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Abstract 

 

In this paper, we propose Wavelet packet transform based prediction of trends in 

nonlinear financial time series data. Bombay stock Exchange (INDIA) was selected 

as a tool to show the Wavelet packet transform based prediction of trends in financial 

time series. The experimental results demonstrate that the proposed method 

substantially outperform existing approaches. 
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1. Introduction 

Time series pertaining to different socio-economic problems have been 

handled through numerous mathematical techniques. Traditional financial analysis 

was based on econometric time series modeling, almost exclusively in the time 

domain only. The basic components of time series(non- stationary in nature) [8,20] 

namely long term trend, short term trend, seasonal  variations, cyclical and irregular 

situation are identified, so as to catch hold of real growth or declines in the data 

collected under series of observations. 
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Wavelet analysis gives an efficient way to decompose time series from the 

time domain to scale domain and localize the change across time within different 

scales [16,15,9,17]. In 2008 Sanjeevkumar et. Al [14] decomposed the historical price 

data into wavelet domain constitute subseries using wavelet transform and then 

combined with the other time domain variable for the proposed forecasting model. 

From our point of view the wavelet packet transform is especially suitable for 

prediction of trends in time series data because wavelets can “decompose economic 

time series into their time scale components” and this is very successful strategy in 

trying to unravel the relationship between economic variables [13]. We came up with 

an idea of wavelet packet transform method of prediction of trend analysis in time 

series data. MATLAB R2008a programmes have been used to get significant results 

and their comparison. 

The rest of the paper is organized as follows. The next section provides brief 

mathematical backgrounds. In section 3 explain the description of data set. In section 

4 provides methodology and experimental results are presented to demonstrate the 

effectiveness of wavelet packet transform based prediction of trend analysis. In 

section 5 we summarize our contributions and mentioned the conclusion. 

2.  Mathematical Backgrounds 
 

2.1 Wavelet Analysis 

According to Fourier theory, a signal can be expressed as the sum of series of 

sine and cosine. This sum is also called as Fourier expansion (2.1). The set back of 

Fourier transform is that only has frequency resolution and no time resolution. To 

overcome this, the wavelet theory is proposed. 
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Mathematically, wavelet can be defined as a function with zero average. 
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and the basic idea of the wavelet transform is to represent any function as a 

superposition of a set of wavelets or basis   functions.  Because these functions are 

small waves located in different times, the wavelet transform can provide information 

about both the time and frequency domains. 

2.2 Continuous Wavelet Transform (CWT) 

Similar to equation (2.1) the continuous wavelet transform is defined as 
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,τψτγ                                                                                            (2.3) 

where * denotes complex conjugation. The variable s and� are the new dimensions, 

i.e. scale and translation, after the wavelet transform the equation (2.3) shows that a 

function f (t) is decomposed into a set of basic functions )(, ts τψ which is called 

wavelets. And the wavelets are generated from the mother wavelet by scaling and 

translation: 
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Where s is a scale factor that reflects the scale i.e., width of a particular basis 

function.	�	is a translation factor  that  specifies the translated position along the  t 

axis and the factor 
s

1
 is for energy normalization across the different scales. 

2.3 Discrete Wavelet Transform (DWT) 

The disadvantage of the continuous wavelet transform lies in its 

computational complexity and redundancy. In order to solve the problems, the 

discrete wavelet transform is introduced. Unlike CWT, the DWT decomposes the 

signal into mutually orthogonal set of wavelets. The discrete wavelet is defined as  
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where j and k are integers, S0>1 is a fixed dilation step and translation factor �0 

depends on the dilation step. The scaling function and wavelet function of DWT are 

defined as: 
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And then a signal f(t) can be written as: 
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A time series X(t)=[x1,x2,x3, …Xn] 

Can be decomposed by cascade algorithms as follows 

)()()( 11 tDtAtx +=  

       )()()( 122 tDtDtA ++=  
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where Dn(t) and An(t) are detail and approximation coefficients at level ‘n’ 

respectively. 

 

Figure 2.1 illustrates the corresponding wavelet decomposition tree. 
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Figure 2.1: Wavelet Decomposition Tree 

 

The Harr wavelet is defined as the follows: 
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The scaling function for Harr wavelet is given by 

φ(x) = 
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1] [0,    x if 1

 

That is φ (x) is the characteristic function of the closed interval [0, 1]. 
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Figure 2.2: Harr Wavelet 

 

Daubechies wavelet (dbN) 

 Since Haar wavelet is the simplest and oldest wavelet transform; it was 

improved by Daubechies in 1992[14]. He developed the frequency – domain 

characteristics of the Haar wavelet. However, we do not have a specific formula for 

this method of wavelet transform. So, we tend to use the square gain function of their 

scaling filter, the square gain function was defined as [13].  
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Where the length N of the filter is a positive even integer. The name of the 

Daubechies family wavelets are written dbN, where N is the order.   

2.4 Wavelet Packet Transform (WPT) 

The structure of wavelet packet transform is very similar to DWT. The difference is 

that in the DWT, only the approximation coefficients are decomposed while in the 

wavelet packet transform, both the detail and approximation coefficients are 

decomposed. Therefore, WPT offers a more complex and flexible analysis. A ‘n’ 

level wavelet packet decomposition produces 2
n
 different sets of coefficients as 

opposed to n+1 sets in the DWT. Figure 2.3 illustrate the corresponding wavelet 

packet decomposition tree. 
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Figure 2.3: Wavelet Packet Decomposition Tree 

 

 

3. Data Description 

Considering now turns to applying the WPT to the daily stock prices of Indian 

company namely Alembic chemicals during the financial period 2003-2004 taken 

from the Bombay Stock Exchange. The total number of observations for 

mathematical convenience is suggested to be divisible by 2
j
. If it not ‘pad’ the time 

series data with values (generally 0 is added) and increase its length to the next power 

of two [11, 24]. 

 

4. Methodology and Experimental Results 

A single decomposition using wavelet packet transform generates a large number of 

wavelet bases. From the wavelet bases are being used to represent the information 

contained in the time series of interest and hence should mimic its underlying 

features. We decompose a data at depth 4 (level 4) with db4 wavelet using default 

entropy (Shannon). We obtain a complete binary tree, wavelet tree, and best tree of a 

time series data. From the tree values we calculate descriptive statistics at various 

level packets. It will represent the characteristics of time series. This wavelet  packet 

based prediction on time series method given a new insight to plan, the investor  to 

get a maximum profit he needs  a suitable complete analysis that provides increase 

the flexibility than the other earlier alternative approaches. 
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Thus our wavelet packet transform based prediction on trends is recent and 

suitable design. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1:  Wavelet Packet Decomposition Tree 

 

Figure 4.2:  Wavelet Packet Best Tree 
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Figure 4.3:  Wavelet Packet Best Level Tree 

 

 

Figure 4.4:  Wavelet Tree 

Packets Mean Median Mode Maximum Minimum Range 
Standard 

Deviation 

Median 

Absolute 

Deviation 

Mean 

Absolute 

Deviation 

(0,0) 200.1 206.2 204.3 275.3 128.5 146.8 42.97 33.22 36.17 

(1,0) 200.1 206 131.5 274.9 129.2 145.7 42.9 33.11 36.09 

(1,1) 0.0001204 0.05054 0.5029 7.488 -6.964 14.45 2.404 1.333 1.811 

(2,0) 200.1 207 132.2 273.7 129.8 143.9 42.81 34.56 36.11 
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(2,1) -0.003366 -0.0959 -0.465 13.03 -11.51 24.54 2.826 1.639 2.068 

(2,2) -0.007591 0.0133 0.3981 4.399 -5.203 9.602 1.319 0.7743 0.9977 

(2,3) 0.007712 0.06056 -0.5032 6.398 -6.959 13.36 2.054 1.019 1.511 

(3,0) 200.1 207.2 132.7 267.8 130.4 137.4 42.68 32.89 36 

(3,1) -0.03824 -0.04801 0.84 10.39 -10.83 21.21 3.727 2.022 2.822 

(3,2) -0.00207 -0.02509 -0.1642 5.408 -6.312 12.72 1.577 0.8184 1.095 

(3,3) -0.001296 -0.01728 0.6352 10.73 -8.81 19.54 2.342 1.242 1.664 

(3,4) -0.001957 -0.004659 -0.2045 2.01 -2.016 4.026 0.808 0.5381 0.6439 

(3,5) -0.005634 -0.03485 -0.2641 4.874 -3.934 8.08 1.107 0.5675 0.7796 

(3,6) -0.00377 -0.02562 -0.3928 4.322 -3.761 8.083 1.465 0.9047 1.123 

(3,7) 0.01148 0.07749 0.07397 4.78 -5.678 10.46 1.41 0.7021 1.009 

(4,0) 200.1 207.2 260.3 262.6 129.9 132.7 42.29 36.55 35.55 

(4,1) 0.06558 0.612 0.7048 15.39 -14.99 30.37 5.55 2.919 4.144 

(4,2) -0.0102 0.01717 0.2117 3.862 -3.69 7.551 1.488 0.9557 1.154 

(4,3) -0.02804 -0.2533 -0.4356 9.092 -9.349 18.44 3.504 1.698 2.58 

(4,4) -0.0004169 0.00249 -0.07403 5.525 -5.312 10.84 1.382 0.4239 0.8451 

(4,5) -0.001653 -0.01197 -0.1061 1.783 -1.873 3.657 0.7229 0.498 0.5643 

(4,6) 0.004306 0.05797 -0.8068 5.972 -6.353 12.33 1.799 1.076 1.382 

(4,7) -0.005602 0.01547 -0.05693 4.923 -4.716 9.639 1.471 0.6139 1.015 

(4,8) 0.003322 0.01134 0.134 1.313 -1.307 2.62 0.597 0.3234 0.468 

(4,9) -0.005279 0.004208 0.1327 2.572 -2.475 5.047 0.6383 0.2829 0.4465 

(4,10) -0.004711 0.01931 -0.2372 5.213 -4.13 9.343 1.018 0.3504 0.6136 

(4,11) -0.0009232 0.007593 -0.1181 1.376 -1.516 2.892 0.4816 0.2389 0.3538 

(4,12) -0.007676 0.002079 0.1212 2.938 -2.89 5.828 1.227 0.7809 0.972 

(4,13) 0.003906 0.02719 -0.5252 2.366 -2.59 4.956 0.8374 0.5675 0.6709 

(4,14) 0.006067 0.01805 -0.1566 2.179 -2.068 4.247 0.7343 0.3094 0.5279 

(4,15) 0.005415 0.07907 0.04822 3.494 -4.163 7.658 1.096 0.5048 0.7942 
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5. Discussion and Conclusion 

 

In the above table we are calculated Mean, Median, Mode, Maximum, Minimum, 

Range, Standard Deviation, Median Absolute Deviation and Mean Absolute 

Deviation for various packets ranges from (0,0) to (4,15). From the above 

presentation of suitable trees pertaining to the data under consideration and also 

detailed presentation of the content of the table are self-explanatory to bring out the 

salient feature of wavelet packets.  Although the main goal of this paper was to 

describe a computational technique, we intend   to supply a mathematical framework 

for the modeling described above. 
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