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Abstract 

With the evolution of technology, the assistance of hi-tech computers in the medical field occasionally involves image 

fusion methods. Detection and diagnosis of a disease with a single image can be tedious and difficult for doctors but 

with the adaptation of medical image fusion, a path for additional improvements can be paved. In this paper, the 

authors have proposed a Ridgempirical transform where filter banks are fused, & classified using machine learning 

Technique.  The objective of this research is to implement different pre-processing techniques on CT-MR images of 

the same patient. The filter banks and spectrum are evaluated using Ridgelet Empirical Wavelet Transform (EWT) 

which was fused. The images are classified using Support Vector Machine. 89.5% and 86.5% of accuracy are obtained 

using top-hat and morphological transforms respectively. Authors have also tried other pre-processing techniques 

but the results employing top hat transform outperform the other techniques. To validate the proposed algorithm, 

the authors have used a fused CT-MR image which was pre-processed using the top-hat transform technique, and 

92.1% accuracy is observed.  
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Introduction 

Image Processing is a technique that plays different 

procedures on an image. The continuum from 

picture handling to PC vision can be separated into 

low-, mid-and significant level processes [1]. One of 

the main uses of image processing is image fusion. 

Image Fusion has been used in numerous 

applications. The fusion type in picture handling is 

multi-temporal, which perceives two unique points 

[2]. Different methods of picture combination can 

be delegated at three levels namely (a) pixel level, 

(b) decision level, and (c) feature level [3]. Pixel 

level procedures for picture combination 

straightforwardly incorporate the Information from 

input pictures for additional PC handling errands 

[4]. Features level strategies for image fusion 

involve the extractions of relevant features like 

pixel intensities, surfaces, or edges making 

strengthening blended highlights [5, 6]. Multi-view  

 

 

combination of images from a similar methodology 

and taken simultaneously however from various 

perspectives. Multi-temporal fusion of pictures 

taken at various times to identify changes between 

them or to orchestrate reasonable pictures of 

articles that were not captured in an ideal time. 

Multi-focus fusion of pictures of a 3D scene taken 

over and again with different central lengths. 

Multimodal combination of images coming from 

various sensors [7, 8]. 

Brain anomalies are categorized depending on the 

position and form of tissues, which aids in the 

diagnosis of cancerous or non-cancerous 

abnormalities [9]. Infections, bleeding, hemorrhage, 

epilepsy, and cancers are a few examples of brain 

defects. Anatomical imageries like Computed 

Tomography (CT), Magnetic Resonance Imaging 

(MRI), Single Photon Emission Computed 

Tomography (SPECT), and Positron Emission 

Tomography (PET) can aid with this [10]. 
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MRI and CT are among the most widely used 

radiology modalities for detecting 

neurodegenerative problems and diagnosing 

hemorrhage, acute stroke, and inflammation, with 

the assistance of image data processing [11]. The 

CT scans enable vital details with faster scanning, 

making them more useful for detecting hemorrhage 

and stroke. Note that in other modalities, for 

example, MR, a single series can contain multiple 

planes of reconstruction (e.g., multiplanar 

localizers) but this is not the case in CT. The four 

commonly used MRI modalities are T1-weighted 

(T1), T2-weighted (T2), T1-weighted with 

gadolinium contrast enhancement (T1-ce), and 

Fluid Attenuated Inversion Recovery (FLAIR) [12] 

as shown in Fig 1.  

 

 
(b)  (c)  (d) 

Fig 1: Brain images with various slices (a) T1  (b) T1 ce  (c) Flair (d) T2 

 

A few exploration works have been done over the 

most recent twenty years in the field of clinical 

picture combination. In [13] synopsis of the much 

comprehensively used pixel-level picture 

combination techniques and comments about the 

general characteristics and downsides are 

presented. Explicit pressure was set on multiscale-

based strategies. Barely any executions gauge 

functional for pixel-level picture blends was also 

tended to. Singh and Khare[14] proposed a 

Repetitive Wavelet change (RWT and R-DWT) for 

the picture combination technique in the 

multimodal clinical pictures. In their technique, 

they found that the shift-invariance of the R-DWT 

produces quality picture combinations on CT, MRI, 

and PET clinical pictures, and the outcomes were 

drawn utilizing shared data and strength 

measurements [15]. An upgraded multimodality 

clinical picture combination was proposed by 

Bhateja et al. [16], that additionally involved a 

multiscale joint disintegration system (MJDF) and 

shearing channel (SF). The last combination results 

were acquired by directional coefficients and the 

union of the intertwined low-pass layers, showing 

further developed picture combinations in the 

clinical space. As indicated by Bhatnagar et al. [17], 

strategies for picture combination are for the most 

part dependent on a multi-goal examination (MRA) 

that is fit for decaying pictures into different areas 

at assorted measures. In their paper, they 

presented a combination framework because of 

wavelet change that melded clinical CT and MRI 

pictures as per the MRA norms, utilizing difference 

and modulus maxima as two quality significant 

parts. Their tests were generally uplifting and 

created outcomes for picture combinations that 

were quantitatively and quantitatively gotten to the 

next level. In [18] uniform-based picture 

combination calculation was introduced where the 

information pictures were partitioned into blocks. 

The perfection of each square is registered using 

the difference between the squares. Also, unique 

pixel-based calculations were tried and  Peak Signal 

to Noise Ratio (PSNR) is used as an evaluation 

parameter. Kusuma and Murthy [19] utilized 

coordinated various information sources including 

multimodal clinical pictures, presuming that 

picture combination sturdily further develops the 

data content and unwavering quality. Practically 

intertwined multimodal pictures ought to be 

liberated from any antiquities. In addition, it should 

not wipe out any relevant data from the first 

information. In their paper, another method called 

Shearlet Transform (ST) is utilized on pictures by 

utilizing the Singular Value Decomposition (SVD) 

for the improvement of picture data substance. In 

[20] the specialists suggested a staggered 

combination of clinical pictures using wavelet 

change. In his proposition, the locales are 

fragmented and utilized as essential highlights for 

the portrayal and recovery of information amid 

pictures and a district contest-based level set 

division as opposed to wavelet change. 

Different diseases occur due to various disorders 

that affect the blood supply, or blood vessels to the 

brain. Brain image fusion presumes a dynamic job 

in medical imaging applications by helping the 

radiologists for detecting the variation in CT and 

MR images. The different picture combinations of 

CT and MR images of the brain have been executed 
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and are assessed for the proposed algorithm. In this 

paper, the authors have proposed the 

Ridgempirical Transform technique. In this 

technique effects of various pre-processing 

techniques were analyzed on the CT and MR brain 

images. Ridgelet Empirical Wavelet Transform 

(EWT) is used to extract the filter banks which are 

fused by the discrete wavelet transform (DWT) 

technique. The images are reconstructed by 

applying Inverse EWT and the Support Vector 

Machine (SVM) is applied as a classification 

algorithm. The authors have worked on an online 

dataset of the same patient but will try for real-time 

images. To validate the proposed model authors 

have used fused CT-MR images. 

 

The paper comprises as: section 2 explains the 

methods where pre-processing techniques are 

applied to CT & MR images. Different filter banks 

are evaluated using Ridgelet EWT and are fused & 

classified. Section 3 shows the results of the effect 

of pre-processing, fused filter banks, and 

classification. Section 4 explains the concluding 

remarks followed by future work. 

 

Methodology  

In this paper, the authors have suggested an 

algorithm “Ridgemprical Transform” which are 

shown in Fig 2.  

 

 

 
Fig 2: Ridgemprical Transform 

 

 

The four techniques namely plaw, polynomial, 

morphological, and top-hat transforms are used to 

preprocess the CT and MR images used for the 

detection of brain tumors. The Ridgelet EWT [21, 

22]filter banks were extracted which were fused 

for different pre-processed images. The DWT is 

used as the fusion algorithms [23 -26] which were 

reconstructed and classified using a Machine 

learning algorithm [27, 28, 29]. For the analysis, the 

online Kaggle dataset 

https://www.kaggle.com/datasets/darren2020/ct-

to-mri-cgan has been used. All the simulations were 

carried out in MATLAB 2019b software. 

Pre-processing is the initial step of Image 

processing to improve the quality of the images. 
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This process helps in removing the noise, 

eliminating variations that occur due to the 

acquisition of an image, improve classification 

accuracy. The testing and training time increases 

for the large dataset, to improve such a problem the 

unnecessary data was removed.  There are different 

types of pre-processing techniques but in this 

paper, the authors have used plaw, polynomial, 

morphological and top-hat transforms. Polynomial 

Fitting is a capable technique.  It works by fitting 

the values in each instance attribute with a 

polynomial and then stretching the resulting 

polynomial to fit the largest-sized data piece. Like 

for  10 data values (0, 𝑣0 ), (1, 𝑣1 ), … , (09, 𝑣09) ; 

9th coefficient of degree [0, 9]  unique polynomial 

is solved as 𝑓(𝑥) = 𝑎. 𝑥09 + 𝑏. 𝑥08 + 𝑐. 𝑥07 + ⋯ + 𝑤. 𝑥2 + 𝑦. 𝑥1 + 𝑧. 𝑥0 given that 𝑓(0) = 𝑣0 , 𝑓(1) = 𝑣1 … 𝑓(09) = 𝑣09. In the Morphological approach, closing 

and opening transforms are employed to segregate 

dark (closing) and bright (opening) in images. Top-

hat transformation is an operation that extracts 

details and elements from an image. White and 

black are two different types of top hat transforms. 

The black top-hat transform is the difference 

between the closing and the input image while the 

white top-hat transform is it's dual. EWT breaks 

down an image or signal or a picture on wavelet 

tight approaches that are constructed adaptively. 

The vital benefit of this experimental methodology 

is to hold together some data that ought to be 

spitted on account of channels [30]. This property 

of EWT is utilized in the fusion of images 

combination to work on the value of the 

intertwined picture. In EWT, a bunch of wavelets is 

worked by adaption from the handled sign. There 

are four categories of EWT technique, ridgelet 

wavelet transform was used in this paper. The 

evaluation of filter banks is shown in Fig 3. 

 

 

 
 

Fig 3: Steps for Ridgelet EWT 

 

The filter banks are fused [31, 32] using Ridgelet 

EWT which was classified using the Machine 

learning technique [33]. Machine learning is useful 

for pattern recognition, if allowed access to patient 

data; it can notice patterns that would be missed by 

human doctors, which could be used to predict if a 

person is at risk for a disease that would not have 

been anticipated by a doctor. 

 

Results and Discussion  

Image processing is a technique that converts the 
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image into digital form so that useful 

informationcan be extracted, the enhanced image 

can be obtained, and different operations can be 

performed. Different transformations like 

sharpening, smoothening, stretching, and 

contrasting are applied to the input image. In this 

paper, the authors have used CT and MR brain 

images from an online dataset. The brain is a many-

layered many-noded recurrent neural 

network. Recurrent here is used in 

contradistinction to feed-forward and indicates 

that once the network transforms its inputs, the 

transformed result can be fed back through the 

network and further modify the network. The brain 

is wired so that firing patterns are transmitted in 

both directions between various neural structures. 

The images were pre-processed using four different 

techniques namely poly, plaw, morphological and 

top-hat transforms. Authors have worked on 

different images of the data set. Due to the 

constraint of space authors have shown the results 

of  5 images only. Figs 4 and 5 show the filter banks 

and spectrum of five MR and CT images for 

different pre-processing techniques respectively. 

The image boundaries of CT and MR images for 

various pre-processing techniques using Ridgelet 

EWT are evaluated and tabulated in Table 1. 
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Fig 4: Filter banks and spectrum of MR images for different pre-processing techniques 
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Fig 5: Filter banks and spectrum of CT images for different pre-processing techniques 
 

 

Table 1: Image boundaries of CT-MR images 
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Table 1 tabulates the image boundaries of 

Individual CT and MR images considering various 

pre-processing techniques. In the table when no-

pre-processing is applied, plaw, poly, and morpho 

transform results have been tabulated. Likewise for 

top-hat transforms results have been evaluated. 

The filter banks of CT and MR images are fused and 

some of the combinations are shown in Fig 6.  

 

CT1-MR1 CT2-MR2 CT3-MR3 

 
  

CT4-MR4 CT5-MR5 

 
 

Fig 6: Fused Filter bank of CT & MR image

  

The images are classified using an SVM classifier and the accuracy is tabulated in Table 2. 

 

Table 2: Evaluation parameters for various pre-processing techniques 

Pre-processing Technique     Accuracy 

None 79.4% 

Plaw 80% 

Polynomial 82.6% 

Morphological 86.5% 

Top-hat 89.5% 

 

89.5% accuracy is obtained using the Top-hat pre-

processing technique with SVM classification which 

results in a better place for other pre-processing 

techniques. 11.5% improvement has been achieved 

when no pre-processing technique is applied over 

the top-hat transform. The authors have validated 

the proposed algorithm by considering the fused 

CT-MR image, which is pre-processed using the top-

hat pre-processing technique, evaluated its filter 

banks, and classified using SVM. 92.1% accuracy is 

obtained for the fused CT-MR image. 

 

 

Conclusion and Future Work 

Image processing is used for analyzing and 

manipulating images to improve their quality. 

Imageprocessing let us know about exact quality of 

the image just by giving some important data that is 

pixel and co-ordinate of the image.  Medical image 

fusion is the most common way of blending various 

pictures from numerous imaging modalities to 

acquire an intertwined picture with a lot of data for 

expanding the clinical materialness of clinical 

pictures. In this paper, the authors have used CT & 

MR images of the brain considered from the online 

dataset. The different pre-processing techniques 
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were applied to the images and their filter banks 

and spectrum were evaluated. The filter banks are 

evaluated for Ridgelet EWT which was fused and 

classified using SVM. 89.5% accuracy is obtained by 

employing the top-hat transform technique. 11.5% 

improvement has been achieved when no pre-

processing technique is applied over the top-hat 

transform. The authors validated the model on the 

fused CT-MR images and 92.1% accuracy is 

obtained. In the future author will try other EWT 

techniques and classification algorithms. 
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