal and pathological tissues 

[4]. 4) Positron emission tomography can display the 

metabolism of biological molecules, receptors, and 

neurotransmitters, in vivo, which is very helpful for 

cancer diagnosis. 5) Single-photon emission 

computed tomography (SPECT) differs from PET 

mainly in respect of image quality and the scope of 

applications. The image quality of PET is generally 

better than that of SPECT.  

However, as the number of the tracer types 

of SPECT is much greater than that of PET, SPECT 

has a broader range of applications. From the 

foregoing observations, two important points emerge. 

First, the imaging principles of the above medical 

models vary significantly, because of which their 

applications also vary. Second, the medical image 

generated by a single modal commonly suffers from 

inadequate information, and hence it becomes 

necessary to fuse multimodal images to obtain much 

more accurate and comprehensive information. 

Obviously, the fusion of multimodal medical images 

helps not only in enhancing the precision of disease 

detection and diagnosis, but also in reducing the 

storage cost of patient’s database, because only one 

composite image has to be stored, instead of multiple 

ones. According to the fusion principles, the existing 

image fusion methods can be divided broadly into 

two categories, namely, spatial domain-based 

methods and transform domain-based methods. The 

former is generally based on the arithmetic operations 

of the coefficients from different source images.  

In other words, several weight values are 

given to each image in advance. In spite of its 

simplicity, this method often leads to side effects, 

such as contrast reduction and blurred details. The 

transform domain-based method adopts a different 

operating mechanism, which involves decomposition 

of the source images into a series of low-frequency 

and highfrequency subimages, with different scales 

and directions. Then, the subimages are fused to 

obtain the final image, following certain fusion rules. 
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So far, transform domain-based methods have been 

playing a dominant role in the field of image fusion. 

Du et al. [5] adopted the scheme of union Laplacian 

pyramid with multiple features to fuse medical 

images. Shen et al. [6] proposed cross-scale 

coefficient selection for volumetric medical image 

fusion. While discrete wavelet transform (DWT) is 

regarded as an ideal fusion scheme, Cheng et al. [7] 

utilized DWT for remote sensing image fusion. 

However, based on further research findings, it is 

argued that DWT can merely capture the point-wise 

information along finite directions. What is worse, 

DWT lacks shift invariance, due to downsampling. 

To overcome the limitations of DWT, several 

improved versions were presented, such as 

undecimated wavelet transform [8], [9], three-

channel nonseparable symmetric wavelets [10], 

discrete fractional wavelet [11], and daubechies 

complex wavelet [12]. Zhou et al. [13] proposed a 

fusion scheme, based on multiscale weighted 

gradient. Srivastava et al. [14] integrate local energy 

with curvelet transform for the fusion of medical 

images.  

.   

The core idea of this proposal is to generate 

multimodal source medical images, using non-

subsampled models, followed by fusion of low-

frequency and high-frequency subimages. As LD can 

capture and provide good contrast between pixels, 

one can easily detect whether the pixel is from the 

clear region or not. The efficacy and superiority of 

the proposed framework were verified via a series of 

fusion experiments on multimodal medical data sets. 

The experimental results show that the performance 

of the proposed scheme is comparable with that of 

the current conventional fusion methods, in terms of 

both visual and quantitative performance. The 

following are the salient contributions of this paper. 

1) A novel fusion framework, which relies on the 

nonsubsampled scheme, is proposed for obtaining 

multimodal sensor medical images. 2) LD is 

presented and used to complete fusion of low-

frequency and high-frequency subimages. 3) Two 

different typical non-subsampled models, namely, 

NSCT and NSST, were considered for this paper. 

Discussions and comparisons were made with the 

experimental results. 4) Further, the proposed scheme 

was extended to perform multispectral fusion of 

multimodal medical images, such as SPECT-TI/MRI 

and SPECT-Tc/MRI images. Experimental results 

demonstrate that the proposed scheme can rectify and 

improve image information, which in turn enhances 

the precision of disease detection and diagnosis.  

 

 

II. DISTRIBUTION CHARACTERISTICS OF 

BRIGHTNESS AND COLOR  

To detect and capture the valuable pixel 

from a medical image is always a challenging task in 

health care, because even a minor point may offer a 

vital clue for patient’s treatment. In fact, human 

visual system is very sensitive to the contrast in the 

brightness of the image, which broadly reflects the 

real quality of the image. This inspired the authors to 

conduct several simulation experiments to obtain 

statistical data on the potential relationship between 

certain indexes and the image quality. It was found 

that brightness and color (colored images) 

distribution of the pixel is closely related to the 

amount of information it contains. Specifically, if the 

source images are gray, the brightness distribution of 

salient regions (most likely the lesion) is commonly 

different from that of other regions. On the other 

hand, if the source images are colored, the 

distributions of both brightness and color are 

prominent. Fig. 1 depicts two multimodal images of a 

brain glioma case, which were downloaded from the 

Harvard University site 

(http://www.med.harvard.edu/AANLIB/home.htm). 

The MR-T2 image shown in Fig. 1(b) demonstrates 

an area of mixed signal intensity on proton density 

(PD) and T2-weighted (T2) images in the left 

occipital region. Contrast enhancement shows cystic 

elements in the lesion. Thallium (SPECT-TI) image, 

shown in Fig. 1(e), depicts an anterior border of high 

uptake, consistent with a small region of tumor 

recurrence [30]. Two different regions, each 

containing 16 × 28 pixels, were chosen from Fig. 1(b) 

and (e). As the two pairs are from different regions, 

the comparisons of their mean brightness and color 

are illustrated in Fig. 2. The greater the color 

component (such as bright red and bright green), the 

larger is the saturation degree. On the contrary, the 

saturation is inversely proportional to the achromatic 

component. Interestingly, it can be concluded that the 

intensities of brightness and color of pixels are prone 

to vary largely from region to region. Obviously, the 

lesion regions, marked as Fig. 1(c) and (f), contain 

much more information than the normal sites. This 

leads to the question whether the result in Fig. 2 is a 

mere coincidence or a reflection of some inherent 

reasons behind it? Considering the SPECT image, for 

example, the imaging principle of SPECT is based 

mainly on the tracer molecules entering the human 

circulatory system, which can reflect the difference in 

the tissue intensity, based on the component 

concentrations in different tissues. The cancer cells of 

the tumor are generally much more active than 

normal ones, and hence the region corresponding to 

cancer cells is usually of a much darker color (bright 

red and yellow), as can be seen from Fig. 1(e). Based 
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on the interesting phenomenon mentioned above, it 

was attempted in this paper to detect and locate the 

pixels of the lesion as precisely as possible.  

 
Fig. 1. Brightness and color distributions of T2-

weighted image and SPECT-TI image. (a) Enlarged 

subimage II of (b). (b) T2 weighted image. (c) 

Enlarged subimage II of (b). (d) Enlarged subimage 

II of (e). (e) SPECT-TI image. (f) Enlarged subimage 

II of (e).  

 
Fig. 2. Comparisons of mean brightness and color. (a) 

Comparisons of mean brightness. (b) Comparisons of 

mean color.  

III. PROPOSED MULTIMODAL MEDICAL 

IMAGE FUSION FRAMEWORK 

There are three sections in this chapter. The 

LD system is included in Section III-A. Section III-B 

explains the multimodal clinical image fusion system. 

Section III-C extends the process of fusion to process 

color images.  

 

 

A. Local Difference  

Compared to the pixel's own numerical 

value, people are more concerned about the 

brightness rate comparison. In other words, the pixel 

whose intensity level differs from that of the 

neighboring pixels is more likely to be of greater 

interest, as it may be located at some important edge 

or region boundary. Coincidentally, the non-sampled 

models ' objective is to screen the main and detailed 

information. The non-sampled method, as already 

stated, can be used to distinguish low-frequency 

components from high-frequency components. The 

former is responsible for characterizing the key 

contours of the source image, while the latter 

emphasizes the presentation of detailed information, 

such as edges and boundaries of regions. The average 

and max absolute-based rules are usually followed in 

traditional fusion frameworks to complete the fusion 

process. The former method, however, also leads to a 

reduction in the contrast of the final fused image, 

whereas the latter approach leads to the inclusion of 

noisy points in the final fused image due to its 

sensitivity to noise, although the pixel with greater 

absolute values often belongs to the salient 

characteristics. What is worse, the max absolute 

scheme takes into account only the single pixel, 

rather than the local region. Single pixels are 

obviously not enough to determine the exact location 

of the lesion. To weigh and determine the 

information of the pixel more reasonably and 

accurately, LD is proposed to fuse the subimages in 

this paper. Mathematically, LD is expressed as 

follows:  

 
where SF (spatial frequency) denotes the level 

difference between the pixel located at (i, j) and those 

surrounding it; LN describes the general feature of 

the region centered at (i, j); f (i, j) is the gray or 

saturation value; and α is a variable, which is 

determined by the coefficients of the subimage. The 

mathematical expression of SF is given as follows:  

 
where the size of the neighborhood region is 

postulated as m × n. Typically, the region is a square, 

i.e., m = n and m is an odd number. Further, because 
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of the close distance between the pixel (i, j) and its 

four neighbors in the horizontal and vertical 

directions, (2) can be rewritten as  

 
As for LN , there are two different situations.  

1) If all the coefficients of the subimage are 

nonnegative, LN stands for the average gray or color 

level of the region, centered at (i, j). In this case, α 

equals to 1. Obviously, the value |LN − f (i, j)| 

reflects the extent of difference between the pixel 

itself and the region.  

2) If there are some pixels with negative values, such 

as those of the high-frequency subimages, then α 

equals to 0. Here, LN denotes the average gray level 

of the local region, centered at (i, j) in the low-

frequency subimage. In this situation, LD can be used 

to detect and capture the feature points.  

B. Fusion Framework 

 This section presents in detail the steps involved in 

the proposed fusion framework. Suppose that there 

are two source medical images, called A and B, 

which have been properly registered. After non-

subsampled decompositions, a pair of low-frequency 

subimages and a series of high-frequency subimages 

can be obtained, namely, {HA,k,d , L A,K } and 

{HB,k,d, L B,K }. ―H‖ and ―L‖ denote high 

frequency and low frequency, respectively. ―K‖ 

stands for the total decomposition level, while ―k‖ 

and ―d‖ represent, respectively, certain 

decomposition level and direction. Obviously, 

variable ―k‖ must satisfy the condition 1 ≤ k ≤ K. As 

both NSCT and NSST share the non-subsampled 

characteristic, they were abbreviated for simplicity as 

―NS‖ in the following fusion diagram. The steps 

involved in the proposed fusion framework are as 

follows.  

1) A and B are decomposed via NS into a pair of 

low-frequency subimages L A,K and L B,K , and a 

series of high-frequency subimages HA,k,d and 

HB,k,d. ―K‖ stands for total decomposition level. 

HA,k,d and HB,k,d represent the high-frequency 

subimages of A and B at level k ∈ [1, K], and 

orientation d.  

2) LD is used to complete the fusion of low-

frequency and high-frequency subimages. The 

coefficients of the fused subimages follow the fusion 

rule given as follows: 

 
where FK(k,d) stands for the fused subimage and χ 

stands for the low-frequency subimage ―L‖ or the 

high-frequency subimage ―H.‖ Here, the result of the 

operator LD is regarded as the only factor that needs 

to be taken into account to decide the coefficients of 

the subimages. 3) The final fused image F is 

reconstructed by using the inverse NS. 

 
 

Fig. 3. Block diagram of the proposed fusion 

framework.  

C. Color Image Fusion  

The color is usually characterized by three 

independent attributes, which mutually interact to 

form a spatial coordinate, called color space. The 

color space can be divided into two categories, 

namely, primary color space and color brightness 

separation color space, depending on its basic 

structure. RGB is the typical representative of 

primary color space and lαβ, the color brightness 

separation color space [31]. RGB mode is an additive 

one with luminescent screen, while CMYK mode is a 

printing subtractive one with reflective color. IHS 

mode suffers from spectral information distortion, 

which easily leads to medical accidents. Unlike these 

three common modes, lαβ mode can deal with 

brightness or color without mutual influences, and so 

it does not depend on either light or pigment. 

Moreover, lαβ includes all color modes the humans 

can see in theory, and it can make up for the 

drawbacks of RGB, CMYK, and IHS. Therefore, lαβ 

mode was chosen as the color space for this paper. 

During the fusion of medical source images, one may 
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encounter color images, such as SPECT-TI- and 

SPECT-Tcbased ones, in which case, the RGB source 

image is first converted into the lαβ version, as 

shown in the lower left corner of Fig. 3, to obtain the 

three components, namely, l, α, and β. l represents an 

achromatic channel, and α and β represents the 

chromatic yellow–blue and red–green channels, 

respectively. These channels are symmetrical and 

compact. The l component is fused, using the 

proposed scheme, and then lαβ converted to RGB 

(see the lower right corner of Fig. 3) to get the final 

fused image F . 

BOX FILTERING 

Box filtering is basically an average-of-surrounding-

pixel kind of image filtering. It is actually a 

convolution filter which is a commonly used 

mathematical operation for image filtering. A 

convolution filters provide a method of multiplying 

two arrays to produce a third one. In box filtering, 

image sample and the filter kernel are multiplied to 

get the filtering result. The filter kernel is like a 

description of how the filtering is going to happen, it 

actually defines the type of filtering. The power of 

box filtering is one can write a general image filter 

that can do sharpen, emboss, edge-detect, smooth, 

motion-blur, etcetera. Provided approriate filter 

kernel is used.  

Now that I probably had wet your appetite 

let us see further the coolness of box filtering and its 

filter kernel. A filter kernel defines filtering type, but 

what exactly is it? Think of it as a fixed size small 

box or window larger than a pixel. Imagine that it 

slides over the sample image through all positions. 

While doing so, it constantly calculates the average 

of what it sees through its window. 

 
The minimum standard size of a filter kernel is 3x3, 

as shown in above diagram. Due to the rule that a 

filter kernel must fit within the boundary of sampling 

image, no filtering will be applied on all four sides of 

the image in question. With special treatment, it can 

be done, but what is more important than making the 

basic work first? Enough talk, lets get to the 

implementation asap! 

A box blur (also known as a box linear filter) is a 

spatial domain linear filter in which each pixel in the 

resulting image has a value equal to the average value 

of its neighboring pixels in the input image. It is a 

form of low-pass ("blurring") filter. A 3 by 3 box blur 

can be written as matrix  

 

Due to its property of using equal weights, it can be 

implemented using a much simpler accumulation 

algorithm, which is significantly faster than using a 

sliding-window algorithm.
[1]

  Box blurs are 

frequently used to approximate a Gaussian blur.
[2]

 By 

the central limit theorem, repeated application of a 

box blur will approximate a Gaussian blur. 

 
Fig4: window choice  

IV. EXPERIMENTAL RESULTS  

To demonstrate the effectiveness of the proposed 

scheme, eight pairs of human brain images, shown in 

Fig. 4, were considered. For simplicity, they were 

named as pairs I–VIII. The source images were of 

diverse origin and nature, as they were produced by 

different imaging sensors, such as CT, MRI, and 

SPECT; some of them are colored, while the others 

are not. Besides diversity, a few more points need to 

be specified here, regarding the images. 1) All the 

source images are of the same size, each containing 

256 × 256 pixels. 2) The gray images, including those 

of CT and MRI, were of 256-level gray scale, while 

the color images, such as those of SPECT, were in 

pseudocolor. 3) All the source images were properly 

registered. 4) They can be accessed and downloaded 

from the Harvard university site 

(http://www.med.harvard.edu/AANLIB/ home.htm). 

Because of the differences in imaging mechanism 

and environment, the images produced by different 

modals contain a lot of mutually complementary 

information. Therefore, it is expected that the fused 

image will offer much information for medical 

diagnosis and clinical operations. The effectiveness 

of the proposed fusion method was verified by 

comparing its performance with that of seven 

recently published methods, which are based on 

multiscale weighted gradient-based fusion (MWGF) 

[13], NSRCxWT [22], QPSO-PCNN [25], ASR [26], 

CSR [27], GFF [28], and CBF [29]. To ensure 

fairness in simulation experiments, the parameter 

settings of the above-cited seven techniques still 

follow the contents of the respective references. One 
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can get more information on these techniques by 

referring to related contents. As for the proposed 

schemes, namely, NSCT-LD and NSST-LD, the 

decomposition stages of both NSCT and NSST were 

set as 4 and the direction number from coarser to 

finer scales as (4, 8, 8, 16).  

 

 
 

PAIR 1 

 

 
Pair-2 

 

 
Pair 3 

 

 
 

Pair 4 
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V. CONCLUSION 

A novel fusion model for multimodal medical images 

of sensors is provided in this paper, based on LD in 

the non-sampled domain. For this paper, two 

conventional non-subsampled models, namely NSCT 

and NSST, are considered and compared in 

comparison to the methodology in previous 

references. This paper's key contributions can be 

summarized as follows. 1) For multimodal sensor 

medical images, which relies on the nonsubsampled 

scheme, a novel fusion framework is proposed. A 

series of simulation tests were performed under ideal 

and extreme conditions, and the methods based on 

the proposed scheme were found to be surprisingly 

superior to the current traditional methods in terms of 

both visual performance and objective assessment 

outcomes. 2) LD was found to be the only index to 

signal the Completion of low-frequency and high-

frequency sub-images fusion work. 3) Two typical 

non-sampled models were considered and compared, 

namely NSCT and NSST. 4) The proposed scheme 

has also been expanded to tackle multi-spectral 

fusion of multimodal clinical images, such as 

SPECT-TI / MRI and SPECT-Tc / MRI images. The 

researchers claim that the approach proposed has 

great potential to rectify and enhance image data, 

which in turn will increase the reliability of disease 

detection and diagnosis.  
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