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ABSTRACT 
 
 Image compression is one of the important image processing concept in the world of images. Even though a 
large number of methods and transforms are available for the process of compression, still there is a need for 
new compression techniques with greater quality. The importance of image compression is to reduce the 
memory size of the image without affecting the quality of the image. When the memory size is reduced, the 
transmission becomes easier and faster. In this paper, the image compression was performed by using “curvelet 
transform”   which is the advanced technique over the wavelet transform. Curvelets form a multiresolution 
direction frame designed to efficiently approximate images made of smooth regions separated by smooth 
boundaries. The image compression is done for general gray images, medical images and colour images. The 
curve let transform gives better performance in terms of PSNR, RMSE AND CR. 
 
Key words:  Image Compression, Contourlet Transform, Peak Signal to Noise Ratio, Root Mean Square Error, 

Compression Ratio. 
  
Introduction 
 
 Image Compression is the process of converting an input data stream into an output stream with smaller 
size. This is performed by removing the redundant (or) repeated bits in a pixel. Basically, compression may be 
used where the memory size of the images is limited to certain bytes or kilobytes. The compression technique is 
based on the following principle. 
• Reducing the number of bytes required to represent the digital image 
• Reducing the patterns 
• The uncorrelated data confirms the redundant data elimination. 
The basic process of compression is shown in the Fig1. 
 

 
Fig. 1: Basic process of compression. 
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 The compression technique is of two types namely, Lossy Compression and Lossless Compression. The 
lossy compression reduces the size of the image with some loss of the information. Hence, the lossy 
compression is used in the internet applications for downloading of images where loss of some information is 
considerable. The lossless compression reduces the size of the information with no loss of information. It is 
mostly used in the medical field where the losses must be avoided. Since the compression does not cause loss in 
the information, it is used in the medical field where losses of lives are prevented. The contourlet transform is 
mainly used to compress the images in the better way with no loss of quality in the images. 
 
Curvelet Transform (CT): 
 
 The Curvelet Transform was developed by Candes and Donoho. This Transform is applicable for images 
with large number of curves. This Curvelet Transform is an advanced form of the Wavelet Transform. It is a 
multiscale Transform that allows an almost optimal sparse representation of the objects with edges. It has a very 
high degree of directional specificity .The Curvelet Transform has the directional parameters and the Curvelet 
pyramid contains high degree of anisotropic scaling principle it is slightly different from the process of isotropic 
scaling of Wavelets [2, 3, and 4]. 
 The reason for the using of the Curvelet transform is due to the following characteristics that are very 
specific to the Curvelet Transform itself. 
 
1. Optimally sparse representation of objects: 
 
 The Curvelets provide a kind of the sparse representation of the objects that tend to form a greater amount 
of the smoothness in the images. This phenomenon would greatly impart to the image compression greatly. 
||f-fm||2    l2  <=C. (log m) 3.m^-2 (2) The successful application of this statistics is that the  process  of  the  
image  compression  could  be done even from a noisy image and finally the parameter Mean Square Error 
(MSE) could be obtained.  The sparse representation of objects is shown in the Fig 2. 
 

 
 
Fig. 2: Sparse representation of objects. 
 
2. Optimally sparse representation of Wave Propagators: 
 
 As the  Curvelet  is  the  advanced  form  of  the wavelet transform, they could be applied for the geometry 
of the wave propagation. This Curvelet Transform could be well applied for the images and they could be 
approximated by simple translation of the images using the Hamiltonian flows. 

       ,           (1)  

U (0, x) =u0(x) 
 
The non-directional Curvelet transform is shown in the Fig 3 given below. 
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Fig. 3: Non directional Curvelet. 
 
3. Optimal image reconstruction in severely ill- posed problem [3]: 
 
 Curvelets also have special micro local features which make them especially adapted to certain 
reconstruction problems with missing data. For example, in many important medical applications, one wishes to 
reconstruct an object f(x1, x2) from noisy and incomplete tomographic data [12], i.e., a subset of line integrals 
of f corrupted by additive noise modeling uncertainty in the measurements. 
 

  (3) 
 
 Because of its relevance in biomedical imaging, this problem has been extensively studied. Yet, Curvelets 
offer surprisingly new quantitative insights. For example, a beautiful application of the phase- space localization 
of the Curvelet transform allows a very precise description of those features of the object of f which can be 
reconstructed accurately from such data and of those features which cannot be recovered. Roughly speaking, the 
data acquisition geometry separates the Curvelet expansion of the object into two pieces. 
 The first part of the expansion can be recovered accurately while the second part cannot. The interesting 
thing here is that one can probably reconstruct the “recoverable” part with an accuracy similar to that one would 
achieve even if one had complete data. There is indeed a quantitative theory showing that for some statistical 
models which allow for discontinuities in the object to be recovered, there are simple algorithms based on the 
shrinkage of Curvelet orthogonal decompositions, which achieve optimal statistical rates of convergence; that is, 
such that there are no other estimating procedure which, in an asymptotic sense, give fundamentally better 
MSEs [11]. 
 The pseudo polar tiling of the frequency plane with trapezoids is already well-established as a data-friendly 
alternative to the ideal polar tiling. The first construction is that of Curvelet [15] and is based on a cascade of 
properly sheared directional filters. On the other hand, Curvelets packets [24] are defined directly in the 
frequency plane via interpolation onto a pseudo polar grid aligned with the trapezoids. In a nutshell, the two 
implementations differ in the way Curvelets at a given scale and angle is translated with respect to each other. In 
the USFFT-based version the translation grid is tilted to be aligned with the orientation of the Curvelet, yielding 
the most faithful discretization of the continuous definition. 
 
Wavelet Based Curvelet Transform (WBCT): 
 
 Although the wavelet transform is proved powerful in many signal and image processing applications such 
as compression, noise removal, image edge enhancement, and feature extraction, wavelets are not optimal in 
capturing the two- dimensional singularities found in images. In particular, natural images consist of edges that 
are smooth curves and which cannot be captured efficiently by the wavelet transform. Therefore, several new 
transforms have been proposed for image signals. In this Wavelet Based Curvelet transform, the coefficients are 
taken from the wavelet transform and then they are linked with the Curvelet transform. 
 
Block Diagram: 
 
 Initially the images that are used for the compression process are searched as the images with the same 
number of the rows and columns. The input image is obtained as the initial process. The images are read by the 
process of matrix. After the reading of the image the Curvelet Transform is applied for it. In this process the 
images are taken and their pixel values are calculated. Then a threshold value is set up for the image so that a 
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pixel value is set up for the image and so that if the pixel value that goes beyond the threshold values are 
rejected. The basic block diagram for the Curvelet transform is shown in Fig 4 given below 
 

 
Fig. 4: Block diagram Curvelet transforms. 
 
Algorithm Flow: 
 
Step 1: 
 
 The image is read from the user. 
 
Step2: 
 The input image is decomposed using the Curvelet transform. Here we use 3-level decomposition 
technique as shown in the Fig 5 
 
Step 3: 
 
 The decomposed image is then quantized. In the quantization process the pixel values are 
approximated to nearest integer values. 
 
Step 4: 
 
 Thresholding is done after the quantization process. In the thresholding process, the value for threshold is 
set. From that, if the pixel value is below the threshold, they are removed and the pixel value above threshold 
is maintained. 
 
Step 5: 
 
 From the threshold image, the coefficients are calculated. 
 
Step 6: 
 
 The image is reconstructed and then the parameters are calculated. 
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Fig. 5: Decomposition process. 
 
Parameters: 
 
A. Compression ratio: 
 

 The ratio of the size of the input image to the size of the output image. 
C R =   size of the input image / size of the output image. 
 
B. Mean Square Error: 
 
 It is the estimation of one of the many values to quantify the difference between them. 

MSE =  (∑(∑(input*output)2)) / (m*n) 
 
C. Peak Signal to Noise Ratio: 
 
 It is the logarithm of the ratio of the original image to mean square error. 
PSNR = 10 log10(max value) 2 / MSE 
 
Results and Discussion 
 
 The input images of gray scale general image, gray scale medical image and general colour images are 
shown in Figures 6,9 and 12  respectively. The curvelet images of gray scale general image, gray scale   medical 
image   and general colour images are shown in the figures 7, 10 and 13 respectively. And finally the WBCT 
images of gray scale general image, gray scale medical image and general colour images are shown in the 
figures 8, 11 and 14 respectively. 
 The simulation results for different gray scale general images for WT, CT and WBCT are shown in the 
Tables I, IV and VII respectively. The simulation results for different gray scale medical images for WT, CT 
and WBCT are shown in the Tables II, V and VIII respectively. The simulation results for different general 
colour images for WT, CT and WBCT are shown in the Tables III, VI and IX respectively. The results show that 
the CR increases slightly as the number of repeated bits in a pixel decreases. The peak signal to noise ratio 
increases as the maximum value of the original image increases. The RMSE value is calculated by taking many 
set of input values. The MSE reduces as the set of input values are reduced. 
 
Conclusion: 
 
 Curvelet Transform gives the better performance for the PSNR, MSE and CR.The quantitative PSNR 
values are greater and the MSE values are less for curvelet transform. Thus the process of image compression 
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was done with curvelet transform definitely could prove as a fact for the process of improving download and 
upload of image files on the internet. It is the most advanced transform of all the other transforms used, the 
chances of errors in this image compression technique is greatly reduced. The greatest scope of the image 
compression is the application of these comparison   processes to that of the medical images as there is a large 
need for the processing of the images in the medical field. Thus by   implementing   this   advanced compression 
technique, the scope for the compression of images could be greatly satisfied. 
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Simulation Results 
 
Table I: Simulation results for Gray Scale General Images using Wavelet transform. 

IMAGE CR PSNR (dB) MSE 
BUILDING 0.37 4.30 158.6 

CAMERAMAN 0.39 5.84 133.23 
HOME 0.41 5.60 137.11 

LIVING ROOM 0.42 6.20 128.13 
MANDRIL 0.47 5.76 134.66 

 
Table II: Simulation results for Gray Scale Medical Images using Wavelet transform. 

IMAGE CR PSNR (dB) MSE 
CT 0.01 27.97 10.69 

FLIR 0.02 28.01 13.20 
RIBS 0.01 28.01 18.01 
MRI 0.02 28.01 13.12 

    
Table III: Simulation results for General colour Images using Wavelet transform. 

IMAGE CR PSNR (dB) MSE 
BUILDING 0.09 12.88 27.10 

LENA 0.12 10.11 75.50 
CAMERAMAN 0.18 11.05 81.21 

MANDRIL 0.21 17.11 90.11 
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Table IV: Simulation results for Gray Scale General Images using Curvelet transform. 
IMAGE CR PSNR (dB) MSE 

BUILDING 0.030 28.00 10.34 
CAMERAMAN 0.032 28.01 14.62 
LIVING ROOM 0.033 28.00 11.53 

HOME 0.034 28.03 13.72 
 
Table V: Simulation results for Gray Scale Medical Images using Curvelet transform. 

IMAGE CR PSNR (dB) MSE 
CT 0.01 27.97 10.69 

FLIR 0.02 28.01 13.20 
RIBS 0.01 28.01 18.01 
MRI 0.02 28.01 13.12 

LUNG 0.02 28.02 16.79 
 
Table VI: Simulation results for General colour Images using Curvelet Transform. 

IMAGE CR PSNR (dB) MSE 
BUILDING 0.042 27.99 14.66 

LENA 0.044 28.01 13.60 
CAMERAMAN 0.045 28.05 13.44 

MANDRIL 0.049 27.99 13.62 
HOME 0.05 28.00 13.11 

 
Table VII: Simulation results for Gray Scale General Images using Wavelet Based Curvelet transform. 

IMAGE CR PSNR (dB) MSE 
BUILDING 0.37 12.30 14.6 

CAMERAMAN 0.39 12.84 12.23 
HOME 0.41 11.60 12.11 

LIVING ROOM 0.42 11.20 10.13 
MANDRIL 0.47 12.76 11.66 

 
Table VIII: Simulation results for Gray Scale Medical Images using Wavelet Based Curvelet transform. 

IMAGE CR PSNR (dB) MSE 
CT 0.030 28.00 10.34 

RIBS 0.032 28.01 14.62 
MRI 0.033 28.00 11.53 

LUNG 0.034 28.03 13.72 
 
Table IX: Simulation results for Colour images using Wavelet Based Curvelet transform. 

IMAGE CR PSNR (dB) MSE 
LENA 0.034 28.01 15.23 

FRUITS 0.033 28.03 17.89 
SRIT Building 0.038 27.93 16.90 

PEPPER 0.042 28.21 13.14 

                                                                                                            
Simulation Results: 
 
A. Simulation results for gray scale general image “living room ” is shown below. 
 

 
 
Fig. 6: Input image                       Fig. 7: Curvelet image 
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Fig. 8: WBC’T Image 
 
B. Simulation results for g r a y  scale general image - “CT” is shown below. 
 
 
 
 
 
 
 
 
Fig. 9: Input Image 
 
 
 
 
 
 
 
 
Fig. 10: Curvelet Image. 
 

 
Fig. 11: WBC’T Image. 
 
C. Simulation results for gray scale general image - “Building” is shown below. 

                                                
 
Fig. 12: Input image                                              Fig. 13: Curvelet image 
 

 
Fig. 14: WBC’T Image. 


