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Abstract— Fused Medical image of different modalities produces more explanatory image compared to the input images 

considered separately. This is useful for the medical practitioners for better treatment planning for the patient. In this paper we 

have experimented with various mathematical transforms to fuse Computed Tomography (CT) and Magnetic Resonance 

imaging (MRI) scans of lumber spine. CT images mainly depict more information related to bones of the scanned body part 

whereas MR images provide the details of soft tissues more clearly. CT and MR images have been aligned / registered with 

each other to achieve better fusion output. Ten cases have been considered for generating the image datasets for experiments. 

All the fused results are compared using four quantitative quality assessment parameters: entropy, standard deviation, fusion 

factor and fusion symmetry and also by qualitative way. Quantitative and qualitative assessment indicates that fused images 

generated by fast walsh hadamard transform carry symmetrically good amount of information from both images and of good 

contrast. These images can be used for better patient treatment planning by medical practitioners. 
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I. INTRODUCTION  

Medical Image Analysis Software Market is 

anticipated to grow rapidly due to increasing chronic diseases 

[online Grand View Research May 2018]. ‘Medical image 

fusion’ is developing branch of ‘medical image analysis’ 

which deals with integrating relevant information  presented 

in multiple medical images into one image which is more 

informative than input images. There are multiple Mono-

modal and multi-modal images available of the same body 

part. These images of the same body part can be fused. 

Mono-modal images are fused to observe pre and post-

operative difference in the image scans. Multi-modal images 

are fused when single modality image does not help 

clinicians in taking diagnostic decisions. Computed 

Tomography (CT) scans provide information about bone 

structures/ alignment. Magnetic Resonance Image (MRI) 

scans provide soft tissue details. So the fused image of CT 

and MR scanned images depicts both bones and soft tissues 

details. CT and MR images are captured using different 

image acquisition devices, at different times with different 

viewpoints. This presents the unaligned images of different 

modalities. This is why the process of ‘registration’ needs to 

be performed on input CT and MR images to bring them into 

same pixel coordinated position. This helps for better fusion 

of multiple images of different modality. In recent times, 

many researchers have worked on ‘image fusion’ in general 

[2]. Image fusion is done on three levels: pixel, feature and 

decision. In Pixel level fusion original pixel intensities are 

fused.  Feature level fusion- objects are fused based on 

extracted features. Decision level fusion techniques are 

mostly based on fuzzy logic. Pixel level fusion techniques 

are of two types: spatial domain and frequency domain. 

Spatial domain advocates the fusion of the original pixel 

values of images. There are various spatial domain 

approaches such as Averaging, minimum, maximum, min-

max, block replace [3,4],  weighted average [5], HIS [6], 

Brovey [7], principal component analysis (PCA) [8] and  

guided filtering [9]. Spatial domain techniques suffer from 

low contrast or colour distortion. Frequency domain 

techniques are divided into two types: Fusion based on 

pyramids [10-17] and fusion based on discrete image 

transforms. Fused image generated by pyramid based 

methods carry blocking effect. These images sometimes 

carry redundant information also. Frequency domain fusion 

techniques are based on wavelets [18-21], stationary 

wavelets [22-24], Kekre’s wavelet transform (KWT) [25,26], 

Kekre’s Hybrid Wavelet Transform (KHWT) [27-29]. 

Wavelet based methods provide better results than pyramid 

based fusion. Localization and multi-directional features of 

wavelet transform make it superior to pyramid transform. 

But discrete wavelet transform has two major shortcomings - 

shift variance and lack of directionality [30]. The dual tree 

complex wavelet transform (DT-CWT) came into existence 
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to deal with the shortcomings of wavelet transform. DT-

CWT is shift invariant. It is also applied for image fusion 

[31]. Curvelets transform is also used for fusion [32] to show 

curves and edges more accurately. Contourlet transform can 

easily extract geometrical structure from the images [33]. But 

it is not shift-invariant. The non-subsampled Contourlet 

transform (NSCT) [34] is more time consuming. In recent 

years, Shearlet transform [35], edge-preserving filtering [36-

38], anisotropic heat diffusion [39], log-Gabor transform 

[40], and support value transform [41-42] also have been 

applied for multi scale decomposition based fusion. Outcome 

of all wavelet based fusion techniques depend on the number 

of decomposition levels.  Lessor number of decomposition 

levels does not guarantee spatial quality of the fused images. 

Excessive number of decomposition levels may increase 

execution time and decrease performance.  DCT transform 

has also been applied to perform pixel based image fusion 

[43] but it is not compared with performance of other image 

fusion methods. Also none of the authors have used discrete 

image transforms other than DCT to perform fusion.  In this 

paper we have used Fast Fourier Transform, Discrete Sine 

Transform,  Discrete Slant transform,  Fast Walsh Hadamard 

Transform  and Discrete Hartley Transform to fuse CT and 

MR scans of lumbar spine images. Performances of fusion 

achieved after applying these transforms are compared both 

subjectively (by the designated medical practitioner expert) 

and objectively with other fusion methods. All fusion 

algorithms have been experimented with ten patient cases. 

The cases are taken from dataset1 of ‘SpineWeb’ which is 

publicly available online [44].  This paper is organized as 

follows: Section II gives explains image fusion using various 

mathematical transforms. Section III discusses and analyses 

the various results obtained from each experiments 

conducted. Section IV gives closing remark as conclusion. 

Section V shows acknowledgement.  

 

II. FUSION USING IMAGE TRANSFORMS 

In this paper Fast Fourier transform (FFT), Discrete cosine 

transform (DCT), Discrete sign transform (DST), Discrete 

Hartley Transform (DHT),  Slant Transform   and  Fast 

Walsh-hadamard transform (FWHT) are used to perform 

fusion. Figure 2 demonstrates the method ‘fusion using 

discrete transforms’. Both the input images are passed 

through pre-processing stage where contrasts of both the 

images are enhanced using contrast limited adaptive 

histogram equalization technique. In the second stage of 

‘registration’, CT image is aligned with MR image using 

control point based registration technique. In all the image 

pairs that are considered for fusion, CT images cover lesser 

part of the spine as compared to MR images. Because of this 

MR image is considered as fixed image and CT image is 

treated as moving image. Using Control point based 

registration technique; user has to select manually matching 

landmark points from fixed and moving images. From the 

positions of these control points, a geometric transformation 

is inferred. This geometric transformation is then applied on 

moving image to bring both the images in same pixel 

coordinated position. Control point based registration 

technique is useful when prioritization of the alignment of 

specific features is necessary. While registering two multi-

modal lumbar spine images, we can focus on the alignment 

of vertebrae, disc and spine while selecting control points. In 

the third stage, MR image and registered CT image are 

transformed into frequency domain using six transforms. 

Fused image of CT and MR images is expected to show soft 

tissues as well as bone structures. So, ‘Average’ fusion rule 

is used to fuse two transformed images. Appropriate inverse 

transform is invoked in the end to get the fused image. All 

the methods have been tested on ten patient cases from 

dataset1 of ‘SpineWeb’ [44] wherein all the images are of 

size 512×512. 

 

Figure 1: Fusion of CT and MR images 

 

III. RESULTS AND DISCUSSION 

We have compared results obtained by our method with 

other well-known approaches for fusion namely Principal 

component analysis (PCA) [8], Stationary Wavelet 

Transform (SWT) [22-24], Discrete Cosine Transform-

Laplacian Pyramid (DCT-LP) [11],   Discrete Wavelet 
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Transform (DWT)[18] and Dual tree complex wavelet 

Transform (DT-CWT) [31].  

A. Experimental settings and dataset 

All the fusion methods have been experimented with ten CT 

and T2 weighted MR image pairs of different patients’ cases 

within the age group of 30 to 60 years, male and female. All 

the images are of size 512×512. Table 1 shows the lumber 

spine disorders that these 10 patients suffer from. Two 

different images can be fused only if the images are aligned 

with each other. Therefore we have aligned CT image with 

MR image for every case using control point based 

registration technique.  

 

B. Experimental results 

Fused images obtained using all the methods are presented in 

this section. We have shown results in visual form for only 

two cases and in tabular form for ten cases.  

 

Table 1: Case Details 

Case No. Type 

1 Prolapse Disk, Disk thinning, Bulging Disk 

2 Spondylolisthesis, Degenerative disk and 

osteophyte 

3 Spinal stenosis, disk thinning, herniation, 

osteophyte formation 

4 Spondylolisthesis 

5 Disk Herniation 

6 Degenerative disk, Osteophyte 

7 Spinal stenosis, Disk Herniation 

8 Disk thinning, Disk Herniation 

9 Osteophyte formation 

10 Osteophyte formation 

 

Fig. 2 shows fusion results for case 1. Fig. 3 shows fusion 

results for case 2. Fused images of ten cases have been 

evaluated visually by well-known orthopaedic surgeon for 

qualitative assessment.  If two fused images are similar, our 

eyes cannot decide which image is better. So, we have also 

added quantitative assessment by evaluating all fused results 

using four quality parameters: entropy (E), standard 

deviation (SD), fusion factor (FF) and fusion symmetry (FS) 

[8]. Entropy gives information about information content in 

the image. High value of entropy indicates high information 

content. Standard deviation (SD) gives information about 

contrast in the image. High value of standard deviation 

indicates high contrast.  Both fusion factor and fusion 

symmetry are based on mutual information between source 

images and fused image. A high value of fusion factor 

indicates that it has relatively good amount of information 

from both images. Fusion symmetry (FS) gives information 

about degree of symmetry in the information content from 

two input images. Fusion symmetry should be as low as 

possible. Values of these parameters, for all the methods, are 

tabulated in Tables 2–11, corresponding to all CT and MR 

image pairs used in our experiments. The best results in each 

table are highlighted in bold face. To understand the 

difference in fused results obtained using all the methods, we 

have used bar chart to represent quality parameters values.  

C. Analysis and Observations 

 From tables 2- 11, we could observe that DT-CWT has 

shown highest entropy ( E) values for all the 10 patient 

cases which indicates that fused image generated by DT-

CWT holds highest amount of information as compared 

to other methods. Apart from DT-CWT, DCT-LP and 

PCA are other two methods which have shown entropy 

values very near to the entropy values of DT-CWT. But 

at the same time fused images shown by DT-CWT and 

DCT-LP are low contrast images which make them 

difficult to interpret. 

 From tables 2- 11, we could observe that DT-CWT 

which has shown highest entropy values for all ten cases 

has shown worst standard deviation values for 9 cases. 

This indicates that even though DT-CWT fused images 

carry some information because of low contrast the 

fused images become unusable. PCA has shown best SD 

values for cases 1,3,5,6 and 7. Fast Walsh hadamard 

transform has shown best SD values for cases 2 and 8. 

Slant transform has shown best SD values for cases 9 

and 10. However SD values of DFT, DCT, DST, Slant, 

fast wash hadamard and Hartley transforms have shown 

almost same values. That means fused images shown by 

all basic transforms and PCA are good contrast images. 

 From tables 2- 11, we could observe that Fast Walsh 

Hadamard Transform has shown best fusion factor (FF) 

values for cases 1, 2 4,7,8,9 and 10. PCA has shown best 

FF values for cases 3, 5 and 6. Fusion factor values of 

DFT, DCT, DST, Slant, Hartley transform and PCA are 

very near to the values of fast walsh hadamard 

transform. FF values of DT-CWT are worst for all ten 

cases. Values of DCT-LP are also near to values of DT-

CWT. This indicates that FWHT and sometimes PCA 

carry relatively good amount of information from both 

the images as compared to other transforms. DT-CWT 

and DCT-LP do not hold information from both the 

images. 
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Figure 2: a)MR image, b)CT Image, c) Registered CT image, d)DFT fused image, e)DCT Fused image, f)DST Fused Image, 

g) Slant Fused Image, h)Fast Walsh-Hadamard Fused Image, i)Hartley Fused Image, j)PCA Fused Image, k) SWT Fused Image, 

l) DCT-LP Fused Image, m)DWT Fused Image, n)DT-CWT Fused Image. 

 

 

 

 

 

 

 



   International Journal of Computer Sciences and Engineering                            Vol.6(7), Jul 2018, E-ISSN: 2347-2693 

  © 2018, IJCSE All Rights Reserved                                                                                                                            326 

 
a 

 
b 

 
C 

 
d 

 
e 

 
f 

 
g 

 
h 

 
i j 

 
k 

 
l 

 
m 

 
n 

 
 

 

Figure 3: a)MR image, b)CT Image, c) Registered CT image, d)DFT fused image, e)DCT Fused image, f)DST Fused Image, g) 

Slant Fused Image, h)Hadamard Fused Image, i)Hartley Fused Image, j)PCA Fused Image, k) SWT Fused Image, l) DCT-LP 

Fused Image, m)DWT Fused Image, n)DT-CWT Fused Image. 
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Table 2:Case1- Quantitative assessment  

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 7.2571 10.0439 7.3334 0.0327 

DCT 7.2569 10.0393 7.3300 0.0331 

DST 7.2563 10.0379 7.3374 0.0330 

Slant 7.2562 10.0365 7.3345 0.0329 

FWHT 7.2514 10.0529 7.4098 0.0284 

Hartley 7.2540 10.0380 7.3392 0.0331 

PCA 7.2704 10.1070 7.2741 0.0562 

SWT 7.2699 10.0977 7.0455 0.0587 

DCT-LP 7.2800 10.0972 6.3453 0.0742 

DWT 7.2583 10.0878 6.9819 0.0627 

DT-CWT 7.3567 9.7041 4.6166 0.0890 

Table 3: Case2- Quantitative assessment 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 6.8544 10.6109 7.3802 0.0432 

DCT 6.8536 10.6009 7.3784 0.0443 

DST 6.8536 10.6057 7.3799 0.0443 

Slant 6.8540 10.6059 7.3727 0.0437 

FWHT 6.8547 10.6187 7.4004 0.0420 

Hartley 6.8535 10.6059 7.3741 0.0437 

PCA 6.9010 10.4020 7.1275 0.0630 

SWT 6.8961 10.5889 6.9196 0.0496 

DCT-LP 7.0458 10.5921 5.9352 0.0622 

DWT 6.8822 10.5709 6.8854 0.0554 

DT-CWT 7.2323 10.1969 4.4105 0.0525 

Table 4: Case 3- Quantitative assessment 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 7.0922 9.6330 6.8979 0.0716 

DCT 7.0918 9.6936 6.9237 0.0706 

DST 7.0907 9.7022 6.8993 0.0719 

Slant 7.0920 9.7038 6.9140 0.0712 

FWHT 7.0866 9.6434 6.9532 0.0677 

Hartley 7.0891 9.7002 6.8938 0.0719 

PCA 7.1746 9.7849 7.1929 0.1048 

SWT 7.1236 9.7032 6.5931 0.0877 

DCT-LP 7.1347 9.7040 6.1754 0.1143 

DWT 7.1153 9.6969 6.8095 0.1068 

DT-CWT 7.1931 9.2872 4.4758 0.0882 

 

 

Table 5: Case 4-- Quantitative assessment 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 6.5697 9.4201 8.5184 0.0293 

DCT 6.5693 9.4157 8.5197 0.0296 

DST 6.5692 9.4180 8.5044 0.0304 

Slant 6.5696 9.4180 8.5082 0.0300 

FWHT 6.5681 9.4249 8.5710 0.0268 

Hartley 6.5696 9.4175 8.5106 0.0302 

PCA 6.6411 9.3853 8.3848 0.0531 

SWT 6.6261 9.4262 7.9987 0.0414 

DCT-LP 6.6909 9.4199 7.1243 0.0597 

DWT 6.6243 9.4561 7.9195 0.0496 

DT-CWT 6.7366 9.1548 5.4836 0.0379 

Table 6: Case 5-- Quantitative assessment 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 6.7175 10.1000 5.5947 0.0304 

DCT 6.7204 10.0807 5.6243 0.0329 

DST 6.7158 10.0909 5.5941 0.0303 

Slant 6.7169 10.0940 5.6012 0.0305 

FWHT 6.7116 10.1083 5.6413 0.0325 

Hartley 6.7128 10.0864 5.5924 0.0295 

PCA 6.7938 10.2613 5.6916 0.0141 

SWT 6.7703 10.0885 5.3445 0.0125 

DCT-LP 6.9100 10.0902 4.8182 0.0017 

DWT 6.7792 10.0792 5.3228 0.0058 

DT-CWT 7.1555 9.8338 4.5891 0.0053 

 

Table 7: Case 6-- Quantitative assessment 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 7.4581 10.2283 5.7224 0.0058 

DCT 7.4572 10.2031 5.7442 0.0076 

DST 7.4564 10.2131 5.7117 0.0048 

Slant 7.4569 10.2166 5.7152 0.0050 

FWHT 7.4571 10.2415 5.7901 0.0115 

Hartley 7.4563 10.2134 5.7137 0.0052 

PCA 7.6294 10.5483 8.3313 0.1681 

SWT 7.5121 10.2073 5.5691 0.0574 

DCT-LP 7.5374 10.2144 4.4160 0.1017 

DWT 7.4979 10.2627 5.4477 0.0698 

DT-CWT 7.6622 10.3523 3.3991 0.1278 
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Table 8: Case 7-Quality Parameters 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 7.4751 9.9833 9.9482 0.0014 

DCT 7.4745 9.9733 9.9531 0.0013 

DST 7.4743 9.9773 9.9509 0.0014 

Slant 7.4744 9.9798 9.9515 0.0015 

FWHT 7.4748 9.9887 9.9550 0.0020 

Hartley 7.4744 9.9770 9.9481 0.0015 

PCA 7.5205 10.0105 9.7444 0.0027 

SWT 7.5327 9.9629 9.5081 0.0012 

DCT-LP 7.5504 9.9611 7.9761 0.0077 

DWT 7.5050 9.9306 9.4392 0.0066 

DT-CWT 7.6285 9.9196 5.5777 0.0131 

 

Table 9: Case 8-Quality Parameters 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 7.2646 9.4550 10.0127 0.0080 

DCT 7.2655 9.4591 10.0148 0.0080 

DST 7.2650 9.4554 10.0129 0.0080 

Slant 7.2655 9.4571 10.0156 0.0080 

FWHT 7.2666 9.4628 10.0323 0.0086 

Hartley 7.2652 9.5035 10.0142 0.0080 

PCA 7.3063 9.4591 9.7565 0.0074 

SWT 7.3117 9.4600 9.6437 0.0046 

DCT-LP 7.3640 9.4565 8.6159 0.0038 

DWT 7.3121 9.4987 9.6046 0.0042 

DT-CWT 7.4364 9.1987 7.3804 0.0081 

 

Table 10: Case 9-Quality Parameters 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 7.3891 9.6470 11.8175 0.0392 

DCT 7.3895 9.6467 11.8073 0.0393 

DST 7.3890 9.6427 11.8108 0.0394 

Slant 7.3882 9.6531 11.4940 0.0410 

FWHT 7.3875 9.5981 11.8218 0.0386 

Hartley 7.3882 9.6520 11.4979 0.0411 

PCA 7.4117 9.5497 11.3186 0.0473 

SWT 7.3986 9.6478 10.9609 0.0465 

DCT-LP 7.4072 9.6439 9.8501 0.0621 

DWT 7.3997 9.6170 10.9591 0.0527 

DT-CWT 7.4422 9.4694 7.5139 0.0666 

 

Table 11: Case 10-Quality Parameters 

Method 
Entropy 

(High) 

Standard 

Deviation 

(High) 

Fusion 

Factor 

(High) 

Fusion 

Symmetry 

(Low) 

DFT 6.7147 9.4719 9.9852 0.0180 

DCT 6.7139 9.5168 9.9771 0.0183 

DST 6.7142 9.5187 9.9794 0.0183 

Slant 6.7143 9.5190 9.9783 0.0183 

FWHT 6.7152 9.4741 9.9929 0.0179 

Hartley 6.7143 9.5186 9.9779 0.0183 

PCA 6.7221 9.4508 9.7621 0.0312 

SWT 6.7491 9.5051 9.5815 0.0218 

DCT-LP 6.7639 9.4988 8.5997 0.0262 

DWT 6.7292 9.4824 9.5756 0.0280 

DT-CWT 6.7957 9.1746 6.7468 0.0215 

 

 From tables 2- 11, we could observe that Fast Walsh 

Hadamard Transform has shown best fusion 

symmetry (FS) values for cases 1,2,34,9, and 10. In 

all other cases values of FWHT are very near to the 

best FS values. Fusion symmetry values of DFT, 

DCT, DST, Slant, and Hartley transform and PCA are 

very near to the values of fast Walsh hadamard 

transform.  

 For qualitative analysis the results were shown to 

well-known orthopaedic surgeon. He has observed 

that all ten cases cover various lumber spine 

disorders. Fused images obtained using SWT, DWT, 

DCT-LP and DT-CWT are low contrast images as 

compared to other methods. Performance of all other 

transforms DFT, DCT, DST, Slant, FWHT, Hartley 

and PCA are comparable. Particularly FWHT fused 

images can be used for further treatment planning. 

 

IV.   CONCLUSION 

In this paper, we have used six discrete image transforms: 

DFT, DCT, DST, Slant, fast walsh, hadamard transform 

and Hartley transform to fuse CT and MR images for 

lumber spine disorders. The performance of these 

transforms are compared with other well-known fusion 

methods viz. PCA , SWT, DWT, DCT-LP and DT-CWT 

using quantitative and qualitative ways. For quantitative 

evaluation we used four parameters: entropy, standard 

deviation, fusion factor and fusion symmetry.  It has been 

observed that fused images obtained using SWT, DWT, 

DCT-LP and DT-CWT are low contrast images as 

compared to other methods because of which both bony 

details and soft tissues cannot be clearly seen in fused 

images of these methods. Fused images generated by 

DFT, DCT, DST, slant, FWHT, Hartley and PCA are 

good contrast images. DT-CWT and DCT-LP do not carry 

information from both the images. Performance of DFT, 

DCT, DST, Slant, FWHT, and Hartley are comparable to 
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PCA. Particularly FWHT and sometimes PCA fused 

images carry symmetrically good amount of information 

from both the images as compared to other transforms.  In 

all fusion factor, fusion symmetry, entropy and standard 

deviation help us in making the decision that fused image 

generated using FWHT can show maximum amount of 

information from both the images clearly. It also has good 

contrast which makes the image suitable for further 

treatment planning. 
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