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Abstract—The discrete cosine transform (DCT) and the compressive sampling (CS) are two signal
processing techniques with many applications on a great number of engineering fields. In this paper, we
advise to apply both techniques to the compression of audio signals. Using spectral analysis and the
properties of the DCT, we can treat audio signals as thin signals in the frequency domain. This is
particularly true for sounds representing tones. On the other hand, CS has been traditionally used to
acquire and compress certain sparse images. We propose the use of DCT and CS to obtain an efficient
representation of audio signals, especially when they are sparse in the frequency.
By using the DCT as signal preprocessor in order to obtain a sparse representation in the frequency
domain, we show that the successive application of CS represent our signals with less information than
the well-known sampling theorem. This means that our results may possibly be the basis for a new
compression method for audio and speech signals.
Key words—Audio signals, Compressive sampling, DCT, PSNR, SNR,Sparsity.
I. INTRODUCTION
Speech is very basic way for humans to express information. The main purpose of Speech is
communication. Speech can be defined as the response of vocal track to one or more excitation signal.
vast amount of data transmission is very difficult both in conditions of transmission and storage. Speech
Compression is a method to translate human speech into an encoded form in such a way that it can later
be decoded to get back the original signal. Compression is basically to eliminate redundancy between
nearest samples and between adjacent cycles. Major aim of speech compression is to represent signal
with lesser number of bits. The decrease of data should be done in such a way that there is tolerable loss
of quality.
TYPES OF COMPRESSION 1.1. Lossless Compression
It is a group of data compression algorithm that allows the accurate original data to be
reconstructed from the exact original data to be reconstructed from the compressed data. It is mostly
used in cases where it is main that the unique signal and the decompressed signal are almost same or
indistinguishable. Examples of lossless compression are Huffman coding.
1.2. Lossy Compression
It is a data programming method that compresses data by removing some of them. The plan of this
technique is to reduce the amount of data that has to be transmitted. They are generally used for
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multimedia data compression. The rest of the paper is planned as follow; section 2 gives the Theoretical
situation about the speech compression schemes. The speech compression techniques are described in
section 3& Section 4 evaluates the presentation of the proposed system followed by the termination.
II. BLOCK DIAGRAM

Fig-1: Block diagram of speech compression

2.1. TRANSFORM TECHNIQUEDCT methods are used on speech signal. Using DCT, reconstruction of signal be capable of be done
very accurately; this property of DCT is worn for data compression. Localization characteristic of
wavelet along with time frequency motion property makes DWT very suitable for speech compression.
The most important idea after signal compression using wavelets is connected mainly to the comparative
shortage of the wavelet domain demonstration of signal.
2.2. DISCRETE COSINE TRANSFORM
Discrete Cosine Transform can be used for speech compression because of high link in adjoining
coefficient. We can reconstruct a series very accurately from very few DCT coefficients. This property
of DCT helps in valuable reduction of data. 3.2.1 The One-Dimensional DCT
The most common DCT definition of a 1-D sequence of length N is
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for x = 0,1,2,…,N −1. In both equations (1) and (2) (u) is defined as
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2.3. THRESHOLDING
After the coefficients are established from dissimilar transforms, thresholding is done. Very few DCT
coefficients signify 99% of signal energy; hence Thresholding is designed and applied to the
coefficients. Coefficients having ideals less than threshold values are detached.
2.4. QUANTIZATION
It is a method of mapping a set of nonstop valued data to a set of discrete valued data. The plan of
quantization is to reduce the information establish in threshold coefficients. This process makes
confident that it produces minimum errors. We mainly execute uniform quantization process.
2. 5. ENCODING
We use dissimilar encoding technique like Run Length Encoding and Huffmann Encoding. Encoding
technique is used to eliminate data that are frequently occurring. In encoding we can also decrease the
number of coefficients by removing the unneeded data. Encoding can use any of the two compression
techniques, lossless or lossy. This helps in dropping the bandwidth of the signal hence compression can
be achieved. The compressed speech signal can be reconstructed to form the original signal by
DECODING followed by DEQUANTIZATION and then the stage the INVERSE-TRANSFORM
methods. This would repeat the original signal.
III. PROPOSED SYSTEM
3.1 DCT BASED COMPRESSION TECHNIQUE
The given sound file is read. The vector is divided into smaller frames and set into matrix form. DCT
operation is performed on the matrix. DCT operation is performed and the elements are sorted in their
matrix form to find components and their indices. The elements are arranged in descending order. After
the arrangement has been done, a Threshold value is decided. The coefficients below the threshold
values are discarded.
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Fig.shows the DCT compression and decompression process.

Fig.2: DCT based speech coder design flow

IV. SPARSITY IN SPEECH
The successful models of generating speech and audio signals have been (i) linear system model
for speech and (ii) sinusoidal model(AM-FM) for both speech and music. [8] Both are parametric
models and parsimoniously represent the time-varying nature of these signals. (For high (transparent)
quality reconstruction, such as for music, production models along with a residual signal model is used.)
Because of the time-varying nature, we need to do sensing and compressing of a short duration of the
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signal. It is known that the perceptually significant features of spectral resonances (formants) and the
harmonicity due to periodic excitation are the most signal is known to be sparse in a vector space.
V. SPARSE SIGNAL RECONSTRUCTION
It has been shown that redundant dictionaries are useful for the success of MP; hence, in (4) need
not be N×N but N×K, K > N [6], inducing a higher dimensionality for the sparse vector s. Thus, Φ ·Ψ
would be a M × K matrix withM <N <K. For speech, a sparse model based on DCT or DFT is directly
usable in eqs.(3) or (4) with the substitution of Ψ = C−1 or Ψ.
VI. COMPRESSIVE SAMPLING
CS was first proposed in the literature of Information Theory and Approximation Theory in an
conceptual general setting. One measures a small number of random linear combinations of the signal
values much smaller than the number of signal samples technically defining it. The signal is
reconstructed with good accuracy from these measurements by a nonlinear method. I look at a particular
case of CS, where the sample linear combination are basically individual Fourier coefficients (k-space
samples). In that situation, CS is claimed to be able to make accurate reconstructions from a small
division of k-space, relatively than an entire k-space network. The CS approach requires that:
(a) The preferred signal have a sparse version in a known transform domain (i.e., is compressible),
(b) The aliasing artifacts due to k-space under sampling be incoherent (noise like) in that transform
domain.
(c) A non-linear reconstruction is used to enforce both sparsity of the image representation and stability
with the acquired data.
To help, keep in mind these ingredients this depicts relationships among some of these main
concepts. It shows the image, k-space and the transform domains, the operators connecting these
domains and the requirements for CS. Equispaced k-space under sampling and reconstruction by zerofilling results in logical aliasing, a superposition of shifted replica of the signal. In this case, there is an
inherent uncertainty; it is not possible to distinguish between the original signal and its replica, as they
are all to be uniformly liable.
Random under sampling results in a very different position. The zero-filling Fourier
reconstruction exhibit incoherent artifact that really perform much like additive random noise. even
though appearance, the artifacts are not noise; rather, under sampling cause leakage of energy away
from each individual nonzero coefficient of the original signal. This energy appears in other
reconstructed signal coefficients, including those which had been zero in the original signal. It is
possible, if all the fundamental original signal coefficients are known, to calculate this leakage
systematically. Subtract the interference of the strong mechanism reduces the total interference level and
enables improvement of weaker, previously flooded components. By iteratively repeating this
procedure, one can pick up the rest of the signal components. A recovery procedure along these lines
was planned by Donoho et. al (Sparse Solution of Underdetermined Linear Equations by Stage wise
Orthogonal Matching Pursuit, 2006, Stanford University, Statistics Department, technical report #200602) as a fast approximate algorithm for CS reconstruction.
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The essential observation is that one can design capable sensing or sampling protocols that
capture the useful information satisfied embedded in a sparse signal and condense it into a small amount
of data. These protocols are nonadaptive and simply need correlating the signal with a small number of
fixed waveforms that are incoherent with the basis offer a short description of the signal. (Otherwise
there is no dependence of the measurement process on the signal itself.) Further, there is a way to use
numerical optimization to reconstruct the full-length signal from the small amount of collected data. In
other words, CS is a very simple and capable signal acquisition protocol which samples in a signal
independent fashion at a low rate and later uses computational power for reconstruction from what
appears to be an imperfect set of measurements.
The basic CS theory which emerged in the works [1] [2] and [3], present the key mathematical
ideas underlying this theory, and survey a couple of important results in the field. Our goal here is to
explain this theory as obviously as possible, and so our paper is mainly of a tutorial nature. One of the
ornaments of this theory is that it draws from various sub disciplines within the applied mathematical
sciences, most especially probability theory. In this review, I have decided to highlight this aspect and
especially the fact that randomness can be used as a very effective sensing method. Finally, I will
discuss significant implication and explain why CS is a concrete protocol for sensing and compressing
data simultaneously (this is the origin of the name), and conclude my tour by reviewing important
applications.
VI. CONCLUSIONS
Input data is packed into few coefficients in DCT speech signal representation. This helps quantizer
to remove coefficients with smaller amplitudes without generating audio distortion in reconstructed
signal. Compressive sampling can be used for compression of audio signal and we can achieve good
results by preprocessing the audio signal. This technique can achieves a significant reduction in number
of samples required to represent certain audio Signal and it reduces required number of bytes for
encoding. As we will compression becomes part of the representation or coding scheme which have
become popular audio, image and video formats. We will first study basic compression algorithms and
then go on to study some actual coding formats
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