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ABSTRACT 

Signal analysts use many tools to analyse signals. One of them is the wavelet transform which is based on wavelets. 

Wavelets are more complicated waveforms and may be utilized effectively to analyse localised areas of a larger signal 

because of their ability to focus on different regions of a transitory signal. In particular, wavelets are efficiently used for 

removing unwanted signal components like noise and echoes and also for compression.In this project work, our aim is to 

denoise a one dimensional signal which is a noisy square wave. To denoise it, one dimensional DWT is done by using 

various wavelets. The Eye pattern Diagram and Signal to Noise Ratio provides qualitative information of the noisy 

received and denoised signal as well. It also gives the information about how much noise has been removed with various 

wavelets and which wavelet is the best fit for reduction of noise of our signal. 
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1.1 INTRODUCTION 

The most powerful and flexible technique to analyse signals is Wavelet transform.  It is a technique having 

variable windows that can yield more accurate lower frequency information using longer time intervals and 

higher frequency information using shorter intervals. To perform wavelet transform, various wavelets are 

generally used and theseare very complex waveforms. Their complexity gives them a useful advantage over 

the limitations of Fourier transform and hence utilized for the analysis of non-periodic, non-stationary signals. 

The shape of different wavelets is usually irregular and they are of asymmetric type. The duration of wavelets 

is limited and these wavelets have zero average value. As far as the irregularity of the wavelet is concerned, it 

is supposed to be a better mathematical tool for examining transitory signals. And because the wavelet has 

local extent, it is very effective for considering local time domain features of a signal. Wavelets are very 

useful for image processing,signal processing, and analysing data which is varied with time.Wavelet 

transform provides a time-scale version of a signal and wavelets are both scaled and shifted. A shifted wavelet 

has a delayed or hastened onset. A scaled wavelet is uniform or stretched [1]. The wavelets that are very 

useful and also included in MATLAB Wavelet Toolbox are Haar, Daubechies,Coiflets,Symlets, Morlet and 

Meyer etc. Wavelet transform is a rich and flexible technique for manipulating signals and images and for 

analysing data having irregularinformation. It is especially very useful for analysing time-varying or non-

stationary signals, where the properties of the signal (or image) change with respect to time (or position). 

Wavelets provide precise time as well as frequency information simultaneously as compared to traditional 

signal analysis techniques like FFT. In wavelet transform, wavelet of appropriate shape is selected and scaled 

(stretched or squished) and shifted (translated) versions of it is compared against the original signal. Then 

coefficients of wavelet are calculated to provide an index of how similar each constituent wavelet is to the 

signal at a given time and scale [2]. By doing this, wavelet transform provides a time-scale version of a signal 

and preserves time as well as frequency domain information in the signal. In addition to denoising of the 

signal and compression, wavelet techniques have many other applications such as detecting breakdown points 

in systems for example, to categorize types of defects on hard drives, for discarding redundant data to 

facilitate fatigue and defect testing in helicopter blades, and for reducing data dimensionality so that neural 

networks have small enough feature set to learn efficiently [3]. In order to perform wavelet transform, a 

wavelet is used which is nothing but it is supposed to be a band pass filter. The contracted version of the 

wavelet is used to obtain fine temporal analysis, whereasdilated version is used to obtain fine frequency 
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analysis [1]. Further, because it provides a better time-scale view of a signal as compared to other traditional 

techniques, wavelet transform is able to compress or denoise a signal without severe degradation [2]. 

MATLAB version 2014a has been used to implement this research work. Our research work shows how the 

Matlab Wavelet Toolbox helps us learn Discrete Wavelet Transform and apply this to noise reduction of one 

dimensional signal. Eye Pattern Diagram is drawn for noisy received signal and denoised signal. SNR is also 

calculated for these signals. 

 

1.2NOISE CONSIDERATION 

A signal may be deformed bynoise during acquisition or transmission process which degrades the 

performance of computerized analysis of the signal. When the noise is detachedfrom the signal, it simplifies 

processing. The denoising process should be such that as to eliminate the noise whereasnot distorting the 

features of signal or image to be processed[4]-[6]. In traditional ways of denoising, a lowor band pass 

filterwith particular cut-offfrequencies is used;however, they are not suitable if the noise is in the same band 

as the signal itself. Due to nonstationarity of the noise infecting in the signal, it is challenging tomodel it. But, 

if the noise is assumed as stationary, the signalcorrupted by additive noise can be represented as: 

y r = x r +  σε r , r = 0,1,2,… , n − 1 (1) 

where y(r) is noisy signal, x(r)is original signal,ε r is independently normalrandom variable, andσ denotes the 

amount of the noise in y(r) . The noise is generallymodelled as stationary independent zero-mean white 

Gaussian variable[7]-[8]. In this particular model, the purpose of noise elimination is to obtain the 

originalsignal x(r) from a set of finitey(r) values. The analysis and techniques which are based on wavelet help 

in denoising the noisy signal whereas preserving the mostvitalpart of the original signal. 

 

1.3 DISCRETE WAVELET TRANSFORM (DWT) 

The wavelet transform is one of the most important tool for various applications and is commonly used to 

decompose the signal into high and lowfrequency components. To measure frequency content  

resemblancebetween a signal and a selected waveletfunction, the wavelet coefficients are computed. These 

coefficients are calculated as aconvolution of the signal and the scaled wavelet function that can be illustrated 

as a dilated band-pass filter due to its band-pass like spectrum [9].In the decomposition step, a signal 

isdecomposed by using orthonormal wavelet function that establishes a wavelet basis[10]. The orthogonal 

properties are provided by the wavelets and these are daubechies, symlets, coiflets and discrete meyer and 

they are used for reconstruction using thefast algorithms[11].The wavelet transform can be used as filter bank 

which is said to be DWT and itgenerates a non-redundant restoration. In DWT, generally multilevel 

decomposition is done, in which the signal is broken down into „approximation‟ and „detail‟coefficients at 

each level. This process is as same as low-pass and high-pass filtering respectively.The wavelet transform is 

basically the dyadic form of continuous wavelet transform. In dyadic form, the scaling function is selected as 

power of 2 and the discrete wavelets ψm,n t =  2−m/2ψ(2−m t − n)are used in multi-resolutionanalysis 

forming an orthonormal basis for L2(ℜ)[12]-[13]. 

If a signal, x(t) is decomposed into low and high frequency components, then they arerespectively named as 

approximation coefficients and detail coefficients, x(t) can be reconstructed as: 

x t =    Dm k ψm,k t +  Al k ϕl,k t ∞
k=−∞

∞
k=−∞  L

m=1 (2) 

where,ψm,k t is discrete analysis wavelet, and ϕl,k t  is discrete scaling, Dm k is thedetailed signal at scale 

2
m
, and Al k is the approximated signal at scale 2

l
, which are found by using the scaling and wavelet 

filters[14]. 

h(n)=2−1/2 ϕ t ,   ϕ 2t − n   

g(n) = 2−1/2 ψ t ,   ϕ 2t − n  (3) 

= (-1)
n
 h(1-n) 
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The wavelet coefficients can be calculated by using a pyramid transfer algorithm. Thealgorithm 

basicallyshows a FIR filter bank with low-pass filter h, high-pass filter g, and downsampling by a factor 2 at 

each stage of the filter bank. Figure (1)displays the tree structure ofDWT decomposition for two levels, where 

approximation and detail coefficients are presented. 

 

 

 

 

 

 

 

 

 

 

 

In the figure, ↓2 and ↑2 states down sampling and up sampling respectively. This type of decomposition is 

sometimes known as sub-band coding. The low pass filter generates theapproximation of the signal or its low 

frequency components, and the high pass filter generates the detail of the signalor its highfrequency 

components. In DWT, the successive decomposition is performed by using the approximation coefficients 

only. Whereas the decomposition may be performed by using both the sub parts of the signal,approximation 

coefficients as well as detail coefficients. If the decomposition is done on both the sides, approximation and 

details, this type of decomposition is known as wavelet packettransform or wavelet packet tree decomposition 

as shown in figure (2). 

 

1.4 THRESHOLDING AND THRESHOLD ESTIMATION TECHNIQUES 

One of the simple way to reconstruct the original signal from a contaminatedsignal using the wavelet 

coefficientsis to reject the small coefficients which are supposed to be noise. If small coefficients are 

removed,then the coefficients are updated and the original signal can be recovered by the algorithm of 

reconstruction. As it is usually considered that the noise has high frequency coefficients,the rejection of the 

small coefficients generally applied on the detail coefficients. The main purpose of the wavelet denoising is to 

acquire the idealcomponents of the signal from the noisy signal and ofcourse this needs the estimation of the 

noise level. In order to discard the small coefficients assumed as noise, the estimated noise level is used. The 

signal denoising procedure based on DWT consists of three steps;decomposing the signal, thresholding,and 

(a) (b)

) 

Figure (1) The DWT decomposition and reconstruction steps of a 

1Dsignal for 2 levels:     (a) Decomposition(b)Reconstruction 

 

(a) (b) 

Figure (2) The wavelet packet decomposition and reconstruction steps of a 

1D signal for 2 levels:     (a) Decomposition     (b) Reconstruction 

 

(a) Decomposition(b)Reconstruction 
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reconstructing the signal. Several methodsuse this idea and it can be implemented by using a number of ways. 

One of the most suitable method is “wavelet thresholding technique”. Donoho and Johnstone suggested 

anonlinear strategy for thresholding[15]. In their approaches, either hard or soft thresholding method can be 

used for thresholding, which is also known as shrinkage. In the hard thresholding method, the wavelet 

coefficients which are below a given value are stetted to zero, whereasin soft thresholding the wavelet 

coefficients are reduced to a quantity knownas the threshold value.The value of threshold is basically the 

estimation of the noise level, which is generally evaluatedfromthe standard deviation of the detail coefficients 

[16]. Figure(3) indicates the two typesof thresholding, which can be mathematicallyexpressed as: 

Hard threshold: {y=0;  if   x <𝜆
y=x;  if   x >𝜆

 (4) 

Soft threshold: {y = sign(x) (|x|-λ) (5) 

Where x is the input signal, y is the signal after threshold and λis the value of the threshold. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Hard thresholding method does not affect the detail coefficients that are lying above the thresholdlevel, 

whereas the soft thresholding method affects these coefficients too. One important point 

regardingthresholding methods is to select the most suitable value for the threshold. Many methods have been 

recommended for calculating the threshold value. But, all the methods require noise level estimation. 

However, the standard deviation of the values of the noise may be used as an estimator, Donoho used a good 

estimator σfor the wavelet denoising given as[16]: 

σ =
median (dL−1,k )

0.6745
, k=0,1,2,…, 2

L-1
-1                   (6) 

where Ldenotes the number of decomposition levels. The median selection is made on the detail coefficients 

of the analysed signal. The threshold estimator proposed by Donoho is the universal threshold, or global 

threshold, which is based on a fixed threshold form given as[16]: 

λu = σ 2 log(n)(7) 

Where n denotes the length of the received signal and σis given by equation (6). The advantage of this 

thresholding is in software implementation due to easy to remember andcoding. 

 

1.5 SIGNAL DENOISING ALGORITHM 

Since all the signals are corrupted by several effectsduring transmission, so they contain some amount of noise 

[17]. Basically the wavelet transform captures the energy of a signal in a small number of energy transform 

values, the wavelet denoising technique is very effective. When a signal is decomposed using wavelet 

transform, the low and highfrequency components are generated and they are named as approximation and 

detail coefficients. The signal denoising algorithm has been illustrated in figure (4). 

(a) (b) 

Figure (3) Threshold Types:   (a) Hard   (b) Soft 

 

(a) Decomposition(b)Reconstruction 
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Here, our aim is to denoise a one dimensional received signal which is a noisy square wave. To accomplish 

this a square wave (Transmitted signal) with peaks of ±1volt, frequency of 5 Hzis generated as shown in 

figure (6a). The Additive White Gaussian noise of mean 0 and variance 0.05 as shown in figure (6b) is added 

to it so that it becomes a noisy square wave. The noisy received signal shown in figure (6c) is loaded into 

Discrete Wavelet 1-D Toolbox to perform discrete wavelet transform. After loading this signal, one step 

wavelet decomposition of a signal using Haar wavelet is performed.Now, two signals that are the first level 

approximation signal and the first level detail signal are generated and they are oversampled, it means that 

there are now double data points present in the analysis as compared to the original signal.To reduce the 

number of the data points, downsampling is performed to generate the approximation coefficientscA1 and 

detail coefficients cD1 at level one. With the help of these coefficients, approximation and detail at first level 

are constructed.The process of decomposition is iterated, so that the original signal can be broken down into 

many components of lower resolution and successive approximations have less noisy effects as more and 

more high frequency information is filtered out of the signal. To accomplish this, original signal is 

decomposed at level 3 using Haar wavelet and the coefficients so generated are merged into vector C and the 

length of each component is given by vector L.These approximation and detail coefficients are extracted and 

then reconstructed as approximation A3, detail D1, detail D2, and detail D3. The approximation at third level 

A3 is almost same as the original signal but the signal loses its many sharpest features when all the high 

frequency components are discarded. This process is called crude denoising of the signal. To avoid this, 

optimal denoising is used.This involves discarding only the portion of the details that is lying below a certain 

limit, i.e., threshold level (fixed form) given below: 

Threshold=σ 2 log(n)= 2.569 

Where 'n' denotes the length of the signal or number of samples in the signal that is equal to 2001 here and σ 

is assumed to be unity. This threshold is applied to level 3 detail coefficients cD1, cD2 and cD3 keeping 

approximation coefficients equal to 1so that the detail coefficients below the threshold are discarded.It means 

that the very small discretewavelet coefficients can be discarded and the signal can be reconstructed fromthe 

approximation coefficients of level 3 and the altered detail coefficients of levels from 1 to 3without losing 

significant information about the original signal. The denoised signal using Haar wavelet shown in figure (7a) 

is almost same as that of the original signal. The same process of signal denoising is repeated using other 

wavelets such as Daubechies2 (db2), Coifletl(coifl), and Symlet2(sym2).The denoised signal obtained after 

Figure (4) Denoising Algorithm 
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decomposition, reconstruction and denoising using db2/coiflet1/sym2 wavelet are shown in figure(7b/7c/7d). 

After denoising the signal using different wavelets, Eye Pattern is plotted for each of these denoised signals. 

The distortion introduced by the noise in original square waveform can be well explained by ideal Eye Pattern 

Diagram shown in figure (5)[18]. The noise in data transmission system can be studied through the eye pattern 

diagram. Here, the eye opening is basically the eye pattern‟s inner area and the time interval for which the 

noisy received wave can be sampled free of noise is actually the eye opening‟s width. The noise margin 

actually shows the eye opening‟s height at a specified sampling time and the slope is evaluated by the rate of 

the eye closure when the sampling time is varied. If the eye is fully closed, then the upper portion and lower 

portion traces of the eye pattern overlaps each other. It shows that the noise has severe effect on the received 

signal [18]. Thus, it can be said that an eye pattern provides better information about the signal. 

 

 

 

 

 

 

 

 

 

 

 

 

To accomplish this, the denoised signal is sampled using finite impulse response raised cosine filter with roll-

off factor α=0.5. Then this sampled denoised signal is used to plot the eye pattern diagram. Eye pattern 

diagram of the noisy received signal is shown in figure (8a) whereas the eye pattern of the denoised signal 

obtained with haar wavelet is shown in figure (8b). Here, the slope is increased that causes the sensitivity to 

timing error to be decreased and it also results in the increase of noise margin. The distortion at sampling time 

is also reduced. Eye pattern diagram for denoised signal using db2 wavelet is shown in figure (8c). It can be 

seen from this figure that time interval over which the wave can be sampled is decreased. The slope is 

increased that causes the sensitivity to timing error to be decreased. Hence the margin over noise is increased 

but the distortion at sampling time is very much increased. Eye pattern diagram of the denoised signal 

obtained with coifletl wavelet is shown in figure (8d). It illustrates that the time interval over which wave can 

be sampled is increased. The slope is also increased that results in the increase of noise margin. The distortion 

at the sampling time is increased but not so much as in the case of db2 wavelet. Figure (8e) provides the eye 

pattern diagram of denoised signal using Symlet2 wavelet. It depicts that the time interval over which the 

wave can be sampled is decreased. The slope is increased that results in the increase of noise margin. Hence 

the sensitivity to timing error is decreased, but the distortion at the sampling time is very much increased. 

Thus, the eye pattern diagram gives us qualitative information of the received noisy and denoised signals.  

 

 

Figure (6a) Transmitted Signal Figure (6b) AWGN Signal 

Figure (5) Interpretation of Eye Pattern [18] 
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Figure (7c) Denoised signal using coif1 wavelet 

 

 

Figure (7d) Denoised signal using sym2 wavelet 

 

 

Figure (8a) Eye Diagram of Noisy Received Signal 

 

 

Figure (8b)Eye Diagram of Denoised Signal using haar     

wavelet 

 

 

Figure (8c) Eye Diagram of Denoised Signal using db2 wavelet   

 

 

Figure (6c) Noisy Received Signal 
Figure (7a) Denoised signal using haar wavelet 

Figure (7b) Denoised signal using db2 wavelet 
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A very useful parameter SNR is also calculated for received noisy and denoised signals using different 

wavelets which is depicted in Table (1). This table provides the information about how much noise has been 

removed with different wavelets and which wavelet is supposed to be the best wavelet for the noise reduction 

of our signal. The discrete wavelet transform denoising technique provides better results as compared to 

continuous wavelet technique [19]. Denoising is basically used to remove the noise which is present and 

preserves the significant information, irrespective of the frequency contents of the signal. De-noising has to be 

accomplished to recover the useful information [20]. 

 

 

1.6 RESULTS  

For decomposition and reconstruction of the noisy received signal shown in figure (6c), different wavelets 

namely Haar, Daubechies2, Coiflet1 and Symlet2 are used. The results obtained after decomposition, 

reconstruction and denoising of a signal using these wavelets at level 1 and 3 are shown in figures (7). After 

applying threshold to detail coefficients cD1, cD2, and cD3, signal is reconstructed with these modified detail 

coefficients and original approximation coefficient at level 3 and this signal is actually a denoised signal. The 

Eye Pattern Diagrams for noisy received and denoised signals are shown in figure (8). Table (1) shows the 

SNR based comparison of noisy received and denoised signals using different wavelets for level 3 

decomposition. 

 

1.7CONCLUSION 

The conclusions that can be drawn from the results are as following: 

1.7.1 For Haar Wavelet: Haar wavelet is the one that closely resembles to the transmittedsignal,so the 

coefficients with low similarity or small valued discrete wavelet coefficients are very less; when these 

coefficients are discarded using thresholding, the denoised signal is almost similar to the original signal. It is 

the best wavelet to denoise our signal in terms of distortion at sampling time and sensitivity to timing error 

(slope). With this wavelet the noise is almost removed and the denoised signal is almost same as that of 

original transmitted waveform.  

1.7.2 For db2 Wavelet:It is the wavelet that does not resemble in shape to the transmitted signal and after 

S.No. Name of various Wavelets SNR of Noisy Received  

signal (dB) 

SNR of Denoised 

signal (dB) 

1. Haar 26.2297 33.0694 

2. Daubechies2 26.2297 26.5980 

3. Coiflet1 26.2297 27.1978 

4. Symlet2 26.2297 26.5980 

Figure (8d) Eye Diagram of Denoised Signal using coif1 

wavelet 

 

 

Figure (8e) Eye Diagram of Denoised Signal using sym2    

wavelet   

 

 

Table 1: SNR of Noisy Received and Denoised Signals for various wavelets 
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decomposition of noisy received signal, it gives more small valued discrete wavelet coefficients and when 

these coefficients are discarded, the denoised signal is not as good as that obtained with Haar wavelet. So this 

wavelet does not give better performance as far as distortion at sampling time is concerned because distortion 

is increased, but as the noise margin is increased, so it can be concluded that in terms of it this wavelet has 

good performance.  

1.7.3 For coifl1 wavelet:It is another wavelet that does not match in shape to that of the transmitted signal 

and it also gives large number of small valued discrete wavelet coefficients. This wavelet has good 

performance as far as noise margin and slope is concerned but it gives poor performance in terms of distortion 

at sampling time. 

1.7.4 For sym2 wavelet: Its shape also does not resemble to the transmitted signal and it givesmore small 

valued discrete wavelet coefficients after decomposition.It also gives poor performance in terms of distortion 

at sampling time, but it is better in terms of slope and noise margin as both are increased.  

At last, it can be concluded that Haar wavelet is the best wavelet for denoising of our noisy received signal as 

it has highest SNR and also gives better performance in terms of distortion at sampling time (decreased) and 

noise margin (increased).  

 

REFERENCES: 
[1] Mallat, S. G. (1989). "A theory for multiresolution signal decomposition: The wavelet representation." Pattern 

Analysis and Machine Intelligence, IEEE Transactions on Pattern Analysis and Machine Intelligence 11(7): 674-

693. 

[2] Wavelet Toolbox User's Guide, 'For Use With Matlab”, 2014. 

[3] R. M. Rao & A. S. Bopardikar, “Wavelet Transform: Introduction to Theory & Applications”, Addison-Wesley, 

New York, 1998. 

[4] Chen, G. and T. Bui (2003). "Multiwavelets denoising using neighboring coefficients." SignalProcessing Letters, 

IEEE 10(7): 211-214. 

[5] Portilla, J., V. Strela, et al. (2003). "Image denoising using scale mixtures of Gaussians in the wavelet domain." 

Image Processing, IEEE Transactions on 12(11): 1338-1351. 

[6] Buades, A., B. Coll, et al. (2006). "A review of image denoising algorithms, with a new one."Multiscale Modeling 

and Simulation 4(2): 490-530. 

[7] Alfaouri, M. and K. Daqrouq (2008). "ECG signal denoising by wavelet transform thresholding." American Journal 

of Applied Sciences 5(3): 276-281. 

[8] Moulin, P. and J. Liu (1999). "Analysis of multiresolution image denoising schemes using generalized Gaussian and 

complexity priors." Information Theory, IEEE Transactions on 45(3): 909-919. 

[9] Valens, C. "A Really Friendly Guide to Wavelets. 1999." URL: http://perso. orange. fr/polyvalens/ clemens/ 

wavelets/wavelets. html [Last accessed: 13 December 2007]. 

[10] Misiti, M., Y. Misiti, et al. "Wavelet Toolbox(tm) 4." Matlab User's Guide, Mathworks. 

[11] Beylkin, G., R. Coifman, et al. (1991). "Fast wavelet transforms and numerical algorithms I. "Communications on 

pure and applied mathematics 44(2): 141-183 

[12] Vetterli, M. and C. Herley (1992). "Wavelets and filter banks: Theory and design." SignalProcessing, IEEE 

Transactions on 40(9): 2207-2232. 

[13] Donoho, D. L. and J. M. Johnstone (1994). "Ideal spatial adaptation by wavelet shrinkage."Biometrika 81(3): 425. 

[14] Mallat, S. G. (1999). A wavelet tour of signal processing, Academic Pr. 

[15] Donoho, D. L. and I. M. Johnstone (1994). "Ideal spatial adaptation via wavelet shrinkage."Biometrika 81(3): 425-455. 

[16] Donoho, D. L. (1995). "Denoising by soft-thresholding." IEEE Trans. Inform. Theory 41(3):613-627. 

[17] Burhan Ergen (2012). Signal and Image Denoising Using Wavelet Transform, Advances in Wavelet Theory and 

Their Applications in Engineering, Physics and Technology, Dr. Dumitru Baleanu (Ed.): 509, ISBN: 978-953-51-

0494-0 

[18] Simon Haykin, “Digital Communications”, John Wiley India Pvt. Ltd.: 261-262, 2008. 

[19] Akram Aouinet & Cherif Adnane (2014). “ECG Denoised Signal by Discrete Wavelet Transform and Continuous 

Wavelet Transform.” Signal Processing: International Journal (SPIJ),Vol.8,Issue 1(2014). 

[20] Nishtha Attlas et al., “Wavelet Based Techniques for Speckle Noise Reduction in Ultrasound Images”, Int. Journal 

of Engineering Research and Application ISSN : 2248-9622, Vol. 4, Issue 2( Version 1), February 2014, pp.508-513. 

 


