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Abstract: 

 Multimodal Satellite image fusion is triggered to minimize the overabundance while augmenting the necessary information from the 

input images acquired using different imaging sensors. The sole aim is to yield a single fused image, which could be more informative 

for an efficient scene changed analysis. This paper presents multimodal fusion framework using the non-sub-sampled Contour let 

transform (NSCT) domains for images acquired using two distinct Hyper Spectral and Multi Spectral Images. The major advantage of 

using NSCT is to improve upon the shift variance, directionality, and phase information in the finally fused image. The first  stage 

employs a NSCT domain for fusion and then second stage to enhance the contrast of the diagnostic features by using Guided filter. A 

scene changed detection using Clustering technique. A quantitative analysis of fused images is carried out using dedicated fusion 

metrics. The fusion responses of the proposed approach are also compared with other state-of-the-art fusion approaches; portraying 

the superiority of the obtained fusion results. 
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1. INTRODUCTION:- 

 

Image Fusion is the process of combining relevant information 

from two or more images into a single image. The fused image 

should have more complete information which is more useful for 

human or machine perception. The resulting image will be more 

explanatory than any of the input images.  

 

 
Figure.1. Basic diagram of image fusion 
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Change detection techniques for space borne SAR data have not 

yet been fully explored. Change detection techniques for SAR 

data can be divided into several categories, each corresponding 

to different image quality requirements. In a first category, 

changes are detected based on the temporal tracking of objects or 

stable image features of observable geometrical shape. Absolute 

calibration of the data is not required, but the data must be 

rectified from geometric distortions due to differences in imaging 

geometry or SAR processing parameters, and the accurate spatial 

registration of the multidate data is essential. Combining 

information captured from multiple sensors has become very 

popular in many signal and image processing applications. Two 

reasons are there in the case of earth observation. The first one is 

that the fusion of the data produced by different types of sensors 

provides integral which overcomes the limitations of a specific 

kind of sensor. The other reason is that, often, in operational 

applications, the user does not have the possibility to choose the 

data to work with and has to use the available archive images or 

the first acquisition available after an event of interest. This is 

particularly true for checking applications where image 

registration and change detection approaches have to be 

implemented on different types of data. A multispectral 

image is one that seizures image data at specific frequencies 

across the electromagnetic spectrum. The wavelengths may be 

separated by filters or by the use of instruments that are sensitive 

to particular wavelengths, including light from frequencies 

beyond the visible light range, such as infrared. Spectral 

imaging can allow derivation of added information the human 

eye fails to seizure with its receptors for red, green and blue. It 

was originally developed for space-based imaging. Multispectral 

images are the main type of images acquired by remote 

sensing (RS) radiometers. A Hyperspectral image assembles 

and processes information from across the electromagnetic 

spectrum. The goal of hyperspectral imaging is to obtain the 
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spectrum for each pixel in the image of a scene, with the purpose 

of finding objects, identifying materials, or detecting processes. 

Panchromatic images are single band images generally 

displayed as shades of gray. Thus, intensity of the images may 

not be visible clearly here. So we are using Multi and Hyper 

spectral images to get the clear view of the images. 

 

2.LITERATURE SURVEY ANALYSIS:- 

 

Classification of Hyperspectral Data Using an AdaBoost 

SVM Technique Applied on Band Clusters  

Supervised classification of hyperspectral image data using 

predictable statistical classification methods is difficult because a 

plenty number of training samples is often not available for the 

wide range of spectral bands. In addition, spectral bands are 

usually highly correlated and contain data redundancies because 

of the short spectral distance between the adjacent bands. To 

concentrate on with these restrictions, a multiple classifier 

system based on Adaptive Boosting (AdaBoost) is proposed and 

evaluated to classify hyperspectral data. In this method, the 

hyperspectral datasets are first split into several band clusters 

based on the similarities between the contiguous bands. In an 

AdaBoost classification system, the surplus and non-informative 

bands in each cluster are then removed using an optimal band 

selection technique. Next, a support vector machine (SVM) is 

applied to each refined cluster based on the classification results 

of previous clusters, and the results of these classifiers are fused 

using the weights obtained from the AdaBoost processing. 

investigational results with standard hyperspectral datasets 

clearly reveal the superiority of the proposed algorithm with 

respect to both global and class accuracies, when compared to 

another ensemble classifiers such as simple majority voting and 

Naïve Bayes to combine decisions from each cluster, a standard 

SVM applied on the selected bands of entire datasets and on all 

the spectral bands. More specifically, the proposed method 

performs better than other approaches, especially in datasets 

which contain classes with greater complexity and fewer 

available training samples. 

 

Spectral–Spatial Classification of Hyperspectral Images 

Based on Hidden Markov Random Fields 

Hyperspectral remote sensing technology allows one to obtain a 

sequence of possibly hundreds of adjacent spectral images from 

ultraviolet to infrared. Conventional spectral classifiers treat 

hyperspectral images as a list of spectral measurements and do 

not consider spatial dependences, which leads to a dramatic 

decrease in classification accuracies. In this paper, a new 

automatic framework for the classification of hyperspectral 

images is pro-posed. The new method is based on combining 

hidden Markov   random field segmentation with support vector 

machine (SVM) classifier. In order to preserve edges in the final 

classification map, a gradient step is taken into account. 

Experiments confirm that the new spectral and spatial 

classification approach is able to improve results significantly in 

terms of classification accuracies compared to the standard SVM 

method and also out performs other studied methods. 

 

Composite Kernels for Hyperspectral Image Classification 

This letter presents an outline of complex kernel machines for 

enhanced classification of hyperspectral images. This novel 

method exploits the properties of Mercer’s kernels to construct a 

family of composite kernels that easily combine spatial and 

spectral information. This outline of complex kernels exhibits : 

1) enhanced classification accuracy as compared to traditional 

approaches that take into account the spectral information only: 

2) flexibility to balance between the spatial and spectral 

information in the classifier; and 3) computational efficiency. In 

addition, the proposed family of kernel classifiers opens a wide 

field for future developments in which spatial and spectral 

information can be easily integrated. 

 

Fusion of Hyperspectral and Multispectral Images Using 

Spectral Unmixing and Sparse Coding 

This method fuses high spectral resolution features from the HSI 

with high spatial resolution features from an MSI of the same 

scene. Endmembers are extracted from the HIS by spectral 

unmixing, and the exact location of the endmembers 

is obtained from the MSI. This fusion process by using spectral 

unmixing is formulated as an ill-posed inverse problem which 

requires a regularization term in order to convert it into a well 

posed inverse problem. As a regularizer, we employ sparse 

coding (SC), for which a dictionary is constructed using high 

spatial resolution MSI or PAN images from unrelated scenes. 

The proposed algorithm is applied to real Hyperion and ROSIS 

datasets. Compared with other state-of-the-art algorithms based 

on pan sharpening, spectral unmixing, and SC methods, the 

proposed method is shown to significantly increase the spatial 

resolution 

 

The Non-sub-sampled Contourlet Transform: Theory, 

Design, and Applications 

The construction proposed in this paper is based on a non-sub- 

sampled pyramid structure and non-sub-sampled directional filter 

banks. The result is a flexible multiscale, multidirectional, and 

shift -invariant image decomposition that can be efficiently 

implemented via the à trous algorithm. At the core of the 

proposed scheme is the non-separable two-channel non-sub-

sampled filter bank (NSFB). We exploit the less stringent design 

condition of the NSFB to design filters that lead to a NSCT with 

better frequency selectivity And regularity when compared to the 

contourlet transform.  

 

We Propose a design framework based on the mapping approach, 

That allows for a fast implementation based on a lifting or ladder 

Structure, and only uses one-dimensional filtering in some cases. 

In addition, our design ensures that the corresponding frame 

elements are regular, symmetric, and the frame is close to a tight 

one. We assess the performance of the NSCT in image denoising 

and enhancement applications. In both applications the NSCT 

compares favourably to other existing methods in the literature. 

 

3. EXISTING SYSTEM:- 

 

The existing method fuses high spectral resolution features from 

the HSI with high spatial resolution features from a Multispectral 

Image (MSI) of the similar scene. End members are extracted 

from the HIS by discrete wavelet transform and the exact 

location of the end members is acquired from the MSI. This 

fusion process by using discrete wavelet transform is fused by all 

respective wavelet coefficients from the input images. This 

wavelet transform image fusion scheme is an extension to the 

pyramid based scheme .The DWT fusion methods provides 
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computationally efficient image fusion techniques. Median 

filtering is applied on the fused image by replacing each entry 

with the median of neighboring entries to remove the noise while 

it preserves edge. Finally, k-means clustering is employed by 

dividing the objects in one cluster into two or more clusters to 

discover useful information. 

 

Disadvantages of Existing System:- 

 

 Contrast information loss due to averaging method 

 

 Maximizing approach is sensitive to sensor noise 

 

 Limited performance in terms of edge and texture 

representation 

 

 Spatial distortion is high 

 

 Computational complexity is high 

 

 When no pure pixels are present in the data, the 

spectral signatures derived may be unrealistic 

 

4. PROPOSED SYSTEM 

 

4.1. SYSTEM MODEL 

 

The pixel-level image fusion method is employed to produce a 

difference image by using complementary information from a 

mean-ratio image and a log-ratio image. NSCT (Non- 

subsampled contour let transform) based fusion involves an 

average operator and maximum gradient coefficient selection are 

chosen to fuse low-frequency and a high-frequency band to 

restrain the background information and enhance the information 

of changed regions in the fused difference image.  

 

A spatial fuzzy clustering algorithm will be proposed for 

classifying changed and unchanged regions from fused image 

with performance analysis. Change detection approach for 

synthetic aperture radar images based on an image fusion and a 

spatial fuzzy clustering algorithm. 

 

The first step of this process to generate the difference images to 

enhance details about changes between source images. Here 

rationing will performed to obtain difference images in 

logarithmic and mean scale. It is highly robust to speckle noise. 

Logarithmic scale based difference part will be created to find 

change and unchanged regions and it is weakening the high 

intensity and enhancing the low intensity pixels. Due to this 

weakening, there is a possibility of information loss from 

significant part. So along with this, ratio mean operator and 

fusion approach is used to reduce this limitation and produce 

detailed portion from source images for accurate detection of 

changes.     

 

The ratio difference image is usually expressed in a logarithmic 

or a mean scale because of the presence of speckle noise. In the 

past dozen years, there was a widespread concern over the 

logarithm of the ratio image since the log-normal model was 

considered as a heuristic parametric probability distribution 

function for SAR intensity and amplitude distributions. With the 

log-ratio operator, the multiplicative speckle noise can be 

transformed in an additive noise component. Furthermore, the 

range of variation of the ratio image will be compressed and 

there by enhances the low-intensity pixels, authors proposed a 

ratio mean detector (RMD), which is also robust to speckle 

noise. This detector assumes that a change in the scene will 

appear as a modification of the local mean value of the 

image.The difference images are obtained by, 

 

Log ratio approach: 
 

D1 = | log X2 – log X1| 

Where, 

X2 – Input image1 and X1 – Input image 2   

 

Mean ratio approach: 
 

D2 = 1 – min (u1/u2, u2/u1); 

Where,  

u1 – average filtered image1, u2 – average filtered image2 

 

 
 

4.1.1. Process Flow 

https://en.wikipedia.org/wiki/Median


 

International Journal of Engineering Science and Computing, June 2017         13502                                                                         http://ijesc.org/ 

 
4.1.2 Block Diagram 

 

4. 2.  PROPOSED MECHANISM 

 

NSCT DECOMPOSITION 

 

NSCT decomposition is to figure the multi scale and different 

direction components of the discrete images. It includes the two 

steps such as non-sub sampled pyramid (NSP) and non-sub 

sampled directional filter bank (NSDFB) to condense the texture, 

contours and comprehensive coefficients. NSP decomposes the 

image into low and high frequency sub-bands at each 

decomposition level and it yields n+1 sub images if 

decomposition level is n. NSDFB extracts the detailed 

coefficients from direction decomposition of high frequency sub 

bands obtained from NSP. It produces m power of 2 direction 

sub images if number of stages be m. 

 

 
 4.2.1 Decomposition level 

 

The Principle of Contourlet Transform 

 

In this transform, the multi-scale analysis and the multi-direction 

analysis are separated in a serial way. The Laplacian pyramid 

(LP) is first used to capture the point discontinuities, then 

followed by a directional filter bank (DFB) to link point 

discontinuities into linear structures. The overall result is an 

image expansion using simple elements like contour segments. 

 
Fusion of low-frequency coefficients 

Since the images’ estimated information is built by the low-

frequency coefficients, average rule is adopted for low-frequency 

coefficients. Suppose BF (x, y) is the fused low-frequency 

coefficients, then 

 

𝐵𝐹(𝑥, 𝑦)=
𝐵1 𝑥 ,𝑦 +𝐵2(𝑥 ,𝑦)

2
 

whereB1 (x, y) andB2 (x, y)denote the low-frequency coefficients 

of source images. 

 

Fusion of high-frequency coefficients 

High-frequency coefficients always contain edge and texture 

features. For the sake of full use of data in the neighborhood and 

cousin coefficients in the NSCT domain, a salience measure, as a 

grouping of region energy of NSCT coefficients and correlation 
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of the cousin coefficients, is proposed for the first time. We 

define region energy by computing the sum of the coefficients’ 

square in the local window. Suppose Cl
k
 (x y) is the high-

frequency CT coefficients, whose position is (x, y) in the 

subband of k-th direction at l-th decomposition scale. The region 

energy is defined as follows: 

 

 (𝑥, 𝑦)
𝑘

𝑙
=  (𝐶𝑙

𝑘

𝑚 ,𝑛∈𝑆𝑀×𝑁

(𝑥 +𝑚, 𝑦 + 𝑛))2 

 

Where S M×N denotes the regional window and its size isM × N 

(typically 3×3).Region energy, rather than single pixel value, 

will be more reasonable to extract features of source images by 

utilizing neighbors’ information. Large region energy means 

important image information. Note that size of region energy 

map is equal to size of each subband. The high frequency 

coefficients are also fused by evaluating the gradient of the each 

subband coefficients. The gradient of an image will be defined 

as, 

G = Sqrt (dzdx. ^2 + dydx. ^2) 

Where, the dzdx and dydx are the y derivatives and x derivatives 

obtained by the sobel edge operators. Then these coefficients are 

merged based on the searching maximum gradient of these two 

using decision rule.   

 

Spatial Fuzzy Clustering 

 

 
Spatial Fuzzy C Means method includes spatial information, and 

the membership weighting of each cluster is changed after the 

cluster distribution in the neighborhood is measured. The first 

pass is the identical as that in standard FCM to compute the 

membership function in the spectral domain. In the second pass, 

the membership information of each pixel is mapped to the 

spatial domain and the spatial function is calculated from that. 

The FCM iteration proceeds with the new membership that is 

incorporated with the spatial function. The iteration is stopped 

when the extreme difference between cluster centers or 

membership functions at two successive iterations is less than a 

least threshold value. 

 

4.3 ADVANTAGES OF PROPOSED SYSTEM 

 Better performance in representing the image salient 

features such as edges, lines, curves and contours. 

Therefore, it is well-suited for multi-scale edge based 

image enhancement.  

 It offers a much richer set of directions and shapes, and 

thus they are more effective in capturing smooth 

contours and geometric structures in images. 

 It reduces the storage cost 

 It preserves both spatial resolution and color content 

 It is more suitable for constructing a multi-resolution 

and multi-directional expansions. 

 It divides the input image into many levels which 

results in detailed and finest information. 

 

5. RESULTS 

This section summarizes the experimental results obtained in the 

implementation of the techniques likeimage differentiation, 

NSCT, spatial fuzzy clustering. 

 

 
5.1 Source Images 

 

 
5.2.1  NSCT at level 1 

 

 
5.2.2 NSCT at level 2 
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5.2.3 NSCT at level 3 

 

 
5.3 Fused Image 

 

 
 5.4 Filtered Image 

 

 
5.5Change Detection 

 
5.6 Existing Performance Vs Proposed Performance 

 

Sensitivity:    99.6127 % 

Root mean Square Error:  0.0739 

Peak Signal to Noise Ratio:  59.4422 dB 

 

6. CONCLUSION 

 

This paper presented the change detection approach for remote 

sensing satellite images based on an image fusion and a spatial 

fuzzy clustering algorithm. Detection of changed region involved 

the fusion approach for converting the two images taken at 

different time to improve details of changed region from 

unchanged region. Here, NSCT decomposition was effectively 

used to extract the smoothing and contour wedges from images 

to generate pixel level fusion with improved efficiency. In this 

type, an averaging rule and gradient detection were utilized. 

Here, the changes will be detected using spatial fuzzy c means 

clustering from the fused image with less time. The simulated 

results shown that generated fused image has less error and 

segmented changed region with better signal to noise ratio,  

better sensitivity and accuracy.  

 

7. REFERENCES 

 

[1].Pouria Ramzi, Student Member, IEEE, Farhad 

Samadzadegan, and Peter Reinartz, Member, IEEE   

“Classification of Hyperspectral Data Using anAdaBoostSVM 

Technique Applied on Band Clusters”, 2014. 

 

[2].Pedram Ghamisi, Student Member, IEEE, Jón Atli 

Benediktsson, Fellow, IEEE, andMagnus Orn Ulfarsson, 

Member, IEEE “Spectral–Spatial Classification of Hyperspectral 

Images Based on Hidden Markov Random Fields”, 2014. 

 

[3].Gustavo Camps-Valls, Member, IEEE, Luis Gomez-Chova, 

Jordi Muñoz-Marí, Joan Vila-Francés, and Javier Calpe-

Maravilla, Member, IEEE, “Composite Kernels for 

Hyperspectral Image Classification” 

 

[4].Zahra Hashemi Nezhad, Azam Karami, Member, IEEE, Rob 

Heylen, Member, IEEE, and Paul Scheunders, Senior Member, 

IEEE “Fusion of Hyperspectral and Multispectral Images Using 

Spectral Unmixing and Sparse Coding”. 

 

[5].Arthur L. da Cunha, Jianping Zhou, Member, IEEE, and 

Minh N. Do, Member, IEEE “The Non-sub-sampled Contourlet 

Transform: Theory, Design, and Applications” 

0

20

40

60

80

100

120

Existing Proposed

Chart Title

Sensitivity

Specificity

Accuracy



 

International Journal of Engineering Science and Computing, June 2017         13505                                                                         http://ijesc.org/ 

[6].Y. Zhao, J. Yang, Q. Zhang, L. Song, Y. Cheng, and Q. Pan, 

“Hyperspectral imagery super-resolution by sparse 

representation andspectral regularization,” EURASIP J. Adv. 

Signal Process., vol. 2011,no. 1, pp. 1–10, Oct. 2011. 

 

[7].T. Akgun, Y. Altunbasak, and R. M. Mersereau, “Super-

resolution reconstruction of hyper spectral images,” IEEE Trans. 

Image Process., vol. 14, no. 11, pp. 1860–1875, Nov. 2005. 

 

[8].Sicong Liu, Lorenzo Bruzzone, Francesca Bovolo, Massimo 

Zanetti and Peijun Du, “Sequential Spectral Change Vector 

Analysis for Iteratively Discovering and Detecting Multiple 

Changes in Hyperspectral Images”, 2015. 

 

[9].Sicong Liu, Lorenzo Bruzzone, Francesca Bovolo, and Peijun 

Du,” Hierarchical Unsupervised Change Detection in 

Multitemporal Hyperspectral Images”, 2015. 

 

[10].Laetitia Loncan, Luis B. Almeida, Jos´e M. Bioucas-Dias, 

Xavier Briottet, Jocelyn Chanussot, Nicolas Dobigeon, Sophie 

Fabre, Wenzhi Liao, Giorgio A. Licciardi, Miguel Sim˜oes, Jean-

Yves Tourneret, Miguel A. Veganzones, Gemine Vivone, Qi 

Wei and Naoto Yokoya, “Hyperspectral pan sharpening: a 

review”. 

 

[11].P. Chavez, C. Sides, and A. Anderson, “Comparison of 

three differentmethods to merge multiresolution and 

multispectral data- LANDSAT TM and SPOT panchromatic,” 

Photogramm. Eng. Remote Sens., vol. 57, no. 3, pp. 295–303, 

Mar. 1991. 

 

[12].Reham Gharbia, Ali Hassan El Baz, Aboul Ella Hassanien, 

Gerald Schaefer, Tomoharu Nakashima and Ahmad Taher Azar 

“Fusion of Multi-spectral and Panchromatic Satellite Images 

using Principal Component Analysis and Fuzzy Logic”, 2014. 

 

[13].Apurva Sharma1, Anil Saroliya, “ A Brief Review of 

Different Image Fusion Algorithm” 

 

[14].J.-L.Starck, J. Fadili, and F. Murtagh, “The undecimated 

wavelet decomposition and its reconstruction,” IEEE Trans. 

Image Process., vol. 16, no. 2, pp. 297–309, Feb. 2007. 

 

[15].M. N. Do and M. Vetterli, “The contourlet transform: An 

efficient directional multiresolution image representation,” IEEE 

Trans. Image Process., vol. 14, no. 12, pp. 2091–2106, Dec. 

2005. 

 

 

 

 

 


