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Abstract

A lot of hospitals handle their medical image data with computers. The use of computers and a network makes it possible to distribute the image data among the staff efficiently. As the health care is computerized new techniques and applications are developed, among them are the MR and CT techniques. MR and CT produce sequence of images (image stacks) each alng the cross-section of an object. The amount of data produced by these techniques is vast and this might be a problem when sending the data over a network. To overcome this problem image compression has been introduced in the field of medical. Medical image compression plays a key role as hospitals, move towards film- less imaging and go completely digital compression. Image compression will allow Picture Archiving and Communication Systems (PACS) to reduce the file sizes on their storage requirements while maintaining relevant diagnostic information. There have been numerous compression research studies, examining the use of compression as applied to medical images. The techniques can be categorized as, focusing on just a lossless compression method, on just a lossy compression method, or focusing on both. Most have focused on lossless algorithms since the medical community has been reluctant to adopt lossy techniques owing to the legal and regulatory issues that are raised, but this situation may start to change as more lossy research is performed. To achieve higher degree of compression we have to choose lossy compression technique.  This thesis will propose an approach to improve the performance of medical image compression while satisfying both the medical team who need to use it, and the legal team who need to defend the hospital against any malpractice resulting from misdiagnosis owing to faulty compression of medical images. There are several types of lossy image compressions available but in case of biomedical images the loss of diagnostability of the image is not tolerable and hence to achieve higher degree of compression without any significant loss in the diagnostability of the image we choose different type of wavelet function to compress biomedical images.  A typical still image contains a large amount of spatial redundancy in plain areas where adjacent picture elements (pixels) have almost the same values. It means that the pixel values are highly correlated. However we have several types of  biomedical images with us and there pixel correlativity might not be in same fashion therefore any specific wavelet function can not give optimum result for each type of biomedical image. 

This thesis is focused on selecting the most appropriate wavelet function for a given type of biomedical image compression. In this thesis we studied the behavior of different type of wavelet function with different type of biomedical images and suggested the most appropriate wavelet function that can perform optimum compression for a given type of biomedical image. To analyze the performance of the wavelet function with the biomedical images we fixed the loss amount of the data in the compressed image (Quality of the compressed image will be same for each wavelet function) and calculated their respective compression ratio. The wavelet function that gives the maximum compression for a specific type of biomedical image will be the most appropriate wavelet for that type of biomedical image compression.
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Walter B. Richardson, revised the challenges faced as technology moved toward digital mammography, presented a necessarily brief overview of multiresolution analysis, and finally, gave current and future applications of wavelets to several areas of mammography [1].

Zesheng Yang et.al, reported on the use of Harr wavelets for lossy compression of digital mammograms. They experimented with a variety of wavelet structures for the same purpose. They implemented various types of digital mammogram compression using standard, hyperbolic, and adaptive wavelet bases; and they experimented with various compression rates in order to understand better the compression effects on the nature and quality of the images and the types of losses [2].

Armando Manduca, have developed software modules (both stand-alone and in the biomedical image analysis and display package analyze) that could perform wavelet- based compression on both 2-D and 3-D gray scale images. He presented examples of such compression on a variety of medical images, and comparisons with JPEG and other compression schemes. He had also shown examples of the improvements gained by true 3-D compression of a 3-D image (as opposed to 2-D compression of each slice), and discussed issues such as the treatment of edge effects and human visual system response in the context of a wavelet-based approach. Finally, he discussed extensions of that time current approaches to still more efficient compression schemes [3].

Arve Kjoelen et.al, studied the rapid growth in the field of diagnostic imaging has produced several new class of digital images, resulting from computerized tomography, magnetic resonance imaging, and other imaging modalities. In addition, well-established imaging modalities such as X-rays and ultrasound will increasingly be processed and stored in a digital format. It has been estimated that a 600-bed hospital would need almost 2 terabytes (2,000 gigabytes) of storage per year if all images produced at the hospital were to be stored in a digital format. The need for high performance compression algorithms to reduce storage and transmission costs is evident. The compression techniques described here in were likely to be effective for a far wider range of images than the skin tumor images employed in this research [5].

Adrian Munteanu et.al, performed the final diagnosis in coronary angiography on a large set of original images. Therefore, lossless compression schemes played a key role in medical database management and telediagnosis applications. In this paper they proposed a wavelet-based compression scheme that was able to operate in the lossless mode. The quantization module implemented a new way of coding of the wavelet coefficients that was more effective than the classical zerotree coding. The experimental results obtained on a set of 20 angiograms showed that the algorithm outperformed the embedded zerotree coder, combined with the integer wavelet transform, by 0.38 bpp, the set partitioning coder by 0.21 bpp, and the lossless JPEG coder by 0.71 bpp. The scheme was a good candidate for radiological applications such as teleradiology and picture archiving and communications systems (PACS’s) [6].

Robert W. Buccigrossi et.al, developed a probability model for natural images, based on empirical observation of their statistics in the wavelet transform domain. Pairs of wavelet coefficients, corresponding to basis functions at adjacent spatial locations, orientations, and scales, were found to be non-Gaussian in both their marginal and joint statistical properties. Specifically, their marginals were heavy-tailed, and although they were typically decorrelated, their magnitudes were highly correlated. They proposed a Markov model that explained those dependencies using a linear predictor for magnitude coupled with both multiplicative and additive uncertainties, and showed that it accounted for the statistics of a wide variety of images including photographic images, graphical images, and medical images. In order to directly demonstrate the power of the model, they constructed an image coder called EPWIC (embedded predictive wavelet image coder), in which subband coefficients are encoded one bitplane at a time using a nonadaptive arithmetic encoder that utilized conditional probabilities calculated from the model. Bitplanes were ordered using a greedy algorithm that considered the MSE reduction per encoded bit. The decoder used the statistical model to predict coefficient values based on the bits it has received. Despite the simplicity of the model, the rate- distortion performance of the coder was roughly comparable to the best image coders in the literature [9].

Amara Graps, studied each wavelet component with a resolution matched to its scale. They had advantages over traditional Fourier methods in analyzing physical situations where the signal contains discontinuities and sharp spikes. Wavelets were developed independently in the fields of mathematics, quantum physics, electrical engineering, and seismic geology. Interchanges between these fields during the last ten years had led to many new wavelet applications such as image compression, turbulence, human vision, radar, and earthquake prediction. Their paper introduced wavelets to the interested technical person outside of the digital signal processing field. She described the history of wavelets beginning with Fourier, compare wavelet transforms with Fourier transforms, state properties and other special aspects of wavelets, and finished with some interesting applications such as image compression, musical tones, and de-noising noisy data [4].

Mislav GrgiC et.al, discussed the features of wavelet filters in compression of still images and characteristic that they showed for various image content and size. The aim of this work was to create a palette of functions (filters) for implementation of wavelet in still image processing and to emphasize the advantage of this transformation relating to today's methods. Filters taken in the test are some of the most used: Haar filter (as the basis), orthogonal Daubechies' and Battle-Lemarie fiters such are Least Asymmetric, Shannon and Coiflet, and symmetric Biorthogonal filter. All these filters gave various performances for images of different content. Objective and subjective picture quality characteristics of images coded using wavelet transform with different filters were given. The comparison between JPEG coded picture and the same picture coded with wavelet transform was given. For higher compression ratios it was shown that wavelet transform had better S/N than REG [7].

Reto Grüter et.al, addressed the problem of progressive lossless image coding, A nonlinear decomposition for progressive lossless compression was presented. The decomposition into subbands was called rank-order polynomial decomposition (ROPD) according to the polynomial prediction models used. The decomposition method presented here was a further development and generalization of the morphological subband decomposition (MSD) introduced earlier by the same research group. It was shown that ROPD provides similar or slightly better results than the compared coding schemes such as the codec based on set partitioning in hierarchical trees (SPIHT) and the codec based on wavelet/trellis-coded quantization (WTCQ). Our proposed method highly outperforms the standard JPEG. The proposed lossless compression scheme had the functionality of having a completely embedded bit stream, which allowed for data browsing. It was shown that the ROPD had a better lossless rate than the MSD but it had also a much better browsing quality when only a part of the bit stream is decompressed. Finally, the possibility of hybrid lossy/lossless compression was presented using ultrasound images. As with other compression algorithms, considerable gain could be obtained if only the regions of interest are compressed losslessly [10].

Ed Chiu et.al, described the compression of grayscale medical ultrasound images using a recent compression technique, i.e., space-frequency segmentation (SFS). This method found the rate-distortion optimal representation of an image from a large set of possible space-frequency partitions and quantizer combinations and was especially effective when the images to code are statistically inhomogeneous, which was the case for medical ultrasound images. They implemented a compression application based on that method and tested the algorithm on representative ultrasound images. The result was an effective technique that performed better than a leading wavelet-transform coding algorithm, i.e., set partitioning in hierarchical trees (SPIHT), using standard objective distortion measures. To determine the subjective qualitative performance, an expert viewer study was run by presenting ultrasound radiologists with images compressed using both SFS and SPIHT. The results confirmed the objective performance rankings. Finally, the performance sensitivity of the space-frequency codec is shown with respect

to several parameters, and the characteristic space-frequency partitions found for ultrasound images are discussed [11].

Wael Badawy et.al, found that with the recent explosion of the Internet, the implementation of technologies such as telemedicine, video conferencing, and wireless data communication have been constrained due to the Internet’s finite bandwidth. With the limited technology at hand, techniques were needed to compress a large amount of data into a feasible size before transmission. Data compression had even a greater importance in many applications that involved storage of large data sets, such as magnetic resonance imaging, digital television, and seismic data collection. There were a number proposed compression techniques in the literature, but none had unique properties of subband coding algorithms. One such technique presented here was the discrete wavelet transform (DWT), which was one of the most efficient compression algorithms because of its perfect reconstruction property and lack of blocking artifacts [12].

Li Zeng et.al, shown Wavelet-based methods have become most popular for the compression of two-dimensional medical images and sequences. The standard implementations considered data sizes that are powers of two. There was also a large body of literature treating issues such as the choice of the “optimal” wavelets and the performance comparison of competing algorithms. With the advent of telemedicine, there was a strong incentive to extend these techniques to higher dimensional data such as dynamic three-dimensional (3-D) echocardiography [four-dimensional (4-D) datasets]. One of the practical difficulties was that the size of this data is often not a multiple of a power of two, which could lead to increased computational complexity and impaired compression power. Their contribution in this paper was to present a genuine 4-D extension of the well-known zerotree algorithm for arbitrarily sized data. The key component of their method was a one-dimensional wavelet algorithm that could  handle arbitrarily sized input signals. The method useed a pair of symmetric/antisymmetric wavelets (10/6) together with some appropriate midpoint symmetry boundary conditions that reduced border artifacts. The zerotree structure was also adapted so that it could accommodate non even data splitting. They have applied their method to the compression

of real 3-D dynamic sequences from clinical cardiac ultrasound examinations. Their new algorithm compared very favorably with other more ad hoc adaptations (image extension and tiling) of the standard powers-of-two methods, in terms of both compression performance and computational cost. It was vastly superior to slice-by-slice wavelet encoding. This was seen not only in numerical image quality parameters but also in expert ratings, where significant improvement using the new approach could be documented. Their validation experiments showed that one can safely compress 4-D data sets at ratios of 128:1 without compromising the diagnostic value of the images. They also displayed some more extreme compression results at ratios of 2000:1 where some key diagnostically relevant key features were preserved [13].

Wen-Jyi Hwang et.al, presented a novel medical data compression algorithm, termed layered set partitioning in hierarchical trees (LSPIHT) algorithm, for telemedicine applications. In the LSPIHT, the encoded bit streams were divided into a number of layers for transmission and reconstruction. Starting from the base layer, by accumulating bit streams up to different enhancement layers, they could reconstruct medical data with various signal-to-noise ratios (SNRs) and/or resolutions. Receivers with distinct specifications can then share the same source encoder to reduce the complexity of telecommunication networks for telemedicine applications. Numerical results show that, besides having low network complexity, the LSPIHT attains better rate-distortion performance as compared with other algorithms for encoding medical data [15].

Gloria Menegaz et.al  proposed a fully three-dimensional (3-D) wavelet-based coding system featuring 3-D encoding/two-dimensional (2-D) decoding functionalities. A fully 3-D transform was combined with context adaptive arithmetic coding; 2-D decoding

is enabled by encoding every 2-D subband image independently. The system allowed a finely graded up to lossless quality scalability on any 2-D image of the dataset. Fast access to 2-D images was obtained by decoding only the corresponding information thus avoiding the reconstruction of the entire volume. The performance has been evaluated on a set of volumetric data and compared to that provided by other 3-D as well as 2-D coding systems. Results showed a substantial improvement in coding efficiency (up to 33%) on volumes featuring good correlation properties along the axis. Even though they did not addressed the complexity issue, they expected a decoding time of the order of one second/image after optimization. In summary, the proposed 3-D/2-D multidimensional layered zero coding system provided the improvement in compression efficiency attainable with 3-D systems without sacrificing the effectiveness in accessing the single images characteristic of 2-D ones [16].

Zixiang Xionget.al , studied lossy-to-lossless compression of medical volumetric data using three-dimensional (3-D) integer wavelet transforms. To achieve good lossy coding performance, it was important to have transforms that are unitary. In addition to the lifting approach, they first introduced a general 3-D integer wavelet packet transform structure that allowed implicit bit shifting of wavelet coefficients to approximate a 3-D unitary transformation. They then focused on context modeling for efficient arithmetic coding of wavelet coefficients. Two state-of-the-art 3-D wavelet video coding techniques, namely, 3-D set partitioning in hierarchical trees and 3-D embedded subband coding with

optimal truncation, are modified and applied to compression of medical volumetric data, achieving the best performance published so far in the literature—both in terms of

lossy and lossless compression [14].

Mónica Penedo et.al, studied Spatial resolution and contrast sensitivity requirements for some types of medical image techniques, including mammography, delay the implementation of new digital technologies, namely, computer-aided diagnosis, picture archiving and communications systems, or teleradiology. In order to reduce transmission time and storage cost, an efficient data-compression scheme to reduce digital data without significant degradation of medical image quality is needed. In this study, they have applied two region-based compression methods to digital mammograms. In both methods, after segmenting the breast region, a region-based discrete wavelet transform is applied, followed by an object-based extension of the set partitioning in hierarchical trees (OB-SPIHT) coding algorithm in one method, and an object-based extension of the set partitioned embedded block (OB-SPECK) coding algorithm in the other. They have compared these specific implementations against the original SPIHT and the new standard JPEG 2000, both using reversible and irreversible filters, on five digital mammograms compressed at rates ranging from 0.1 to 1.0 bit per pixel (bpp). Distortion was evaluated for all images and compression rates by the peak signal-to-noise ratio. For all images, OB-SPIHT and OB-SPECK performed substantially better than the traditional SPIHT and JPEG 2000, and a slight difference in performance was found between them. A comparison applying SPIHT and the standard JPEG 2000 to the same set of images with the background pixels fixed to zero was also carried out, obtaining similar implementation as region-based methods. For digital mammography, region-based compression methods represented an improvement in compression efficiency from full-image methods, also providing the possibility of encoding multiple regions of interest independently [17].

R. S. Dilmaghani et.al, studied that digital radiology places very high demands on the networking and digital storage infrastructure of hospitals. In addition to having quite stringent requirements on the quality of the images displayed to the radiologist, much of the technical challenge resides in the necessity of displaying desired images as

rapidly as possible. They presented an infrastructure for progressive transmission and compression of medical images, which could refine an initial image by increasing the detail information not only in scale-space, but also in coefficient precision. The approach was based on the embedded zerotree wavelet (EZW) algorithm. This algorithm offered a tremendous amount of flexibility in meeting the bandwidth and image quality constraints in a radiological imaging environment. They proposed an application of the EZW algorithm in progressive medical image transmission in which it could specify and control both the resolution constraint and rate constraint. The presented method could provide a framework for lossy image compression, with performance far superior to those provided by the standard JPEG algorithm. Also due to the flexibility of the method we will show how any region of interest of an image can be sent progressively [18].

In 2004, Shaou-Gang Miaou et.al, studied that the enormous data of volumetric medical images (VMI) bring a transmission and storage problem that can be solved by using a compression technique. For the lossy compression of a very long VMI sequence, automatically maintaining the diagnosis features in reconstructed images is essential. The proposed wavelet-based adaptive vector quantizer incorporates a distortion- constrained codebook replenishment (DCCR) mechanism to meet a user-defined quality demand in peak signal-to-noise ratio. Combining a codebook updating strategy and the well-known set partitioning in hierarchical trees (SPIHT) technique, the DCCR mechanism provides an excellent coding gain. Experimental results showed that the proposed approach is superior to the pure SPIHT and the JPEG2000 algorithms in terms of coding performance. They also proposed an iterative fast searching algorithm to find the desired signal quality along an energy-quality curve instead of a traditional rate-distortion curve. The algorithm performed the quality control quickly, smoothly, and reliably [19].

In 2005,Ashraf A. Kassimet.al, proposed a method for progressive lossy-to-lossless compression of four-dimensional (4-D) medical images (sequences of volumetric images over time) by using a combination of three-dimensional (3-D) integer wavelet transform

(IWT) and 3-D motion compensation. A 3-D extension of the set-partitioning in hierarchical trees (SPIHT) algorithm is employed for coding the wavelet coefficients. To effectively exploit the redundancy between consecutive 3-D images, the concepts of key and residual frames from video coding is used. A fast 3-D cube matching algorithm is employed to do motion estimation. The key and the residual volumes are then coded using 3-D IWT and the modified 3-D SPIHT. The experimental results presented in this 

paper showed that their proposed compression scheme achieves better lossy and lossless compression performance on 4-D medical images when compared with JPEG-2000 and volumetric compression based on 3-D SPIHT [21].

In 2005, Guilherme Cardoso et.al, studied that Ultrasonic imaging in medical and industrial applications often requires a large amount of data collection. Consequently, it was desirable to use data compression techniques to reduce data and to facilitate the analysis and remote access of ultrasonic information. The precise data representation is paramount to the accurate analysis of the shape, size, and orientation of ultrasonic reflectors, as well as to the determination of the properties of the propagation path. In this study, a successive parameter estimation algorithm based on a modified version of the continuous wavelet transform (CWT) to compress and denoise ultrasonic signals is presented. It has been shown analytically that the CWT (i.e., time or frequency representation) yields an exact solution for the time-of-arrival and a biased solution for the center frequency. Consequently, a modified CWT (MCWT) based on the Gabor-Helstrom transform is introduced as a means to exactly estimate both time-of-arrival and center frequency of ultrasonic echoes. Furthermore, the MCWT also has been used to generate a phase bandwidth representation of the ultrasonic echo. This representation allowed the exact estimation of the phase and the bandwidth. The performance of this algorithm for data compression and signal analysis is studied using simulated and experimental ultrasonic signals. The successive parameter estimation algorithm achieves a data compression ratio of (1–5NJ), where J is the number of samples and N is the number of echoes in the signal. For a signal with 10 echoes and 2048 samples, a compression ratio of 96% is achieved with a signal-to-noise ratio (SNR) improvement above 20 dB. Furthermore, this algorithm performs robustly, yields accurate echo estimation, and results in SNR enhancements ranging from 10 to 60 dB for composite signals having SNR as low as 10 dB [20].

In  2005, Jianping Hua et.al, studied that Multiplex fluorescence in situ hybridization (M-FISH) is a recently developed technology that enables multi-color chromosome karyotyping for molecular cytogenetic analysis. Each M-FISH image set consists of a number of aligned images of the same chromosome specimen captured at different optical wavelength. This paper presents embedded M-FISH image coding (EMIC), where the foreground objects/chromosomes and the background objects/images are coded separately. They first applied critically sampled integer wavelet transforms to both the foreground and the background. We then use object-based bit-plane coding to compress each object and generate separate embedded bitstreams that allow continuous lossy-to-lossless compression of the foreground and the background. For efficient arithmetic coding of bit planes, we propose a method of designing an optimal context model that specifically exploits the statistical characteristics of M-FISH images in the wavelet domain. Our experiments show that EMIC achieves nearly twice as much compression as Lempel-Ziv-Welch coding. EMIC also performs much better than JPEG-LS and JPEG-2000 for lossless coding. The lossy performance of EMIC is significantly better than that of coding each M-FISH image with JPEG-2000 [22].

In 2005,Xiaolin Wu et.al, presented a new three-dimensional (3-D) wavelet-based scalable lossless coding scheme for compression of volumetric medical images. Aimed to improve the productivity of radiologists and the cost-effectiveness of the system, they strived to achieve high decoder throughput, random access to coded data volume, progressive transmission, and high compression ratio in a balanced design approach. These desirable functionalities were realized by a modified 3-D dyadic wavelet transform tailored to volumetric medical images and an optimized Rice code of very low complexity [23]. 

In 2006, Karthik Krishnan et.al, studied that the goals of telemedicine was to enable remote visualization and browsing of medical volumes. There was a need to employ scalable compression schemes and efficient client-server models to obtain interactivity and an enhanced viewing experience. First, they presented a scheme that used JPEG2000 and JPIP (JPEG2000 Interactive Protocol) to transmit data in a multi-resolution and progressive fashion. The server exploits the spatial locality offered by the wavelet transform and packet indexing information to transmit, in so far as possible, compressed volume data relevant to the clients query. Once the client identifies its volume of interest (VOI), the volume is refined progressively within the VOI from an initial lossy to a final lossless representation. Contextual background information can also be made available having quality fading away from the VOI. Second, they presented a prioritization that enabled the client to progressively visualize scene content from a compressed file. In their specific example, the client was able to make requests to progressively receive data corresponding to any tissue type. The server was then capable of reordering the same compressed data file on the fly to serve data packets prioritized as per the client’s request. Lastly, they described the effect of compression parameters on compression ratio, decoding times and interactivity. We also present suggestions for optimizing JPEG2000 for remote volume visualization and volume browsing applications. The resulting system was ideally suited for client-server applications with the server maintaining the compressed volume data, to be browsed by a client with a low bandwidth constraint [24]. 

In  2007, Charalampos Doukas et.al, studied that Medical imaging had a great impact on medicine, especially in the fields of diagnosis and surgical planning. However, imaging devices continue to generate large amounts of data per patient, which require long-term storage and efficient transmission. Current compression schemes produce high compression rates if loss of quality is affordable. However, in most cases physicians may not afford any deficiency in diagnostically important regions of images; called regions of interest (ROIs). An approach that brings a high compression rate with good quality in the ROI was thus necessary. The general theme was to preserve quality in diagnostically critical regions while allowing lossy encoding of the other regions. The aim of the research focused on ROI coding is to allow the use of multiple and arbitrarily shaped ROIs within images, with arbitrary weights describing the degree of importance for each ROI including the background (i.e., image regions not belonging to ROI) so that the latter regions may be represented by different quality levels. In this context, this article provided an overview of state-of the- art ROI coding techniques applied on medical images. These techniques are classified according to the image type they apply to; thus the first class included ROI coding schemes developed for two-dimensional (2-D) still medical images whereas the second class consists of ROI coding in the case of volumetric images. In the third class, a prototype ROI encoder for compression of angiogram video sequences is presented [25].

Chapter 1

Introduction


Medical science grows very fast and hence each hospital needs to store high volume of data about the patients. And medical images are one of the most important data about patients. As a result hospitals have a high volume of images with them and require a huge hard disk space and transmission bandwidth to store these images. Most of the time transmission bandwidth is not sufficient into storing all the image data. Image compression is the process of encoding information using fewer bits (or other information-bearing units) than an un-encoded representation would use through use of specific encoding schemes. Compression is useful because it helps to reduce the consumption of expensive resources, such as hard disk space or transmission bandwidth (computing). On the downside, compressed data must be decompressed, and this extra processing may be detrimental to some applications. For instance, a compression scheme for image may require expensive hardware for the image to be decompressed fast enough to be viewed as its being decompressed (the option of decompressing the image in full before watching it may be inconvenient, and requires storage space for the decompressed image). The design of data compression schemes therefore involves trade-offs among various factors, including the degree of compression, the amount of distortion introduced (if using a lossy compression scheme), and the computational resources required to compress and uncompress the data. Image compression is the application of Data compression on digital images. Image compression is minimizing the size in bytes of a graphics file without degrading the quality of the image to an unacceptable level. The reduction in file size allows more images to be stored in a given amount of disk or memory space. It also reduces the time required for images to be sent over the Internet or downloaded from Web pages. There are several different ways in which image files can be compressed. For Internet use, the two most common compressed graphic image formats are the JPEG format and the GIF format. The JPEG method is more often used for photographs, while the GIF method is commonly used for line art and other images in which geometric shapes are relatively simple.

Other techniques for image compression include the use of fractals and wavelets. These methods have not gained widespread acceptance for use on the Internet as of this writing. However, both methods offer promise because they offer higher compression ratios than the JPEG or GIF methods for some types of images. Another new method that may in time replace the GIF format is the PNG format.

1.1 Types of Image Compression
1.1.1 JPEG stands for Joint Photographic Experts Group, the original name of the Committee that wrote the standard. JPEG is designed for compressing full-colour or Gray-scale images of natural, real-world scenes.  It works well on photographs, naturalistic artwork, and similar material; not so well on lettering, simple cartoons, or line drawings.  JPEG handles only still images, but there is a related standard called MPEG for motion pictures. JPEG is "lossy," meaning that the decompressed image isn't quite the same as the one you started with.  (There are lossless image compression algorithms, but JPEG achieves much greater compression than is possible with lossless methods.)  JPEG is designed to exploit known limitations of the human eye, notably the fact that small colour changes are perceived less accurately than small changes in brightness.  Thus, JPEG is intended for compressing images that will be looked at by humans.  If you plan to machine-analyze your images, the small errors introduced by JPEG may be a problem for you, even if they are invisible to the eye.
1.1.2 The Graphics Interchange Format (GIF) is an 8-bit-per-pixel bitmap image

format that was introduced by CompuServe in 1987 and has since come into widespread usage on the World Wide Web due to its wide support and portability. The format uses a palette of up to 256 distinct colors from the 24-bit RGB color space. It also supports animations and allows a separate palette of 256 colors for each frame. The color limitation makes the GIF format unsuitable for reproducing color photographs and other images with continuous color, but it is well-suited for more simple images such as graphics or logos with solid areas of color. GIF images are compressed using the Lempel-Ziv-Welch (LZW) lossless data compression technique to reduce the file size without degrading the visual quality. This compression technique was patented in 1985. Controversy over the licensing agreement between the patent holder, Unisys, and CompuServe in 1994 inspired the development of the Portable Network Graphics (PNG) standard; since then all the relevant patents have expired.

1.1.3 Fractal compression is a lossy image compression method using fractals to
achieve high levels of compression. The method is best suited for photographs of natural scenes (trees, mountains, ferns, clouds). The fractal compression technique relies on the fact that in certain images, parts of the image resemble other parts of the same image. Fractal algorithms convert these parts, or more precisely, geometric shapes into mathematical data called "fractal codes" which are used to recreate the encoded image. Fractal compression differs from pixel-based compression schemes such as JPEG, GIF and MPEG since no pixels are saved. Once an image has been converted into fractal code its relationship to a specific resolution has been lost; it becomes resolution independent. The image can be recreated to fill any screen size without the introduction of image artifacts or loss of sharpness that occurs in pixel-based compression schemes.

1.2 History
In 1949 Claude Shannon and Robert Fano devised a systematic way to assign code words based on probabilities of blocks. An optimal method for doing this was then found by David Huffman in 1951. Early implementations were typically done in hardware, with specific choices of code words being made as compromises between compression and error correction. In the mid-1970s, the idea emerged of dynamically updating code words for Huffman encoding, based on the actual data encountered. And in the late 1970s, with online storage of text files becoming common, software compression programs began to be developed, almost all based on adaptive Huffman coding. In 1977 Abraham Lempel and Jacob Ziv suggested the basic idea of pointer-based encoding. In the mid-1980s, following work by Terry Welch, the so-called LZW algorithm rapidly became the method of choice for most general-purpose compression systems. It was used in programs such as PKZIP, as well as in hardware devices such as modems. In the late 1980s, digital images became more common, and standards for compressing them emerged. In the early 1990s, lossy compression methods also began to be widely used

1.3 Wavelets

In the biomedical images we have some constraints of compression; we cannot compress biomedical images above a certain compression level because the distortion after decompression in the biomedical images should not be much as the diagonastability of the image will get hampered if the distortion is high. So we have to make a proper balance between the compression level and the distortion in the image.

In recent years, many studies have been made on wavelets. An excellent overview of what wavelets have brought to the fields as diverse as biomedical applications. A wavelet image compression system can be created by selecting a type of wavelet function, quantizer, and statistical coder. The primary steps in wavelet compression are performing a discrete wavelet Transformation (DWT), quantization of the wavelet-space image sub bands, and then encoding these sub bands. Wavelet images by and of themselves are not compressed images; rather it is quantization and encoding stages that do the image compression. Image decompression, or reconstruction, is achieved by carrying out the above steps in reverse and inverse order. Thus, to restore the original image, the compressed image is decoded, de-quantized, and then an inverse- DWT is performed.

Wavelet transform (WT) represents an image as a sum of wavelet functions (wavelets) with different locations and scales. Any decomposition of an image into wavelets involves a pair of waveforms: one to represent the high frequencies corresponding to the detailed parts of an image (wavelet function) and one for the low frequencies or smooth parts of an image (scaling function).

Chapter 2

Wavelet Transforms


2.1 Introduction 

The development of wavelets can be linked to several separate trains of thought, starting with Haar's work in the early 20th century.
Wavelet means a “small wave”. The smallness implies to a window function of finite length (compactly supported). Wavelets are functions that satisfy certain mathematical requirements and are used in representing data or other functions. A wavelet is a waveform of effectively limited duration that has an average value of zero.

Wave in itself refers to the condition that this function is oscillatory. And Wavelet analysis has the ability to perform local analysis i.e. it can analyze a localized area of a larger signal. Wavelet analysis is capable of revealing aspects of data that other signal analysis techniques miss aspects like trends, breakdown points, discontinuities in higher derivatives, and self-similarity.

The Wavelet Transform was developed as an alternative to the STFT in order to overcome the resolution related problems encountered in STFT.

While using STFT, narrow windows gave good time resolution but poor frequency resolution and wide windows gave good frequency resolution but poor time resolution. Furthermore, wide windows may violate the condition of stationarity. Hence, the concept of WAVELET TRANSFORM was introduced to solve this dilemma of resolution.

2.2 Mathematical description

Wavelets are generated from one single function (basis function) called the mother wavelet. Mother Wavelet is a prototype for generating the other window functions.

The mother wavelet is scaled (or dilated) by a factor of a and translated (or shifted) by  a factor of b to give (under Morlet's original formulation):
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where a and b are two arbitrary real numbers. ‘a’ and ‘b’ represent the dilations and translations parameters respectively in the time axis.

 The parameter ‘a’ contracts 
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(t) in the time axis when a < 1 and expands or stretches when a > 1. Hence ‘a’ is called the dilation (scaling) parameter. For a < 0, the function 
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 results in time reversal with dilation. Mathematically, when ‘t’ is replaced in equation by (t – b) it causes a translation or shift in the time axis resulting in the wavelet function. 

2.3 Scaling and Shifting 
Scaling a wavelet simply means stretching (or compressing) it. The effect of the scaling factor is very easy to see:
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Figure 2.1: General scaling

The scale factor works exactly the same with wavelets. The smaller the scale factor, the more "compressed" the wavelet.
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Figure 2.2: Scaling in wavelets

It is clear from the diagram that, for a sinusoid
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, the scale factor 
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 is related (inversely) to the radian frequency
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. Similarly, with wavelet analysis, the scale is related to the frequency of the signal.

Shifting a wavelet simply means delaying (or hastening) its onset. Mathematically, delaying a function [image: image13.png]
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Figure 2.3: Shifting in wavelets

2.4 Multi Resolution Analysis in WT
MULTI-RESOLUTION ANALYSIS analyzes the signal at different frequencies with different resolutions. But every spectral component is not resolved equally as was the case in the STFT.

MRA gives good time resolution and poor frequency resolution at high frequencies and good frequency resolution and poor time resolution at low frequencies. This approach is helpful when the signal at hand has high frequency components for short durations and low frequency components for long durations. 

2.5 Wavelet Properties

Various properties of wavelet transforms is described below: 

1) Regularity

2) The window for a function is the smallest space-set (or time-set) outside which function is identically zero.

3) The order of the polynomial that can be approximated is determined by number of vanishing moments of wavelets and is useful for compression purposes. 

4) The symmetry of the filters is given by wavelet symmetry. It helps to avoid de phasing in image processing. The Haar wavelet is the only symmetric wavelet among orthogonals. For biorthogonal wavelets both wavelet functions and scaling functions that are either symmetric or antisymmetric can be synthesized.
5) Orthogonality: Orthogonal filters lead to orthogonal wavelet basis functions; hence, the resulting wavelet transform is energy preserving. This implies that the mean square error (MSE) introduced during the quantization of the DWT coefficients is equal to the MSE in the reconstructed signal. This is desirable since it implies that the quantizer can be designed in the transform domain to take advantage of the wavelet decomposition structure. For orthogonal filter banks, the synthesis filters are transposes of analysis filters. However, in the case of 44 45 biorthogonal wavelets, the basis functions are not orthogonal and thus not energy preserving. Hence, we use the orthogonality parameter (OP) to measure the wavelet's deviation from orthogonality. It is given by:
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6) Filter length: Shorter synthesis basis functions are desired for minimizing distortion that affects the subjective quality of the image. Longer filters (that correspond to longer basis functions) are responsible for ringing noise in the reconstructed image at low bit rates.
7) Vanishing order (VO) is a measure of the compaction property of the wavelets. The synthesis wavelet, when orthogonal to the analysis scaling functions, is said to have p vanishing moments. In the case of orthogonal wavelets, the analysis wavelet function is same as the synthesis wavelet function. Thus, the synthesis as well as the analysis wavelets has the same vanishing moment. However, for biorthogonal wavelets, the analysis wavelet function 
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A higher vanishing moment corresponds to better accuracy of approximation at a particular resolution. Thus, the lowest frequency subband captures the input signal more accurately by concentrating a larger percentage of the image's energy in the LL subband. 

8) Non-smooth basis functions introduce artificial discontinuities under quantization. These discontinuities are the spurious artifacts in the reconstructed images. Smoothness of the synthesis scaling function is measured by the Sobolev exponent, 
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and VO (p) for Daubechies filters is shown in equation below (2.6). It can be observed that 
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increases as VO increases. We can see from the figures 2.4 to 2.7 that the scaling and wavelet functions for D10LA (
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Figure 2.6: Scaling function,
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9) Group delay difference (GDD) measures the deviation in group delay of the orthogonal wavelets from the linear phase group delay. GDD is calculated as the mean-squared-error of the filter's actual group delay from the ideal group delay in the pass band designed as in equation (2.4). For orthogonal wavelets, GDD is the same for both lowpass and highpass filters. As expected, the symmetric biorthogonal wavelets have zero GDD while the LA orthogonal wavelets exhibit small GDD. Non-zero GDD introduces a phase distortion that impacts encoding and decoding by altering the DWT subband structure. Figures 2.8 - 2.11 show an original image and its 2-level decomposition using D9LA, D9A and B22=1. The DWT results in a self-similar, hierarchical subband structure: the location of significant coefficients in the inner subbands correspond to the same relative position of the significant coefficients in coarser subbands. This is true only when the filters have constant group delay (GDD = 0) as observed in the case of biorthogonal wavelets (Figure 2.11). It is to be noted that the color gray corresponds to zero in Figures 2.8-2.11 while black and white correspond to high negative or positive values. For orthogonal wavelets, GDD > 0 results in different delays for different subbands. Figures 2.12 and 2.13 compare the passband group delay for the low and highpass filters of D9LA (solid) and D9A (dashed) with the ideal group delay (dotted). For the asymmetric wavelet D9A, with a large GDD of 33.45, the significant coefficients in inner subbands suffer large offsets (Figure 2.10) unlike the significant coefficients for biorthogonal wavelet that has GDD = 0 (Figure 2.11). 
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         Figure 2.8: Original image                       Figure 2.9: 1-level, 2D DWT of original   
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Figure 2.10: 1-level, 2D DWT of original           Figure 2.11: 1-level, 2D DWT of original             
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Figure 2.12: Group delay plots for LP filters: D9LA (solid), D9A (dashed) and ideal (dotted) in the passband.

[image: image40.emf]
Figure 2.13: Group delay plots for HP filters: D9LA (solid), D9A (dashed) and ideal (dotted) in the passband.

2.6 Types of Wavelet Transforms

It is a transform that provides the time -frequency representation simultaneously.

There are mainly two types of wavelet transforms-

1. Continuous Wavelet Transformation (CWT) 

2. Discrete Wavelet Transformation (DWT) 

Since our algorithm is to be based on discrete wavelet transform, so we will discuss only the concepts of DWT (leaving CWT as such) in the following paragraphs.

Two commonly used abbreviations are DWT and IDWT

DWT stands for Discrete Wavelet Transformation. It is the Transformation of sampled

data, e.g. transformation of values in an array, into wavelet coefficients.

IDWT is Inverse Discrete Wavelet Transformation: The inverse procedure that converts wavelet coefficients into the original sampled data.

2.6.1 Decomposition Process

The image is high and low-pass filtered along the rows. Results of each filter are down- sampled by two. The two sub-signals correspond to the high and low frequency components along the rows, each having a size N by N/2. Each of the sub-signals is then again high and low-pass filtered, but now along the column data and the results are again down-sampled by two.

[image: image41.emf]
Figure 2.14: One decomposition step of the two dimensional image

Hence, the original data is split into four sub-images each of size N/2 by N/2 and contains information from different frequency components. Figure 3.15 shows the block wise representation of decomposition step.

[image: image42.emf]
Figure 2.15: One DWT decomposition step

The LL subband obtained by low-pass filtering both the rows and columns, contains a rough description of the image and hence called the approximation subband. The HH Subband, high-pass filtered in both directions, contains the high-frequency components along the diagonals. The HL and LH images result from low-pass filtering in one direction and high-pass filtering in the other direction. LH contains mostly the vertical detail information, which corresponds to horizontal edges. HL represents the horizontal detail information from the vertical edges. The subbands HL, LH and HH are called the detail subbands since they add the high-frequency detail to the approximation image.

2.6.2 Composition Process

Figure 2.16 corresponds to the composition process. The four sub-images are up-sampled and then filtered with the corresponding inverse filters along the columns.

The result of the last step is added together and we have the original image again, with no information loss.

[image: image43.emf]
Figure 2.16: One composition step of the four sub images

With DWT we can decompose an image more than once. Mostly two ways for decomposition are used:

i.) Pyramidal decomposition

ii.) Packet decomposition

2.6.3 Pyramidal Decomposition

For the pyramidal decomposition further decompositions are applied only to the LL subband. Figure 2.17 shows a systematic diagram of three decomposition steps. At each level the detail subbands are the final results and only the approximation subband is further decomposed.

[image: image44.emf]
Figure 2.17: Three decomposition steps of an image using pyramidal decomposition

Figure 2.18 is an example of this decomposition process. It shows the “Lena" image after

one, two and three pyramidal decomposition steps.

[image: image45.emf]
Figure 2.18: Pyramidal decomposition of Lena image (1, 2 and 3 times)

2.6.4 Wavelet Packet Decomposition

For the wavelet packet decomposition we do not limit the decomposition to the

approximation subband and allow further wavelet decomposition of all subbands on all

levels. In figure 2.19 we show the system diagram for a complete two level wavelet packet decomposition.

[image: image46.emf]
Figure 2.19: Two complete decomposition steps using wavelet packet decomposition

The discrete wavelet transform is very efficient from the computational point of view. 

2.7 Wavelet Families

There are many members in the wavelet family, a few of them that are generally found to be more useful, are as per the following:

Haar wavelet is one of the oldest and simplest wavelet. Therefore, any discussion of wavelets starts with the Haar wavelet. Daubechies wavelets are the most popular wavelets. They represent the foundations of wavelet signal processing and are used in numerous applications. These are also called Maxflat wavelets as their frequency responses have maximum flatness at frequencies 0 and R. This is a very desirable property in some applications. The Haar, Daubechies, Symlets and Coiflets are compactly supported orthogonal wavelets. These wavelets along with Meyer wavelets are capable of perfect reconstruction. The Meyer, Morlet and Mexican Hat wavelets are symmetric in shape. The wavelets are chosen based on their shape and their ability to analyze the signal in a particular application.  Haar wavelet is discontinuous, and resembles a step function.
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                                          Figure 2.20: Haar wavelet

Daubechies- Daubechies are compactly supported orthonormal wavelets and found application in DWT. Its family has got nine members in it.
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Figure 2.21: Daubechies wavelets

Biorthogonal- This family of wavelets exhibits the property of linear phase, which is needed for signal and image reconstruction. By using two wavelets, one for decomposition (on the left side) and the other for reconstruction (on the right side) instead of the same single one, interesting properties are derived.
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Figure 2.22: Biorthogonal wavlets

Coiflets- The wavelet function has 2N moments equal to 0 and the scaling function has 2N-1 moments equal to 0. The two functions have a support of length 6N-1.
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Figure 2.23: Coiflets wavelets

Symlets- The symlets are nearly symmetrical wavelets. The properties of the two wavelet families are similar.
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Figure 2.24: Symlets wavelets

Morlet- This wavelet has no scaling function, but is explicit.
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Figure 2.25: Morlet wavelet

Mexican Hat- This wavelet has no scaling function and is derived from a function that is proportional to the second derivative function of the Gaussian probability density function.
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Figure 2.26: Mexican Hat wavelet

Meyer - The Meyer wavelet and scaling function are defined in the frequency domain.
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Figure 2.27: Meyer wavelet

Other Real Wavelets- Some other real wavelets available are Reverse Biorthogonal, Gaussian derivatives family, FIR based approximation of the Meyer wavelet.

Complex Wavelets- Some complex wavelet families available are Gaussian derivatives, Morlet, Frequency B-Spline, Shannon. 

2.8 Reasons for preferring Wavelet

Why we prefer compression in wavelet domain, because it has many advantages. Like:

a) Wavelet-based compression provides multi-resolution hierarchical characteristics. Hence an image can be compressed at different levels of resolution and can be sequentially processed from low resolution to high resolution.

b) High robustness to common signal processing.
c) Real time signals are both time-limited (or space limited in the case of images) and band-limited. Time-limited signals can be efficiently represented by a basis of block functions (Dirac delta functions for infinitesimal small blocks). But block functions are not band-limited. Band limited signals on the other hand can be efficiently represented by a Fourier basis. But sines and cosines are not time-limited. Wavelets are localized in both time (space) and frequency (scale) domains. Hence it is easy to capture local features in a signal. 

d) Another advantage of a wavelet basis is that it supports multi resolution. Consider the windowed Fourier transform. The effect of the window is to localize the signal being analyzed. Because a single window is used for all frequencies, the resolution of the analysis is same at all frequencies. To capture signal discontinuities (and spikes), one needs shorter windows, or shorter basis functions. At the same time, to analyze low frequency signal components, one needs longer basis functions. With wavelet based decomposition, the window sizes vary. Thus it allows analyzing the signal at different resolution levels.
           Chapter 3

Image Compression



3.1 Introduction

Image compression is the process of encoding information using fewer bits (or other information-bearing units) than an encoded representation would use through use of specific encoding schemes. Compression is useful because it helps reduce the consumption of expensive resources, such as hard disk space or transmission bandwidth (computing). On the downside, compressed data must be decompressed, and this extra processing may be detrimental to some applications. For instance, a compression scheme for image may require expensive hardware for the image to be decompressed fast enough to be viewed as it's being decompressed (the option of decompressing the image in full before watching it may be inconvenient, and requires storage space for the decompressed image). The design of data compression schemes therefore involves trade-offs among various factors, including the degree of compression, the amount of distortion introduced (if using a lossy compression scheme), and the computational resources required to compress and uncompress the data.

Image compression is an application of data compression on digital images. Image compression is minimizing the size in bytes of a graphics file without degrading the quality of the image to an unacceptable level. The reduction in file size allows more images to be stored in a given amount of disk or memory space. It also reduces the time required for images to be sent over the Internet or downloaded from Web pages. 

There are several different ways in which image files can be compressed. For Internet use, the two most common compressed graphic image formats are the JPEG format and the GIF format. The JPEG method is more often used for photographs, while the GIF method is commonly used for line art and other images in which geometric shapes are relatively simple.

Other techniques for image compression include the use of fractals and wavelets. These methods have not gained widespread acceptance for use on the Internet as of this writing. However, both methods offer promise because they offer higher compression ratios than the JPEG or GIF methods for some types of images. Another new method that may in time replace the GIF format is the PNG format.

3.2 History
 Morse code, invented in 1838 for use in telegraphy, is an early example of data compression based on using shorter codewords for letters such as "e" and "t" that are more common in English. Modern work on data compression began in the late 1940s with the development of information theory. In 1949 Claude Shannon and Robert Fano devised a systematic way to assign codewords based on probabilities of blocks. An optimal method for doing this was then found by David Huffman in 1951. Early implementations were typically done in hardware, with specific choices of codewords being made as compromises between compression and error correction. In the mid-1970s, the idea emerged of dynamically updating codewords for Huffman encoding, based on the actual data encountered. And in the late 1970s, with online storage of text files becoming common, software compression programs began to be developed, almost all based on adaptive Huffman coding. In 1977 Abraham Lempel and Jacob Ziv suggested the basic idea of pointer-based encoding. In the mid-1980s, following work by Terry Welch, the so-called LZW algorithm rapidly became the method of choice for most general-purpose compression systems. It was used in programs such as PKZIP, as well as in hardware devices such as modems. In the late 1980s, digital images became more common, and standards for compressing them emerged. In the early 1990s, lossy compression methods (to be discussed in the next section) also began to be widely used. Current image compression standards include: FAX CCITT 3 (run-length encoding, with codewords determined by Huffman coding from a definite distribution of run lengths); GIF (LZW); JPEG (lossy discrete cosine transform, then Huffman or arithmetic coding); BMP (run-length encoding, etc.); TIFF (FAX, JPEG, GIF, etc.). Typical compression ratios currently achieved for text are around 3:1, for line diagrams and text images around 3:1, and for photographic images around 2:1 lossless, and 20:1 lossy.

3.3 Image Compression Algorithms
Image compression can be lossy or lossless. Lossless compression is sometimes preferred for artificial images such as technical drawings, icons or comics. This is because lossy compression methods, especially when used at low bit rates, introduce compression artifacts. Lossless compression methods may also be preferred for high value content, such as medical imagery or image scans made for archival purposes. Lossy methods are especially suitable for natural images such as photos in applications where minor (sometimes imperceptible) loss of fidelity is acceptable to achieve a substantial reduction in bit rate.

3.3.1 Lossy image compression

A lossy compression method is one where compressing data and then decompressing it retrieves data that may well be different from the original, but is close enough to be useful in some way. Lossy compression is most commonly used to compress multimedia data (audio, video, still images), especially in applications such as streaming media and internet telephony. On the other hand lossless compression is required for text and data files, such as bank records, text articles, etc.

Lossy compression formats suffer from generation loss: repeatedly compressing and decompressing the file will cause it to progressively lose quality. This is in contrast with lossless data compression.

Information-theoretical foundations for lossy data compression are provided by rate-distortion theory. Much like the use of probability in optimal coding theory, rate-distortion theory heavily draws on Bayesian estimation and decision theory in order to model perceptual distortion and even aesthetic judgment.

Various Lossy Compression Methods are:

a. Cartesian Perceptual Compression: Also known as CPC 

b. DjVu 

c. Fractal compression

d. HAM, hardware compression of color information used in Amiga computers

e. ICER, used by the Mars Rovers: related to JPEG 2000 in its use of wavelets

f. JPEG 

g. JPEG 2000, JPEG's successor format that uses wavelets. 

h. JBIG2 

i. PGF, Progressive Graphics File (lossless or lossy compression) Wavelet compression

j. S3TC texture compression for 3-D computer graphics hardware 

3.3.2 Lossless Image Compression 

Lossless or reversible compression refers to compression techniques in which the reconstructed data exactly matches the original. Lossless compression denotes compression methods, which give quantitative bounds on the nature of the loss that is introduced. Such compression techniques provide the guarantee that no pixel difference between the original and the compressed image is above a given value. It finds potential applications in remote sensing, medical and space imaging, and multispectral image archiving.  In these applications the volume of the data would call for lossy compression for practical storage or transmission. However, the necessity to preserve the validity and precision of data for subsequent reconnaissance, diagnosis operations, forensic analysis, as well as scientific or clinical measurements, often imposes strict constraints on the reconstruction error. In such situations lossless compression becomes a viable solution, as, on the one hand, it provides significantly higher compression gains vis-à-vis lossless algorithms, and on the other hand it provides guaranteed bounds on the nature of loss introduced by compression. 

Another way to deal with the lossy-lossless dilemma faced in applications such as medical imaging and remote sensing is to use a successively refinable compression technique that provides a bit stream that leads to a progressive reconstruction of the image. Using wavelets, for example, one can obtain an embedded bit stream from which various levels of rate and distortion can be obtained.  In fact with reversible integer wavelets, one gets a progressive reconstruction capability all the way to lossless recovery of the original. Such techniques have been explored for potential use in tele-radiology where a physician typically requests portions of an image at increased quality (including lossless reconstruction) while accepting initial renderings and unimportant portions at lower quality, and thus reducing the overall bandwidth requirements. In fact, the new still image compression standard, JPEG 2000, provides such features in its extended form.

Various Loss-Less Compression Method are:

a. Run-length encoding – used as default method in PCX and as one of possible in BMP, TGA, TIFF 

b. Entropy coding 

c. Adaptive dictionary algorithms such as LZW – used in GIF and TIFF 

d. Deflation – used in PNG, MNG and TIFF

The usual steps involved in compressing and decompressing of image are  

Step 1: Specifying the Rate (bits available) and Distortion (tolerable error) parameters for the target image.  

Step 2: Dividing the image data into various classes, based on their importance.  

Step 3: Dividing the available bit budget among these classes, such that the distortion is a minimum.  

Step 4: Quantize each class separately using the bit allocation information derived in step 3.  

Step 5: Encode each class separately using an entropy coder and write to the file.  

Step 6: Reconstructing the image from the compressed data is usually a faster process than compression. The steps involved are  

Step 7: Read in the quantized data from the file, using an entropy decoder. (reverse of step 5).  

Step 8: Dequantize the data. (reverse of step 4).

Step 9: Rebuild the image. (reverse of step 2).  

3.4 Types of Image Compression

The various types of image compression methods are described below

3.4.1 Joint Photographic Experts Group (JPEG)

JPEG stands for Joint Photographic Experts Group, the original name of the Committee that wrote the standard. JPEG is designed for compressing full-color or gray-scale images of natural, real-world scenes.  It works well on photographs, naturalistic artwork, and similar material; not so well on lettering, simple cartoons, or line drawings. JPEG handles only still images, but there is a related standard called MPEG for motion pictures.

JPEG is "lossy," meaning that the decompressed image isn't quite the same as the one you started with.  (There are lossless image compression algorithms, but JPEG achieves much greater compression than is possible with lossless methods.)  JPEG is designed to exploit known limitations of the human eye, notably the fact that small color changes are perceived less accurately than small changes in brightness.  Thus, JPEG is intended for compressing images that will be looked at by humans.  If you plan to machine-analyze your images, the small errors introduced by JPEG may be a problem for you, even if they are invisible to the eye.

A useful property of JPEG is that the degree of lossiness can be varied by adjusting compression parameters.  This means that the image maker can trade off file size against output image quality.  You can make extremely small files if you don't mind poor quality; this is useful for applications such as indexing image archives. Conversely, if you aren't happy with the output quality at the default compression setting, you can jack up the quality until you are satisfied, and accept lesser compression.

Another important aspect of JPEG is that decoders can trade off decoding speed against image quality, by using fast but inaccurate approximations to the required calculations.  Some viewers obtain remarkable speedups in this way. (Encoders can also trade accuracy for speed, but there's usually less reason to make such a sacrifice when writing a file).

3.4.2 Graphics Interchange Format (GIF)
The Graphics Interchange Format (GIF) is an 8-bit-per-pixel bitmap image format that was introduced by CompuServe in 1987 and has since come into widespread usage on the World Wide Web due to its wide support and portability.

The format uses a palette of up to 256 distinct colors from the 24-bit RGB color space. It also supports animations and allows a separate palette of 256 colors for each frame. The color limitation makes the GIF format unsuitable for reproducing color photographs and other images with continuous color, but it is well-suited for more simple images such as graphics or logos with solid areas of color.

GIF images are compressed using the Lempel-Ziv-Welch (LZW) lossless data compression technique to reduce the file size without degrading the visual quality. This compression technique was patented in 1985. Controversy over the licensing agreement between the patent holder, Unisys, and CompuServe in 1994 inspired the development of the Portable Network Graphics (PNG) standard; since then all the relevant patents have expired.

3.4.3 Fractal image compression and decompression
Fractal compression is a lossy image compression method using fractals to achieve high levels of compression. The method is best suited for photographs of natural scenes (trees, mountains, ferns, clouds). The fractal compression technique relies on the fact that in certain images, parts of the image resemble other parts of the same image. Fractal algorithms convert these parts, or more precisely, geometric shapes into mathematical data called "fractal codes" which are used to recreate the encoded image. Fractal compression differs from pixel-based compression schemes such as JPEG, GIF and MPEG since no pixels are saved. Once an image has been converted into fractal code its relationship to a specific resolution has been lost; it becomes resolution independent. The image can be recreated to fill any screen size without the introduction of image artifacts or loss of sharpness that occurs in pixel-based compression schemes
The decompression scheme for image textures must be adapted to the specific characteristics of mobile systems including limitations of mobile media API. The scheme must deliver a relatively fast and inexpensive method to produce preferably very high compressed images. The main drawback of the presented scheme is a computationally expensive compression algorithm. Hence the coding of image textures must be performed on the server-side of a multi-tier system. The method is characterized by a number of relatively simple decoding algorithms. Several fractal-decoding methods have been developed to optimize the decompression process (Fisher, 1995, Skarbek, 1998). The hierarchical decoding method is one order of magnitude less computationally expensive than the iterative method. The texture can be decompressed in a finite predetermined number of steps that depend on partitioning the texture, rather than on the texture image itself. The hierarchical method was introduced only for range blocks of a fixed size. The scheme proposed in the paper is a modification of that method, extending the case of quad-tree partitioning (Malah and Sudskover, 1999). One of the most important properties of fractal image representation is the resolution independence of natural images, i.e., the so-called super resolution. In contrast to linear interpolation, which tends to blur the image texture, the fractal decompression method preserves the richness of details even at a resolution higher than the original one. In the implemented fractal compression scheme the chrominance information is averaged (Stachera and Nikiel, 2004). The super resolution property of the fractal decompression makes it possible to decompress the chrominance channels (hue, saturation) at the original resolution without the loss of visual details. The fractal decoding scheme starts with a fractal compressed image downloaded from a server on a mobile device. Image texture blocks with sizes depending on the search region are used during the compression process. The decompression scheme is based on a hierarchical decompression method. In the first step, the transformations for a given image texture block (range block and domain block sizes) are scaled by a factor of 1/2max (where 2max×2max is the size of the biggest range block) in order to approximate the highest level of the PIFS pyramid.

The transformation is applied at that level only once to approximate the fixed point f1/2max. Then the resolution is doubled. The process is repeated log2 (2max) times. The image decompression process can be described in the following steps, for each RGB component (starting from any non-empty image): 

1. The transformation is applied to the top level. 

2. The transformation is multiplied by 2.

3. The transformation is applied to the image. 

4. Steps 3 and 4 are repeated until the required resolution is achieved. A proposition of mobile fractal image decompression    
5. The data are buffered.

6. The image is converted from the YUV to RGB model which is ready for display.

3.4.4 Wavelet based image compression and decompression

Wavelet compression involves a way analyzing an uncompressed image in a recursive fashion, resulting in a series of higher resolution images, each “adding to” the information content in lower resolution images.

The primary steps in wavelet compression are performing a discrete wavelet Transformation (DWT), quantization of the wavelet-space image sub bands, and then encoding these sub bands.

Wavelet images by and of themselves are not compressed images; rather it is quantization and encoding stages that do the image compression. Image decompression, or reconstruction, is achieved by carrying out the above steps in reverse and inverse order. Thus, to restore the original image, the compressed image is decoded, dequantized, and then an inverse- DWT is performed.

Because wavelet compression inherently results in a set of multi-resolution images, it is well suited to working with large imagery which needs to be selectively viewed at different resolution, as only the levels containing the required level of detail need to be decompressed.

Wavelet mathematics embrace an entire range of methods each offering different properties and advantages. For example, it is possible to compress 3 or more dimensional imagery using wavelets. Wavelet compression has not been widely used because DWT operation takes a lot of compute power, and because historical techniques perform the DWT operation in memory or by storing intermediate results on hard disk. This limits either the size of the image that can be compressed, or the speed at which it can be compressed.

The following diagram shows  wavelet  based compression & decompression method
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Figure 3.1: Wavelet based image Compression
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Figure 3.2: Wavelet based image decompression 

3.5 Terminologies used in Image Compression

There are various types of terms that are used in calculation of image compression. Some are listed below:

3.5.1 Data compression ratio

It also known as compression power, is a computer-science term used to quantify the reduction in data-representation size produced by a data compression algorithm. The data compression ratio is analogous to the physical compression ratio used to measure physical compression of substances, and is defined in the same way, as the ratio between the uncompressed size and the compressed size:


[image: image55.wmf]             Compression Ratio = Uncompressed Size/Compressed Size                        (3.1)
Thus a representation that compresses a 10MB file to 2MB has a compression ratio of 10/2 = 5, often notated as an explicit ratio, 5:1 (read "five to one"), or as an implicit ratio, 5X. Note that this formulation applies equally for compression, where the uncompressed size is that of the original; and for decompression, where the uncompressed size is that of the reproduction.

Sometimes the space savings is given instead, which is defined as the reduction in size relative to the uncompressed size:

               Space Saving = [1- compressed Size/Uncompressed Size]                            (3.2)

Thus a representation that compresses 10MB file to 2MB would yield a space savings of 1 - 2/10 = 0.8, often notated as a percentage, 80%.

For signals of indefinite size, such as streaming audio and video, the compression ratio is defined in terms of uncompressed and compressed data rates instead of data sizes:

and instead of space savings, one speaks of data-rate savings, which is defined as the data-rate reduction relative to the uncompressed data rate:

             Data Rate Savings = [1- compressed data rate/Uncompressed data rate]         (3.3)

For example, uncompressed songs in CD format have a data rate of 16 bits/channel x 2 channels x 44.1 kHz x 1.4 Mbit/s, whereas AAC files on an iPod are typically compressed to 128 kbit/s, yielding a compression ratio of 11.025, for a data-rate savings of 0.91, or 91%.

When the uncompressed data rate is known, the compression ratio can be inferred from the compressed data rate.There is some confusion about the term 'compression ratio', particularly outside academia and commerce. In particular, some authors use the term 'compression ratio' to mean 'space savings', even though the latter is not a ratio; and others use the term 'compression ratio' to mean its inverse, even though that equates higher compression ratio with lower compression.

Lossless compression of digitized data such as video, digitized film, and audio preserves all the information, but can rarely do much better than 2:1 compression because of the intrinsic entropy of the data. In contrast, lossy compression (for example JPEG, or MP3) can achieve much higher compression ratios at the cost of a decrease in quality, as visual or audio compression artifacts from loss of important information are introduced.

3.5.2 Peak signal to noise ratio 

The phrase peak signal-to-noise ratio, often abbreviated PSNR, is an engineering term for the ratio between the maximum possible power of a signal and the power of corrupting noise that affects the fidelity of its representation. Because many signals have a very wide dynamic range, PSNR is usually expressed in terms of the logarithmic decibel scale.

The PSNR is most commonly used as a measure of quality of reconstruction in image compression etc. It is most easily defined via the mean squared error (MSE) which for two m×n monochrome images I and K where one of the images is considered a noisy approximation of the other is defined as:
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The PSNR is defined as:
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Here, MAXi is the maximum possible pixel value of the image. When the pixels are represented using 8 bits per sample, this is 255. More generally, when samples are represented using linear PCM with B bits per sample, MAXI is 2B-1.

For color images with three RGB values per pixel, the definition of PSNR is the same except the MSE is the sum over all squared value differences divided by image size and by three.

An identical image to the original will yield an undefined PSNR as the MSE will become equal to zero due to no error. In this case the PSNR value can be thought of as approaching infinity as the MSE approaches zero; this shows that a higher PSNR value provides a higher image quality. At the other end of the scale an image that comes out with all zero value pixels (black) compared to an original does not provide a PSNR of zero. This can be seen by observing the form, once again, of the MSE equation. Not all the original values will be a long distance from the zero value thus the PSNR of the image with all pixels at a value of zero is not the worst possible case.

3.5.3 Signal-to-noise ratio
It is an electrical engineering concept, also used in other fields (such as scientific measurements, biological cell signaling), defined as the ratio of a signal power to the noise power corrupting the signal.

In less technical terms, signal-to-noise ratio compares the level of a desired signal (such as music) to the level of background noise. The higher the ratio, the less obtrusive the background noise is.

In engineering, signal-to-noise ratio is a term for the power ratio between a signal (meaningful information) and the background noise:
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where P is average power and A is RMS amplitude. Both signal and noise power (or amplitude) must be measured at the same or equivalent points in a system, and within the same system bandwidth.

Because many signals have a very wide dynamic range, SNRs are usually expressed in terms of the logarithmic decibel scale. In decibels, the SNR is, by definition, 10 times the logarithm of the power ratio. If the signal and the noise is measured across the same impedance then the SNR can be obtained by calculating 20 times the base-10 logarithm of the amplitude ratio:
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In image processing, the SNR of an image is usually defined as the ratio of the mean pixel value to the standard deviation of the pixel values. Related measures are the "contrast ratio" and the "contrast-to-noise ratio". The connection between optical power and voltage in an imaging system is linear. This usually means that the SNR of the electrical signal is calculated by the 10 log rule. With an interferometric system, however, where interest lies in the signal from one arm only, the field of the electromagnetic wave is proportional to the voltage (assuming that the intensity in the second, the reference arm is constant). Therefore the optical power of the measurement arm is directly proportional to the electrical power and electrical signals from optical interferometry are following the 20 log rule. The Rose criterion (named after Albert Rose) states that an SNR of at least 5 is needed to be able to distinguish image features at 100% certainty. An SNR less than 5 means less than 100% certainty in identifying image details.

3.5.4 Mean Squared Error

In statistics, the mean squared error or MSE of an estimator is one of many ways to quantify the amount by which an estimator differs from the true value of the quantity  being estimated. As a loss function, MSE is called squared error loss. MSE measures the  average of the square of the "error." The error is the amount by which the  estimator differs from the quantity to be estimated. The difference occurs because of randomness or 

because the estimator doesn't account for information that could produce  a more accurate estimate.

The MSE is the second moment (about the origin) of the error, and thus incorporates both the variance of the estimator and its bias. For an unbiased estimator, the MSE is the variance. Like the variance, MSE has the same unit of measurement as the square of the quantity being estimated. In an analogy to standard deviation, taking the square root of MSE yields the root mean sqaure error or RMSE, which has the same units as the quantity being estimated; for an unbiased estimator, the RMSE is the square root of the variance, known as the standard error.

Definition and basic properties
The MSE of an estimator  ((with respect to the estimated parameter θ is defined as

MSE((()=E((((-()2).                                                      (3.8)

The MSE can be written as the sum of the variance and the squared bias of the estimator

MSE((()=Var((()+(Bias(((,())2.                                    (3.9)

The MSE thus assesses the quality of an estimator in terms of its variation and unbiasedness. Note that the MSE is not equivalent to the expected value of the absolute error.

In a statistical model where the estimand is unknown, the MSE is a random variable whose value must be estimated. This is usually done by the sample mean
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with θj being realizations of the estimator ((of size n.

3.6 Medical Image Compression

In many Medical Applications, for fast interactivity while browsing through large sets of images (e.g. volumetric data sets, time sequences of images, image databases) or, for searching context dependent detailed image structures, and/or quantitative analysis of the measured data Compression is required. In medical imaging, the lose of any information When storing or transmitting an image is unbearable. There is a broad range of medical image sources, and for most of them discarding small image details that might be an indication of pathology could alter a diagnosis, causing severe human and legal consequences.

On the other hand concepts like progressive data transmission and prioritization of regions of interests (ROIs) – and thus inherently support for lossy coding – are as important. Fast image inspection of large volumes of images transmitted over low bandwidth channels like ISDN, public switched telephone, or satellite networks (traditionally known as teleradiology), requires compression schemes with such progressive transmission capabilities. Moreover, optimal rate-distortion performance over the complete range of bit-rates that is requested by the application should also be considered. The new standard for 2D image coding JPEG2000 (based on the wavelet transform) clearly outperforms its predecessor JPEG (based on the DCT) at low bit-rates, and it supports the important functionality of lossy-to-lossless coding. Additionally, the increasing use of three dimensional imaging modalities, like Magnetic Resonance Imaging (MRI), Computerized Tomography (CT), Ultrasound (US), Single Photon Emission Computed Tomography (SPECT) and Positron Emission Tomography (PET) triggers the need for efficient techniques to transport and store the related volumetric data. In this context, it is meaningful that the ISO/IEC JTC1/SC29/WG1 committee recently decided to develop an extension of JPEG2000, namely JP3D (Part 10) that gives support to three-dimensional encoding mechanisms. Typical examples of existing 3-D wavelet-based coding engines are octave zero-tree based wavelet coding, 3-D SPIHT (Set Partitioning in Hierarchical Trees) and layered zero wavelet coding. Currently, these coders deliver the best performance for lossy-to-lossless coding                                     

   Chapter  4

Biomedical Imaging



The term image refers to a two-dimensional light intensity f (x,y), where x and y denote spatial coordinates and the value of f at any point (x, y) is proportional to the brightness (or gray level) of the image at that point.

4.1 Digital Image
The term digital image refers to an image f (x, y) that has been discretised both in spatial coordinates and brightness. A digital image can be considered a matrix whose row and column indices identify a point in the image and the corresponding matrix element value identifies the gray level at that point. The elements of such a digital array are called picels (picture elements), or more commonly pixels. Images are built up of pixels that contain color information and are aligned with the Cartesian coordinate system. The zero point is found at the top-left corner of the image (in PostScript, for example, the zero point is found at the bottom-left corner of the page). The image’s width is represented by the variable N the image’s height with the variable M as shown below:

[image: image61.wmf]
4.2 Types of Imaging

Some of the imaging techniques are described below

4.2.1 X-rays

X-rays use beams of ionizing radiation to expose photographic film. Placing the human body between the beam and the film leaves an image of the body on the film. When radiation penetrates into the tissues easily black areas are seen, for example air in the lungs on a chest x-ray. Bones appear white because they are hardest to penetrate. X-rays are a good way of looking at bones and air inside the human body but they do not show up soft tissues well. X-rays have smaller wavelengths and therefore higher energy than ultraviolet waves.
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Figure 4.1: Chest x-ray image

The ability to apply power densities controllably at or above vigorous thermonuclear Levels (>1019 W cm-3) in materials is the basic issue for achieving efficient amplification of x-rays. Recent experimental and theoretical findings concerning (i) the multiphoton production of x-ray from cluster and (ii) high-intensity modes of channeled propagation in plasmas indicate an entirely new method for producing the conditions necessary for strong amplification in the multi-kV range. These two new non-linear phenomena are being united to produce and control the imperative power compression; the multiphoton mechanism serves to establish the condition locally while the confined propagation provides the required spatial organization.

4.2.2 Ultrasound scans

Ultrasound scans uses high frequency sound waves, which are emitted from a probe. Ultrasound is cyclic sound pressure with a frequency greater than the upper limit of human hearing. Although this limit varies from person to person, it is approximately 20 kilohertz (20,000 hertz) in healthy, young adults and thus, 20 kHz serves as a useful lower limit in describing ultrasound. The echoes that bounce back from structures in the body are shown on a screen. The structures can be much more clearly seen when moving the probe over the body and watching the image on the screen. 
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Figure 4.2: Ultrasound scan of normal prostate gland

The most difficult problems in teleultrasound system lies in transmitting the large amount of ultrasound data in real-time through the comparatively limited signal channel, such as the traditional telephone line. In teleultrasound system, it is generally true for the real-time diagnosis that a sequence of 512*512*8bit with 30 frame/sec ultrasound images requires 63Mbit/sec transmission rate. So the technology of data compression shall be applied. Furthermore, lossless or near-lossless compression is required because of their medical applications. This makes it critic to choose the algorithm cautiously and to process the large amount data at a very high speed.

4.2.3 Computerized Tomography (CT) scan

It uses multiple x-rays (ionizing radiation) to create a slice-by-slice image of the body. The slices (scans) are viewed as if you are looking up through the feet of the person to see the cross section. Therefore, a right-sided organ such as the liver appears on the left of the image. These can be used to take an accurate biopsy.
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                                        Figure 4.3: Computerized Tomography scan

The medical enterprise depends on a system that makes diagnostic images available for radio logic interpretation, that transmits images to physicians throughout the system, and that efficiently stores images pending retrieval for future medical or legal purposes. Computerized medical imaging generates large, data-rich electronic files. To speed electronic transfer and minimize computer storage space, medical images often undergo compression into smaller digital files.

In spite of growing trend toward the Picture Archiving and Communications System (PACS), a tremendous number of images generated at the medical treatment facilities (2 Terabyte/year for a 350-bed prototypical hospital) surpasses the current archival capacity and lengthens the overall response time of PACS. Image compression can be a valuable technology in mitigating these problems. DEI scheme produces compression ratios up to 12 to 1 without any visible degradation in the compressed X-ray CT images. The DEI scheme, which takes advantage of correlation between adjacent slices in the body, achieves a higher SNR at the same bits per pixel than the 2-D DCT

4.2.4 Magnetic Resonance Imaging (MRI) scan 

MRI - images are similar to CT images except they show up the details of soft tissue better. MRI scans do not use X-rays but use a strong pulsed magnetic force to polarize cells - line up the (electrons) and measure the energy given off by the electrons when they bounce back into their normal orbits in-between pulses.
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Figure 4.4: Magnetic Resonance Imaging (MRI) scan

4.2.5 Mammography

Mammography is the process of using low-dose X-rays (usually around 0.7 mSv) to examine the human breast. It is used to look for different types of tumors and cysts. Mammography has been proven to reduce mortality from breast cancer. No other imaging technique has been shown to reduce risk, but breast self-examination (BSE) and physician examination are essential parts of regular breast care. At this time, mammography along with physical breast examination is still the modality of choice for screening for early breast cancer. It is the gold-standard which other imaging tests are compared with. CT has no role in screening for breast cancer at the present. Ultrasound, ductography, and magnetic resonance imaging are adjuncts to mammography. Ultrasound is typically used for further evaluation of masses found on mammography or palpable masses not seen on mammograms.

Digital mammography, also called full-field digital mammography (FFDM), is a mammography system in which the x-ray film is replaced by solid-state detectors that convert x-rays into electrical signals. These detectors are similar to those found in digital cameras. The electrical signals are used to produce images of the breast that can be seen on a computer screen or printed on special film similar to conventional mammograms. From the patient's point of view, digital mammography is essentially the same as the screen-film system.
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Figure 4.5: Mammogram of breast tissue

The digital mammography requires high spatial resolution and high gray-level resolution. These requirements result in very large image file sizes. Thus, the image transmission and image quality are very important problems in clinical diagnose. Several lossy image compression techniques have been developed to handle this issue. To improve these obstacles, we develop a statistical-based sub-band filtering technique for digital mammogram to increase the compression ratio and apply on the digital mammogram to enhance the disease part, and inhibit the noise in the image. By the way, the digital mammogram data can be compressed effectively and the image quality can also be improved conspicuously

4.2.6 Optical imaging

It is an imaging technique that involves inference from the deflection of light emitted from a laser or infrared source due to anatomic or chemical properties of material (e.g. cell tissue). Optical imaging systems may be divided into diffusive and ballistic imaging systems.

Diffusive optical imaging is a technique that gives cognitive neuroscientists the ability to simultaneously obtain information about the source of neural activity as well as its time course. In other words, it allows them to "see" neural activity and study the functioning of the brain.

 Ballistic optical imaging systems ignore the diffused photons and rely only on the ballistic photons to create high-resolution (near diffraction limited) images through scattering media.


[image: image67.png]



Figure 4.6: An optical image

To minimize the complexity of the implementation, to increase system reliability and reduce mass, power consumption and size, we need to do compression of data (images). Also users of scientific data require maximum performance from the compression algorithm in terms of integrity of radiometric information along all the spectral bands.

4.2.7 Infrared imaging

This type of imaging is also called as Infrared Thermography/thermal imaging/thermal video. Thermographic cameras detect radiation in the infrared range of the electromagnetic spectrum (roughly 900–14,000 nanometers or 0.9–14 μm) and produce images of that radiation. Since all objects based on their temperatures, according to the black body radiation law, emit infrared radiation thermography makes it possible to "see" one's environment with or without visible illumination. 
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Figure 4.7: Infrared images of varicocele.

The amount of radiation emitted by an object increases with temperature, therefore thermography allows one to see variations in temperature (hence the name). When viewed by thermographic camera, warm objects stand out well against cooler backgrounds; humans and other warmblooded animals become easily visible against the environment, day or night. These images are used in various fields like Industrial, Military, Research, and medical for various purposes. However their use is limited because of the presence of noise.

The far infrared medical imaging technique, based on the principle of infrared radiation, mainly researches the temperature distribution of the human body or parts thereof. Its merit includes: non-invasive, radiation-free, economical, intuitionistic, and so on. It is widely being used in clinical diagnostics and scientific research and becoming a new biomedical functional imaging technique. Because of the need of clinical diagnostics and parameter of the lens, every pixel is stored in float number. The images for one person captured according to which suggests 27 standard views require, assuming a thermal lens with 320× 240(14b/p) resolution, more than 8 megabytes of disk space. Furthermore, the image contains some useless background and bad pixels which affect the clinical diagnostics and compression result.

Chapter 5

Problem Formulation



Compression methods are important in many medical applications to ensure fast interactivity during browsing through large sets of images (e.g. volumetric data sets, time sequences of images, image databases), for searching context dependent detailed image structures, and/or quantitative analysis of the measured data. In medical imaging, it is not acceptable to lose any information when storing or transmitting an image. There is a broad range of medical image sources, and for most of them discarding small image details that might be an indication of pathology could alter a diagnosis, causing severe human and legal consequences.

We have study the role of Different Wavelet Families in compression performance of an image in context of various kinds of biomedical images. Since in case of biomedical images loss is in-diagnostically area of an image is not tolerable above a certain limit. So we fix the measure of image quality PSNR value (PSNR – Peak Signal to Noise Ratio) of compression method.

PSNR can be calculated as 

                                                  PSNR = 10log10(255x255/MSE).                              (5.1)

For a fix value of PSNR we tested different biomedical images with different Wavelet image compression method each time a different wavelet family is used and compression ratio is calculated. We perform this operation for three different levels of PSNR = 6, 15, 24.

For each PSNR value we test an image with different types of Wavelets and calculate the compression ratio with each Wavelet function. On the basis of the compression ratio we can suggest the most suitable Wavelet function for a given type of image.

5.1 Algorithm for image compression using Wavelet

In order to decide the most appropriate Wavelet function for a particular type of biomedical image we use the following algorithm ----

5.1.1 First level signal decomposition 

First we do single level of decomposition of the image and calculate different image vectors ---------

    

[cA1, cH1, cV1, cD1] = dwt2(X, 'wname');
Above statement computes the approximation coefficients matrix cA and details coefficients matrices cH, cV, and cD (horizontal, vertical, and diagonal, respectively), obtained by wavelet decomposition of the input biomedical image X. The 'wname' string contains the wavelet name.

Figure 5.1 is the output of first level image decomposition.
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Figure 5.1: First level image decomposition

5.1.2 Image Coding

In the next step we perform the image coding through
  

  [C, S] = wavedec2(X,1,'wname');
This returns the wavelet decomposition of the matrix X at level 1, using the wavelet named in string ‘wname’.

5.1.3 Image Reconstruction 

In the next step the image reconstruction of first level of decomposition takes place out = idwt2(cA1,cH1,cV1,cD1,'wname'); 

idwt2 uses the wavelet 'wname' to compute the single-level reconstructed approximation coefficients matrix X, based on approximation matrix cA and details matrices cH, cV, and cD (horizontal, vertical, and diagonal, respectively).

Figure 5.2 is the output for the first level compression this contains both original image and reconstructed image after first level of decomposition.
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Figure 5.2: Original and reconstructed image

5.1.4 Second level image decomposition

After this first level of compression result we perform the second level of image decomposition and calculate the respective image vectors.

 [C,S] = wavedec2(X,2,'wname');

This returns the wavelet decomposition of the matrix X at level 2, using the wavelet named in string ‘wname’

A2 = wrcoef2 ('a', C, S, 'wname', 2);

A1 = wrcoef2 ('a', C, S, 'wname', 1);

H1 = wrcoef2 ('h', C, S, 'wname', 1); 

V1 = wrcoef2 ('v', C, S, 'wname', 1); 

D1 = wrcoef2 ('d', C, S, 'wname', 1); 

H2 = wrcoef2 ('h', C, S, ’wname', 2);

V2 = wrcoef2 ('v', C, S, 'wname', 2); 

D2 = wrcoef2 ('d', C, S, 'wname', 2);

Function wrcoef2 is a two-dimensional wavelet analysis function which is use here to reconstructs the coefficients of the image. This function Reconstruct approximations, horizontal, vertical, and diagonal vector of the given image.

X = wrcoef2 ('type', C, S, 'wname' ,N);

Computes the matrix of reconstructed coefficients of level N, based on the wavelet decomposition structure [C,S]. ‘Wname' is a string containing the name of the wavelet. If 'type' = 'a', approximation coefficients are reconstructed; otherwise if 'type' = 'h' ('v' or’d’, respectively), horizontal (vertical or diagonal, respectively) detail coefficients are reconstructed.

Level N must be an integer such that 0  N  size(S,1)-2 if 'type' = 'a' and such that 1  N  size(S,1)-2 if 'type' = 'h', 'v', or 'd'.

The figure 5.3  shows the output of second level image decomposition.
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Figure 5.3: Second level image decomposition

5.1.5 Compression decompression and Filters

In the next step we calculate the different filters with the given type of Wavelet function.

     [Lo_D, Hi_D, Lo_R, Hi_R] = wfilters ('wname');
This computes four filters associated with the orthogonal or bi-orthogonal wavelet named in the string 'wname'.

The four output filters are

Lo_D, the decomposition low-pass filter

Hi_D, the decomposition high-pass filter

Lo_R, the reconstruction low-pass filter

Hi_R, the reconstruction high-pass filter

After this we perform multilevel decomposition with the given Wavelet function. 

[c, s]=wavedec2(uint8(X), n, Lo_D, Hi_D);

Lo_D is the decomposition low-pass filter and Hi_D is the decomposition high-pass filter.

Vector C is organized as

C = [A (N) | H (N) | V (N) | D (N) | ... 

H (N-1) | V (N-1) | D (N-1) | ... | H (1) | V (1) | D (1) ].

Where A, H, V, D, are row vectors such that

A = approximation coefficients

H = horizontal detail coefficients

V = vertical detail coefficients

D = diagonal detail coefficients

Each vector is the vector column-wise storage of a matrix.

Matrix S is such that

S (1, :) = size of approximation coefficients(N).

S(i,:) = size of detail coefficients(N-i+2) for i = 2, ...N+1 and S(N+2,:) = size(X).
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Figure 5.4: Matrix of vectors

Next to this we calculate the default value for the compression. 

    
[THR, SORH, KEEPAPP, CRIT] = DDENCMP ('cmp', 'wp' ,uint8(X));

This function returns default values for de-noising or compression, using wavelets or wavelet packets, of an input vector or matrix X, which can be a one- or two-dimensional signal. THR is the threshold, SORH is for soft or hard thresholding, KEEPAPP allows you to keep approximation coefficients, and CRIT (used only for wavelet packets) is the entropy name.

Here we use first parameter as ‘cmp’ which generate outputs for compression, and ‘wp’ stands for wavelet packet.

5.1.6 Compression

The output of the last step is used make the compression using Wavelet packet.

[XC, TREED, PERF0, PERFL2] = WPDENCMP (X, SORH, 2, wname', CRIT, THR, KEEPAPP);

WPDENCMP performs a de-noising or compression process of a signal or an image, using wavelet packet. The ideas and the procedures for de-noising and compression using wavelet packet decomposition are the same as those used in the wavelets framework (see wden and wdencmp for more information).

[XD, TREED, PERF0, PERFL2] = wpdencmp ( X, SORH, N, 'wname', CRIT, PAR, KEEPAPP) 

returns a de-noised or compressed version XD of input signal X (one- or two-dimensional) obtained by wavelet packets coefficients thresholding. 

The additional output argument TREED is the wavelet packet best tree decomposition of XD. PERFL2 and PERF0 are L2 energy recovery and compression scores in percentages. 

PERFL2 = 100 * (vector-norm of WP-cfs of XD / vector-norm of WP-cfs of X)2. 

If X is a one-dimensional signal and 'wname' an orthogonal wavelet, PERFL2 is reduced to
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                                                         (5.2)

SORH ('s' or 'h') is for soft or hard thresholding. 

Wavelet packet decomposition is performed at level N and 'wname' is a string containing the wavelet name. Best decomposition is performed using entropy criterion defined by string CRIT and parameter PAR Threshold parameter is also PAR. If KEEPAPP = 1, approximation coefficients cannot be thresholded; otherwise, they can be. 

[XD, TREED, PERF0, PERFL2] = wpdencmp (TREE, SORH, CRIT, PAR, KEEPAPP) 

has the same output arguments, using the same options as above, but obtained directly from the input wavelet packet tree decomposition TREE of the signal to be de-noised or compressed.

In addition if CRIT = 'nobest' no optimization is done and the current decomposition is thresholded.

Below figure 5.5 shows the original image and image after second level reconstruction.
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Figure 5.5: Original and Reconstructed image

5.2 Performance analysis
In the above algorithm we fix the threshold value for a given type of image and a set of inspection. We have calculated the compression ratio in the last step as PERFO indicates the compression value. We can calculate the PSNR as below –

                            PSNR = 10log10 (255x255/MSE).

Where MSE is mean-square error (MSE)] usually expressed in decibels (dB).

The MSE measurement the total squared difference between the original signal and the reconstructed one is averaged over the entire signal.

As the PSNR value is fixed we can analyze the compression ratio of a particular medical image with every type of Wavelet function and can decide which Wavelet is most suitable for that particular type of biomedical image.

We have taken 3 different value of PSNR and check each image for the most suitable Wavelet function with each PSNR level.

As the PSNR level is fixed we can insure the diagnostabilty of the image will not hamper till the level of compression ratio and can also suggest the appropriate Wavelet function to achieve the maximum compression without hampering the diagnostability of the image.Figure 5.6  shows the compressed output image after reconstruction.
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Figure 5.6: Final output image

Chapter 6 

Simulation and Testing



In this work we will decide that which wavelet function is suitable for a given biomedical image. In our study we have taken four different types of biomedical images 

1. X-Ray Image

2. MRI Image

3. Ultrasound Image

4. Mammography Image

We will perform different wavelet compression to these images in a way that the PSNR value will be constant for a given type of image. We will analyses the compression ratio produce by each wavelet function, and will select the wavelet function that produces the maximum compression ratio for a given type of biomedical image as the best suited wavelet for that type of biomedical image compression.

The compression is executed in two steps first we perform first level of image decomposition and the second level of image decomposition takes place. After second level of decomposition we reconstruct the compressed image and calculate the threshold of the compression and PSNR. The threshold and PSNR are set in a way that their values will always be a constant for a given type of image compression. We keep on repeating this compression for different type of wavelet functions and calculate the compression ratio that can be achieved with each of them.

Below is the output of the each type of image compression with different types of wavelet functions.

The PSNR value in this case will always be fixed to 5.9866.

6.1 Analysis of X-Ray Images

The X- Ray images will be analyzed for different Wavelet transforms.

6.1.1 With HAAR wavelet function

Firstly we will take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

              The number of rows in input image are = 256

             The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.1
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Figure 6.1: First level decomposition of x-ray images using HAAR WT

Here we declared a specific threshold level, on the basis of that we will recover the original image. We will go to the1-level compressed image where the reconstruction is done according to HAAR method.

Step 2: Second level decomposition vectors 

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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          Figure 6.2: Second level decomposition of x-ray images using HAAR WT

Step 3: Resultant Image
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Figure 6.3: Resultant x-ray image using HAAR WT

In figure 6.3, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

Compression ratio achieved is = 3.1591

6.1.2 With Daubechies Wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.4
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Figure 6.4: First level decomposition of x-ray images using Daubechies WT

Here we declared a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Daubechies method.

Step 2: Second level decomposition vectors

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure 6.5: First level decomposition of x-ray images using Daubechies WT

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image.

Step 3: Resultant Image
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Figure 6.6: Resultant image of x-ray image using Daubechies WT

In figure 6.6, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866.

The compression ratio achieved = 3.0691

6.1.3 With Coiflets Wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.7
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Figure6.7: First level decomposition of x-ray images using Coiflets WT

Here also, we declared a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Coiflets method.

Step 2: Second level decomposition vectors 

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.8: Second level decomposition of x-ray images using Coiflets WT

Step 3: Resultant Image
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Figure6.9: Resultant of x-ray images using Coiflets WT

In figure 6.9, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 2.7399

6.1.4 With Biorthogonal Wavelet function - bior6.8

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.10
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Figure6.10: First level decomposition of x-ray images using Biorthogonal WT

Here we declared a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Biorthogonal method
Step 2: Second level decomposition vectors

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.11: Second level decomposition of x-ray images using Biorthogonal WT

Step 3: Resultant Image
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Figure6.12: Resultant of x-ray images using Biorthogonal WT

In figure 6.12, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 2.6914

6.2 Analysis of MRI Images

Now, we will analyze compression of MRI images using different wavelet transforms.

6.2.1 With HAAR wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.13
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Figure6.13: First level decomposition of MRI images using HAAR WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to HAAR method
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.14: Second level decomposition of MRI images using HAAR WT

Resultant Image
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Figure6.15: Resultant of MRI images using HAAR WT

In figure 6.15, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 3.5227

6.2.2 With Daubechies Wavelet function

Now applying Daubechies wavelet functions to MRI images

Step 1: First level decomposition vectors
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Figure6.16: First level decomposition of MRI images using Daubechies WT

Here again, we declared a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Daubechies method
Step 2: Second level decomposition vectors 

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.17: Second level decomposition of MRI images using Daubechies WT

Step 3: Resultant Image
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Figure6.18: Resultant of MRI images using Daubechies WT

In figure 6.18, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 2.1582

6.2.3 With Coiflets Wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.19
[image: image94.png]Approximation Al Horizontal Detail H1





Figure6.19: First level decomposition of MRI images using Coiflets WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Coiflets method
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.20: Second level decomposition of MRI images using Coiflets WT

Step 3: Resultant Image
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Figure6.21: Resultant of MRI images using Coiflets WT

In figure 6.21, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 1.9607

6.2.4 With Biorthogonal Wavelet function - bior6.8

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.22
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Figure6.22: First level decomposition of MRI images using Biorthogonal WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Biorthogonal method
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 

[image: image98.png]Approximation A1 Horizontal Detail H1 Vertical Detail V1 Diaganal Detail D1

,_,«

100 200 300 100 200 300 100 200 300 100 200 300

Approximation A2 Horizontal Detail H2 Vertical Detail V2 Diagonal Detail D2

100 200 300 100 200 300




Figure6.23: Second level decomposition of MRI images using Biorthogonal WT

Step 3: Resultant Image
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Figure6.24: Resultant of MRI images using Biorthogonal WT

In figure 6.24, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 1.9608

6.3 Analysis of Ultrasound Images

Next, input image will be ultrasound image and. its compression will be studied.

6.3.1 With HAAR wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension, i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.25
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Figure6.25: First level decomposition of Ultra sound images using HAAR WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Haar method
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.26: Second level decomposition of ultrasound images using HAAR WT

Resultant Image
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Figure6.27: Resultant ultrasound images using HAAR WT

In figure 6.27, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 3.0063

6.3.2 With Daubechies Wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.28
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Figure 6.28: First level decomposition of Ultra sound images using Daubechies WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Daubechies method
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.29: Second level decomposition of ultrasound images using Daubechies WT

Step 3: Resultant Image
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Figure6.30: Resultant ultrasound images using Daubechies WT

In figure 6.30, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 3.4008

6.3.3 With Coiflets Wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension, i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.31
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Figure 6.31: First level decomposition of Ultra sound images using Coiflets WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Coiflets method
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.32: Second level decomposition of ultrasound images using Coiflets WT

Step 3: Resultant Image
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Figure6.33: Resultant ultrasound images using Coiflets WT

In figure 6.33, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 2.8208

6.3.4 With Biorthogonal Wavelet function - bior6.8

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step1 : First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.34
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Figure 6.34: First level decomposition of Ultra sound images using Biorthogonal WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Biorthogonal method.
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image. 
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Figure6.35: Second level decomposition of ultrasound images using Biorthogonal WT

Step 3: Resultant Image
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Figure6.36: Resultant ultrasound images using Biorthogonal WT

In figure 6.36, we will get the final 2-stage reconstructed image, whose PSNR value is 5.9866 .

The compression ratio achieved = 2.7560

6.4 Analysis of Mammography Images

6.4.1 With HAAR wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.37
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Figure6.37: First level decomposition of Mammography images using HAAR WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Haar method.

Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image
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Figure 6.38:Second level decomposition of Mammogrphy images using HAAR WT

Step 3: Resultant Image
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Figure6.39: Resultant mammography images using HAAR WT

The compression ratio achieved = 3.0804

6.4.2 With Daubechies Wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.40
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Figure6.40: First level decomposition of Mammography images using Daubechies WT

Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Daubechies method.

Step 2: Second level decomposition vectors 

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstructionof original image. 
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Figure 6.41: Second level decomposition of Mammogrphy images using Daubechies WT

Step 3: Resultant Image
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Figure6.42: Resultant mammography images using Daubechies WT

             The compression ratio achieved = 2.4749

6.4.3 With Coiflets Wavelet function

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors
We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.43
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Figure6.43: First level decomposition of Mammography images using Coiflets WT

  Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Coiflets method
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image                            
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Figure 6.44: Second level decomposition of Mammogrphy images using Coiflets WT

Step 3: Resultant Image
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Figure6.45: Resultant mammography images using Coiflets WT

The compression ratio achieved = 3.3726

6.4.4 With Biorthogonal Wavelet function - bior6.8

Firstly we take the sample image. After that we will convert that image in 256*256 dimension , i.e. 

The number of rows in input image are = 256

The number of columns in input image are = 256

Step 1: First level decomposition vectors

We will do the first level decomposition for the test image taken by us, in which we  will do it in four types –Approximation, horizontal, vertical and diagonal, as shown in figure 6.46
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Figure6.46: First level decomposition of Mammography images using Biorthogonal WT

  Here we declare a specific threshold level, on the basis of that we recover the original image. We will got the1-level compressed image where the reconstruction is done according to Biorthogonal method
Step 2: Second level decomposition vectors   

In the same way, for 2-level reconstruction, firstly we set a threshold level, on the basis of which, we can take all the horizontal vertical and diagonal view for the reconstruction of original image                            
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Figure 6.47: Second level decomposition of Mammogrphy images using Biorthogonal WT

   Step 3: Resultant Image
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Figure6.48: Resultant mammography images using H Biorthogonal WT

The compression ratio achieved = 2.0253

Chapter 7

Results and Discussion



7.1  Analysis of X-Ray Images

For X-Rays Images we have analyses the compression ratio with different wavelet functions for PSNR = 5.9866. By this analysis we have observed that for MRI Images ‘haar’ wavelet can perform relatively better than other Wavelet functions. By using ‘haar’ Wavelet we can achieve compression ratio upto 3.1591.

Table 7.1: Compression ratio of x-ray images for different wavelet functions

	Type of Wavelet function
	Compression Ratio

	Haar Wavelet
	3.1591

	Coiflets Wavelet  (coif5)
	2.7399

	Daubechies Wavelet (dB4)
	3.0691

	Biorthogonal Wavelet - bior6.8
	2.6914


Graph

[image: image124.png]a5

Compression Value

05

haar

coilets
Wavelet Functions.

Daubechies

Biothogonal




Figure 7.1: Graph between various wavelet functions and their compression ratios for x-ray images

7.2 Analysis of MRI Images

For MRI Images we have analyses the compression ratio with different wavelet functions for PSNR = 5.9866. By this analysis we have observed that for MRI Images ‘haar’ wavelet can perform relatively better than other Wavelet functions. By using ‘haar’ Wavelet we can achieve compression ratio upto 3.5227.

Table 7.2: Compression ratio of MRI images for different wavelet functions

	Type of Wavelet function
	Compression Ratio

	Haar Wavelet
	3.5227

	Coiflets Wavelet  (coif5)
	1.9607

	Daubechies Wavelet (dB4)
	2.1582

	Biorthogonal Wavelet - bior6.8
	1.9608
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Figure 7.2: Graph between various wavelet functions and their compression ratios for MRI images

7.3  Analysis of Ultrasound Images

For Ultrasound Images we have analyses the compression ratio with different wavelet functions for PSNR = 5.9866. By this analysis we have observed that for MRI Images ‘Daubechies’ wavelet can perform relatively better than other Wavelet functions. By using ‘haar’ Wavelet we can achieve compression ratio up to 3.4008.

Table 7.3: Compression ratio of ultrasound images for different wavelet functions

	Type of Wavelet function
	Compression Ratio

	Haar Wavelet
	3.0063

	Coiflets Wavelet  (coif5)
	2.8208

	Daubechies Wavelet (dB4)
	3.4008

	Biorthogonal Wavelet - bior6.8
	2.7560
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Figure 7.3: Graph between various wavelet functions and their compression ratios for ultrasound images

7.4  Analysis of Mammography Images

For Mammography Images we have analyses the compression ratio with different wavelet functions for PSNR = 5.9866. By this analysis we have observed that for MRI Images ‘Coiflets’ wavelet can perform relatively better than other Wavelet functions. By using ‘haar’ Wavelet we can achieve compression ratio up to 3.3726.

Table 7.4: Compression ratio of Mammography images for different wavelet functions

	Type of Wavelet function
	Compression Ratio

	Haar Wavelet
	3.0804

	Coiflets Wavelet  (coif5)
	3.3726

	Daubechies Wavelet (dB4)
	2.4749

	Biorthogonal Wavelet - bior6.8
	2.0253
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Figure 7.4: Graph between various wavelet functions and their compression ratios for Mammography images

Conclusion and Future Scope



In our study we have applied different Wavelet functions on different type of biomedical images for a fix PSNR value and calculated the compression ratio.

After analysis we have found that, for X-Ray Images ‘Haar’ can provide the best result as its compression ratio is 3.1591.For MRI Images ‘Haar’ gives better result in comparison to other Wavelet functions it provide compression ratio approximately 3.5227.For Ultrasound Images ‘Daubechies’ provides the better result and its compression ratio is 3.4008. For Mammography Images ‘Coiflets’ perform the most compression as it can provide compression ratio up to 3.3726. This result is outcomes of the analysis given below. In this analysis we fix the threshold and PSNR of the image compression and use different type of wavelets to compress each image at the given Threshold and PSNR value.

We analyzed that the compression ratio obtained after each compression and decides which wavelet function can provide maximum compression ratio for a particular biomedical image.

In this thesis, we have considered the methods only for best compression but, the choice of optimal wavelet depends on the method, which is used for picture quality evaluation. We have done compression ratio measures. But should also use objective and subjective picture quality measures. The objective measures such as PSNR and MSE do not correlate well with subjective quality measures. Therefore, we should PQS as an objective measure that has good correlation to subjective measurements. After this we will have an optimal system having best compression ratio with best image quality.
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Appendix-I

MATLAB CODES



function  Compression
%wavelet based compression sub-band coding
clear all;
input_ima=imread('test.tif');
input_ima1 = imresize(input_ima,[256,256]);
imwrite(input_ima1, gray(256), 'sample.TIF', 'tif');
disp('Input 1  for Haar '); 
disp('Input 2  for Daubechies ');
disp('Input 3  for Biorthogonal ');
disp('Input 4  for Coiflets ');
disp('Input 5  for Exit ');
input1=input('PLease Enter Your Choice :   ');
switch input1
    case 1
        Haar
    case 2
        Daubechies
    case 3
        Biorthogonal
    case 4
        Coiflets 
    case 5
        exit
    otherwise
        clc
        disp('Invalid Input');  
end
function  Coiflets
clear all;
% CLOSE ALL  closes all the open figure windows.
close all;
X=imread('sample.tif');
X=X(1:256,1:256);
figure;
%subplot(2,1,1);
imshow(uint8(X));
[a1,a2]=size(X);
disp('The number of rows in input image are'); 
disp(a1);
disp('The number of coloums in input image are'); 
disp(a2);
figure;
title('Input image');
% Perform single-level decomposition 
% of X using haar. 
[cA1,cH1,cV1,cD1] = dwt2(X,'coif4');
% Images coding. 
[C,S] = wavedec2(X,1,'coif4');
A1 = wrcoef2('a',C,S,'coif4',1);
H1 = wrcoef2('h',C,S,'coif4',1); 
V1 = wrcoef2('v',C,S,'coif4',1); 
D1 = wrcoef2('d',C,S,'coif4',1); 
%Display the results of a first level decomposition.
colormap(gray);
subplot(2,2,1); image(wcodemat(A1,192));
title('Approximation A1')
subplot(2,2,2); image(wcodemat(H1,192));
title('Horizontal Detail H1')
subplot(2,2,3); image(wcodemat(V1,192));
title('Vertical Detail V1')
subplot(2,2,4); image(wcodemat(D1,192));
title('Diagonal Detail D1')
%disp(cod_cA1);
%Multi-level 1-D wavelet reconstruction.
re_ima1 = idwt2(cA1,cH1,cV1,cD1,'coif4'); 
re_ima=uint8(re_ima1);
figure;
subplot(2,1,1);
imshow(uint8(X));
title('Input image');
subplot(2,1,2);
imshow(re_ima);
title('1-level reconstructed image');
figure;
%To perform a level 2 decomposition of the image
%X using coif4
[C,S] = wavedec2(X,2,'coif4');
% decomposse the image X in Level 2  
%image coding
A2 = wrcoef2('a',C,S,'coif4',2);
A1 = wrcoef2('a',C,S,'coif4',1);
H1 = wrcoef2('h',C,S,'coif4',1); 
V1 = wrcoef2('v',C,S,'coif4',1); 
D1 = wrcoef2('d',C,S,'coif4',1); 
H2 = wrcoef2('h',C,S,'coif4',2);
V2 = wrcoef2('v',C,S,'coif4',2); 
D2 = wrcoef2('d',C,S,'coif4',2);
colormap(gray);
subplot(2,4,1);image(wcodemat(A1,192));
title('Approximation A1')
subplot(2,4,2);image(wcodemat(H1,192));
title('Horizontal Detail H1')
subplot(2,4,3);image(wcodemat(V1,192));
title('Vertical Detail V1')
subplot(2,4,4);image(wcodemat(D1,192));
title('Diagonal Detail D1')
subplot(2,4,5);image(wcodemat(A2,192));
title('Approximation A2')
subplot(2,4,6);image(wcodemat(H2,192));
title('Horizontal Detail H2')
subplot(2,4,7);image(wcodemat(V2,192));
title('Vertical Detail V2')
subplot(2,4,8);image(wcodemat(D2,192));
title('Diagonal Detail D2')
dec2d = [A2,A1,H1,V1,D1,H2,V2,D2];
%Multi-level 2-D wavelet reconstruction.
re_ima1 = waverec2(C,S,'coif4'); 
re_ima=uint8(re_ima1);
figure;
subplot(2,1,1);
imshow(uint8(X));
title('Input image');
subplot(2,1,2);
imshow(re_ima);
title('2-level reconstructed image'); 
% Using some plotting commands,
% the following figure is generated.
n=input('enter the decomposition level');
X=imread('sample.tif');
X=X(1:256,1:256);
X=double(X)-128;
%To compute four filters associated 
[Lo_D,Hi_D,Lo_R,Hi_R] = wfilters('coif4');
%Multilevel 2-D wavelet decomposition.
[c,s]=wavedec2(uint8(X),n,Lo_D,Hi_D);
disp('Decomposition vector of size 1*524288 is stored in c');
disp('Coressponding book keeeping matrix');
disp(s);
[thr,nkeep] = wdcbm2(uint8(dec2d),1.5,prod(s(1,:)));
%Default values for de-noising or compression.
[THR,SORH,KEEPAPP,CRIT] = DDENCMP('den','wp',uint8(X));
%De-noising or compression using wavelet packets.
[XC,TREED,PERF0,PERFL2] =WPDENCMP(X,SORH,2,'coif4',CRIT,THR,KEEPAPP);
disp('Level-dependent thresholds'); 
disp(THR);
disp('The entropy used is');
disp(CRIT);
disp('The type of thersholding is');
if SORH==s
    disp('Soft Thresholding');
else
    disp('Hard Thresholding');
end
disp('Approximation coefficients are');
disp(KEEPAPP);
disp('Wavelet packet best tree decomposition of XD');
disp(TREED);
disp('The L^2 recovery');
disp(PERFL2);
disp('The compression scores in percentages');
disp(PERF0);
XC=double(X)+128;
figure;
%subplot(2,1,1);
%imshow(uint8(X));
%title('Original Image');
%subplot(2,1,2);
imshow(uint8(XC));
title('Output image');
[b1,b2]=size(XC);
disp('The number of rows in compressed image are'); 
disp(b1);
disp('The number of coloums in image are'); 
disp(b2);
%figure;
%y=imsubtract(uint8(X),uint8(XC));
%imshow(y);title('error image');
%INFO = IMFINFO(X,bmp);
%INFO1 = IMFINFO(XC,bmp);
input_ima1=double(X);
    out2=double(XC);
    error=0;
  for y=1:256
     for x=1:256
        MSE=((input_ima1(x,y))-(out2(x,y)))^2;
        error=MSE+error;
      %  error_sbw1=error_sbw+MSE2;
     end
 end
 MSE_WO=(1/(256*256))*error;
 %MSE_SBW=(1/(256*256))*error_sbw1;
 disp('PSNR value for decompression image using Coiflets wavelet compression only');
 PSNR_WO=20*log10(255/sqrt(MSE_WO));
 disp(PSNR_WO);
function  Daubechies
clear all;
% CLOSE ALL  closes all the open figure windows.
close all;  
X=imread('sample.tif');
X=X(1:256,1:256);
figure;
%subplot(2,1,1);
imshow(uint8(X));
[a1,a2]=size(X);
disp('The number of rows in input image are'); 
disp(a1);
disp('The number of coloums in input image are'); 
disp(a2);
figure;
title('Input image');   
% Perform single-level decomposition 
% of X using db4. 
[cA1,cH1,cV1,cD1] = dwt2(X,'db4');
% Images coding. 
[C,S] = wavedec2(X,1,'db4');
A1 = wrcoef2('a',C,S,'db4',1);
H1 = wrcoef2('h',C,S,'db4',1); 
V1 = wrcoef2('v',C,S,'db4',1); 
D1 = wrcoef2('d',C,S,'db4',1); 
%Display the results of a first level decomposition.
colormap(gray);
subplot(2,2,1); image(wcodemat(A1,192));
title('Approximation A1')
subplot(2,2,2); image(wcodemat(H1,192));        
title('Horizontal Detail H1')
subplot(2,2,3); image(wcodemat(V1,192));
title('Vertical Detail V1')
subplot(2,2,4); image(wcodemat(D1,192));
title('Diagonal Detail D1')
%disp(cod_cA1);
%Multi-level 1-D wavelet reconstruction.
re_ima1 = idwt2(cA1,cH1,cV1,cD1,'db4'); 
re_ima=uint8(re_ima1);
figure;
subplot(2,1,1);
imshow(uint8(X));
title('Input image');
subplot(2,1,2);
imshow(re_ima);
title('1-level reconstructed image');
figure;
%To perform a level 2 decomposition of the image
%X using db4
[C,S] = wavedec2(X,2,'db4');
% decomposse the image X in Level 2  
%image coding
A2 = wrcoef2('a',C,S,'db4',2);
A1 = wrcoef2('a',C,S,'db4',1);
H1 = wrcoef2('h',C,S,'db4',1); 
V1 = wrcoef2('v',C,S,'db4',1); 
D1 = wrcoef2('d',C,S,'db4',1); 
H2 = wrcoef2('h',C,S,'db4',2);
V2 = wrcoef2('v',C,S,'db4',2); 
D2 = wrcoef2('d',C,S,'db4',2);
colormap(gray);
subplot(2,4,1);image(wcodemat(A1,192));
title('Approximation A1')
subplot(2,4,2);image(wcodemat(H1,192));
title('Horizontal Detail H1')
subplot(2,4,3);image(wcodemat(V1,192));
title('Vertical Detail V1')
subplot(2,4,4);image(wcodemat(D1,192));
title('Diagonal Detail D1')
subplot(2,4,5);image(wcodemat(A2,192));
title('Approximation A2')
subplot(2,4,6);image(wcodemat(H2,192));
title('Horizontal Detail H2')
subplot(2,4,7);image(wcodemat(V2,192));
title('Vertical Detail V2')
subplot(2,4,8);image(wcodemat(D2,192));
title('Diagonal Detail D2')
dec2d = [A2,A1,H1,V1,D1,H2,V2,D2];
%Multi-level 2-D wavelet reconstruction.
re_ima1 = waverec2(C,S,'db4'); 
re_ima=uint8(re_ima1);
figure;
subplot(2,1,1);
imshow(uint8(X));
title('Input image');
subplot(2,1,2);
imshow(re_ima);
title('2-level reconstructed image');
% Using some plotting commands,
% the following figure is generated.
n=input('enter the decomposition level');
X=imread('sample.tif');
X=X(1:256,1:256);
X=double(X)-128;
%To compute four filters associated 
[Lo_D,Hi_D,Lo_R,Hi_R] = wfilters('db4');
%Multilevel 2-D wavelet decomposition.
[c,s]=wavedec2(uint8(X),n,Lo_D,Hi_D);
disp('Decomposition vector of size 1*524288 is stored in c');
disp('Coressponding book keeeping matrix');
disp(s);
[thr,nkeep] = wdcbm2(uint8(dec2d),1.5,prod(s(1,:)));
%Default values for de-noising or compression.
[THR,SORH,KEEPAPP,CRIT] = DDENCMP('den','wp',uint8(X));
%De-noising or compression using wavelet packets.
[XC,TREED,PERF0,PERFL2] =WPDENCMP(X,SORH,2,'db4',CRIT,THR,KEEPAPP);
disp('Level-dependent thresholds'); 
disp(THR);
disp('The entropy used is');
disp(CRIT);
disp('The type of thersholding is');
if SORH==s
    disp('Soft Thresholding');
else
    disp('Hard Thresholding');
end
disp('Approximation coefficients are');
disp(KEEPAPP);
disp('Wavelet packet best tree decomposition of XD');
disp(TREED);
disp('The L^2 recovery');
disp(PERFL2);
disp('The compression scores in percentages');
disp(PERF0);
XC=double(X)+128;
figure;
%subplot(2,1,1);
%imshow(uint8(X));
%title('Original Image');
%subplot(2,1,2);
imshow(uint8(XC));
title('Output image');
[b1,b2]=size(XC);
disp('The number of rows in compressed image are'); 
disp(b1);
disp('The number of coloums in image are'); 
disp(b2);
%INFO = IMFINFO(X,bmp);
%INFO1 = IMFINFO(XC,bmp);
input_ima1=double(X);
    out2=double(XC);
    error=0;
  for y=1:256
     for x=1:256
        MSE=((input_ima1(x,y))-(out2(x,y)))^2;
        error=MSE+error;
      %  error_sbw1=error_sbw+MSE2;
     end
 end
 MSE_WO=(1/(256*256))*error;
 %MSE_SBW=(1/(256*256))*error_sbw1;
 disp('PSNR value for decompression image using Daubechies wavelet compression only');
 PSNR_WO=20*log10(255/sqrt(MSE_WO));
 disp(PSNR_WO);
function  Biorthogonal
clear all;
% CLOSE ALL  closes all the open figure windows.
close all;
X=imread('sample.tif');
X=X(1:256,1:256);
figure;
%subplot(2,1,1);
imshow(uint8(X));
[a1,a2]=size(X);
disp('The number of rows in input image are'); 
disp(a1);
disp('The number of coloums in input image are'); 
disp(a2);
figure;
title('Input image');
% Perform single-level decomposition 
% of X using bior6.8. 
[cA1,cH1,cV1,cD1] = dwt2(X,'bior6.8');
% Images coding. 
[C,S] = wavedec2(X,1,'bior6.8');
A1 = wrcoef2('a',C,S,'bior6.8',1);
H1 = wrcoef2('h',C,S,'bior6.8',1); 
V1 = wrcoef2('v',C,S,'bior6.8',1); 
D1 = wrcoef2('d',C,S,'bior6.8',1); 
%Display the results of a first level decomposition.
colormap(gray);
subplot(2,2,1); image(wcodemat(A1,192));
title('Approximation A1')
subplot(2,2,2); image(wcodemat(H1,192));
title('Horizontal Detail H1')
subplot(2,2,3); image(wcodemat(V1,192));
title('Vertical Detail V1')
subplot(2,2,4); image(wcodemat(D1,192));
title('Diagonal Detail D1')
%disp(cod_cA1);
%Multi-level 1-D wavelet reconstruction.
re_ima1 = idwt2(cA1,cH1,cV1,cD1,'bior6.8'); 
re_ima=uint8(re_ima1);
figure;
subplot(2,1,1);
imshow(uint8(X));
title('Input image');
subplot(2,1,2);
imshow(re_ima);
title('1-level reconstructed image');
figure;
%To perform a level 2 decomposition of the image
%X using bior6.8
[C,S] = wavedec2(X,2,'bior6.8');
% decomposse the image X in Level 2  
%image coding
A2 = wrcoef2('a',C,S,'bior6.8',2);
A1 = wrcoef2('a',C,S,'bior6.8',1);
H1 = wrcoef2('h',C,S,'bior6.8',1); 
V1 = wrcoef2('v',C,S,'bior6.8',1); 
D1 = wrcoef2('d',C,S,'bior6.8',1); 
H2 = wrcoef2('h',C,S,'bior6.8',2);
V2 = wrcoef2('v',C,S,'bior6.8',2); 
D2 = wrcoef2('d',C,S,'bior6.8',2);
colormap(gray);
subplot(2,4,1);image(wcodemat(A1,192));
title('Approximation A1')
subplot(2,4,2);image(wcodemat(H1,192));
title('Horizontal Detail H1')
subplot(2,4,3);image(wcodemat(V1,192));
title('Vertical Detail V1')
subplot(2,4,4);image(wcodemat(D1,192));
title('Diagonal Detail D1')
subplot(2,4,5);image(wcodemat(A2,192));
title('Approximation A2')
subplot(2,4,6);image(wcodemat(H2,192));
title('Horizontal Detail H2')
subplot(2,4,7);image(wcodemat(V2,192));
title('Vertical Detail V2')
subplot(2,4,8);image(wcodemat(D2,192));
title('Diagonal Detail D2')
dec2d = [A2,A1,H1,V1,D1,H2,V2,D2];
%Multi-level 2-D wavelet reconstruction.
re_ima1 = waverec2(C,S,'bior6.8'); 
re_ima=uint8(re_ima1);
figure;
subplot(2,1,1);
imshow(uint8(X));
title('Input image');
subplot(2,1,2);
imshow(re_ima);
title('2-level reconstructed image');
% Using some plotting commands,
% the following figure is generated.
n=input('enter the decomposition level');
X=imread('sample.tif');
X=X(1:256,1:256);
X=double(X)-128;
%To compute four filters associated 
[Lo_D,Hi_D,Lo_R,Hi_R] = wfilters('bior6.8');
%Multilevel 2-D wavelet decomposition.
[c,s]=wavedec2(uint8(X),n,Lo_D,Hi_D);
disp('Decomposition vector of size 1*524288 is stored in c');
disp('Coressponding book keeeping matrix');
disp(s);
[thr,nkeep] = wdcbm2(uint8(dec2d),1.5,prod(s(1,:)));
%Default values for de-noising or compression.
[THR,SORH,KEEPAPP,CRIT] = DDENCMP('den','wp',uint8(X));
%De-noising or compression using wavelet packets.
[XC,TREED,PERF0,PERFL2] =WPDENCMP(X,SORH,2,'bior6.8',CRIT,THR,KEEPAPP);
disp('Level-dependent thresholds'); 
disp(THR);
disp('The entropy used is');
disp(CRIT);
disp('The type of thersholding is');
if SORH==s
    disp('Soft Thresholding');
else
    disp('Hard Thresholding');
end
disp('Approximation coefficients are');
disp(KEEPAPP);
disp('Wavelet packet best tree decomposition of XD');
disp(TREED);
disp('The L^2 recovery');
disp(PERFL2);
disp('The compression scores in percentages');
disp(PERF0);
XC=double(X)+128;
figure;
%subplot(2,1,1);
%imshow(uint8(X));
%title('Original Image');
%subplot(2,1,2);
imshow(uint8(XC));
title('Output image');
[b1,b2]=size(XC);
disp('The number of rows in compressed image are'); 
disp(b1);
disp('The number of coloums in image are'); 
disp(b2);
%INFO = IMFINFO(X,bmp);
%INFO1 = IMFINFO(XC,bmp);
input_ima1=double(X);
    out2=double(XC);
    error=0;
  for y=1:256
     for x=1:256
        MSE=((input_ima1(x,y))-(out2(x,y)))^2;
        error=MSE+error;
      %  error_sbw1=error_sbw+MSE2;
     end
 end
 MSE_WO=(1/(256*256))*error;
 %MSE_SBW=(1/(256*256))*error_sbw1;
 disp('PSNR value for decompression image using Biorthogonal wavelet compression only');
 PSNR_WO=20*log10(255/sqrt(MSE_WO));
 disp(PSNR_WO);

function  Haar
clear all;
% CLOSE ALL  closes all the open figure windows.
close all;
X=imread('sample.tif');
X=X(1:256,1:256);
figure;
%subplot(2,1,1);
imshow(uint8(X));
[a1,a2]=size(X);
disp('The number of rows in input image are'); 
disp(a1);
disp('The number of coloums in input image are'); 
disp(a2);
figure;
title('Input image');
% Perform single-level decomposition 
% of X using coif4. 
[cA1,cH1,cV1,cD1] = dwt2(X,'coif4');
% Images coding. 
[C,S] = wavedec2(X,1,'haar');
A1 = wrcoef2('a',C,S,'haar',1);
H1 = wrcoef2('h',C,S,'haar',1); 
V1 = wrcoef2('v',C,S,'haar',1); 
D1 = wrcoef2('d',C,S,'haar',1); 
%Display the results of a first level decomposition.
colormap(gray);
subplot(2,2,1); image(wcodemat(A1,192));
title('Approximation A1')
subplot(2,2,2); image(wcodemat(H1,192));
title('Horizontal Detail H1')
subplot(2,2,3); image(wcodemat(V1,192));
title('Vertical Detail V1')
subplot(2,2,4); image(wcodemat(D1,192));
title('Diagonal Detail D1')
%disp(cod_cA1);
%Multi-level 1-D wavelet reconstruction.
re_ima1 = idwt2(cA1,cH1,cV1,cD1,'coif4'); 
re_ima=uint8(re_ima1);
figure;
subplot(2,1,1);
imshow(uint8(X));
title('Input image');
subplot(2,1,2);
imshow(re_ima);
title('1-level reconstructed image');
figure;
%To perform a level 2 decomposition of the image
%X using haar
[C,S] = wavedec2(X,2,'haar');
% decomposse the image X in Level 2  
%image coding
A2 = wrcoef2('a',C,S,'haar',2);
A1 = wrcoef2('a',C,S,'haar',1);
H1 = wrcoef2('h',C,S,'haar',1); 
V1 = wrcoef2('v',C,S,'haar',1); 
D1 = wrcoef2('d',C,S,'haar',1); 
H2 = wrcoef2('h',C,S,'haar',2);
V2 = wrcoef2('v',C,S,'haar',2); 
D2 = wrcoef2('d',C,S,'haar',2);
colormap(gray);
subplot(2,4,1);image(wcodemat(A1,192));
title('Approximation A1')
subplot(2,4,2);image(wcodemat(H1,192));
title('Horizontal Detail H1')
subplot(2,4,3);image(wcodemat(V1,192));
title('Vertical Detail V1')
subplot(2,4,4);image(wcodemat(D1,192));
title('Diagonal Detail D1')
subplot(2,4,5);image(wcodemat(A2,192));
title('Approximation A2')
subplot(2,4,6);image(wcodemat(H2,192));
title('Horizontal Detail H2')
subplot(2,4,7);image(wcodemat(V2,192));
title('Vertical Detail V2')
subplot(2,4,8);image(wcodemat(D2,192));
title('Diagonal Detail D2')
dec2d = [A2,A1,H1,V1,D1,H2,V2,D2];
%Multi-level 2-D wavelet reconstruction.
re_ima1 = waverec2(C,S,'haar'); 
re_ima=uint8(re_ima1);
figure;
subplot(2,1,1);
imshow(uint8(X));
title('Input image');
subplot(2,1,2);
imshow(re_ima);
title('2-level reconstructed image'); 
% Using some plotting commands,
% the following figure is generated.
n=input('enter the decomposition level');
X=imread('sample.tif');
X=X(1:256,1:256);
X=double(X)-128;
%To compute four filters associated 
[Lo_D,Hi_D,Lo_R,Hi_R] = wfilters('haar');
%Multilevel 2-D wavelet decomposition.
[c,s]=wavedec2(uint8(X),n,Lo_D,Hi_D);
disp('Decomposition vector of size 1*524288 is stored in c');
disp('Coressponding book keeeping matrix');
disp(s);
[thr,nkeep] = wdcbm2(uint8(dec2d),1.5,prod(s(1,:)));
%Default values for de-noising or compression.
[THR,SORH,KEEPAPP,CRIT] = DDENCMP('den','wp',uint8(X));
%De-noising or compression using wavelet packets.
[XC,TREED,PERF0,PERFL2] =WPDENCMP(X,SORH,2,'haar',CRIT,THR,KEEPAPP);
disp('Level-dependent thresholds'); 
disp(THR);
disp('The entropy used is');
disp(CRIT);
disp('The type of thersholding is');
if SORH==s
    disp('Soft Thresholding');
else
    disp('Hard Thresholding');
end
disp('Approximation coefficients are');
disp(KEEPAPP);
disp('Wavelet packet best tree decomposition of XD');
disp(TREED);
disp('The L^2 recovery');
disp(PERFL2);
disp('The compression scores in percentages');
disp(PERF0);
XC=double(X)+128;
figure;
%subplot(2,1,1);
%imshow(uint8(X));
%title('Original Image');
%subplot(2,1,2);
imshow(uint8(XC));
title('Output image');
[b1,b2]=size(XC);
disp('The number of rows in compressed image are'); 
disp(b1);
disp('The number of coloums in image are'); 
disp(b2);
%INFO = IMFINFO(X,bmp);
%INFO1 = IMFINFO(XC,bmp);
input_ima1=double(X);
    out2=double(XC);
    error=0;
  for y=1:256
     for x=1:256
        MSE=((input_ima1(x,y))-(out2(x,y)))^2;
        error=MSE+error;
      %  error_sbw1=error_sbw+MSE2;
     end
 end
 MSE_WO=(1/(256*256))*error;
 %MSE_SBW=(1/(256*256))*error_sbw1;
 disp('PSNR value for decompression image using haar wavelet compression only');
 PSNR_WO=20*log10(255/sqrt(MSE_WO));
 disp(PSNR_WO);
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