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Abstract: This work concentrates on computational approach for ptiedgj the interval (number of trading days), a significaatfee
of stock market analysis using Haar Wavelet. A distinct nhgproposed for predicting the high value of returns. Thenprobjective
is to understand the trends using Haar wavelet and use thigration to determine the interval for future directiorhi§ model used
85 securities closing price and validated 4355 trading dalys results reported at 200 recent trading days with arageesiccuracy of
45.88% on 85 securities over a period of 15 years.
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1 Introduction can become more crucial for the recent stock market
changes and increases the need for financial care of
dstock-market. The stock market usually improve
economical well-being of people. The financial market
system typically generates large amount of fluctuating
data, which might be analyzed for developing a better

impact on stock market data’. Studies suggest that théj(aCiSion support system. To '.””ak.e a cutting edge on sto_ck
stock analysis is still evolving, and these exist,an market, the hidden information in stock-market data is

opportunity for developing new evaluation technique and'gpnadgrra%, V;'h'(.:h IIS (Ija}rgely untgxpped a(';d tho bte |dent|I|ebd.
use of various data mining methods, which involves inanciar data inciuding numbers and charts must be
interval based analysis to make inference about th nalyzeql fqr effective trading decisions, fF"the.f aSSERS

current market. Wavelet function is increasingly applied he feasibility of stock market data analysis using wavelet

to these stock data sets because it permit experts to fochHwI specifica_\lly predipting the stock data based on tra_ding
on time scale where the trading patterns would bemtervals. This work introduces wavelets as a technique

important. Wavelets can be very much useful for f?r stock prrle((jjiction,the developmgnt and cl?aracterinatifo

distinguish trading patterns from other price movements.g a method to assess repetitive stock patterns for

This work presents an interval based stock market etecting basic stock characteristics from NSE data set.

analysis using Haar wavelet in NSE data set which can

identify significant informative financial characteristic

This method can be opted as an alternative to analyze

financial data which involves the effective use of stock  This paper first survey on the related work, introduce

market data and assist investors to make better decisionsavelets and describe the main stock market

based on intervals. characteristics. We then detail the stock processing
Since lesser models are present to predict the state akquired to detect basic characteristics in stock market

stock market based on trading intervals, the efficientdata and describe the extracted features and elaborate on

diagnosis of current stock market and its relationship withthe experiment. Finally, discuss the results with future

various financial trades will be available. These modelswork.

The objective of this work is to capture trends an
similarities in order to help investors understand the
current trading scenario, aiming the test of
hypothesis,‘whether trading intervals have any significan
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2 Theoretical Background provides a continuous assessment of relationships or
structures, as well as other observations. The wavelet

Wavelets are applied in number of fields including analysis has the variety of algorithms. Depending on the
biomedical signals, medical images, aural signal anddata-analysis different wavelet algorithm are applied. In
video-signal [, 2,3]. Despite the considerable research in PVI non-linear system, adaptive wavelet neural network
economics and finance, only limited researchers havés employed to inherit time-varying system charactersstic
identified the application of wavelets in stock markets [ [19].
5]. Wavelet analysis is a mathematical model very  This work applies Haar-Wavelet (in close price for a
suitable for non-stationary data that transforms the timestock), which is very fast and works well for the financial
domain signal into a different domain for analysis andtime series. Financial-time-series are non-stationary,
processing §]. Haar wavelet are used in different cannot be described within a window by combination of
applications. This work makes use of haar wavelet sincesin and cos terms. Financial time series cannot be cyclical
most of the financial time series data are non-stationaryin a predictable fashion. Financial-time- series lend
The economic applications of wavelets provide differentthemselves to Haar wavelet analysis since graphs of
insights into those application and report fruitful result financial time series tend to jagged, without a lot of
Transformations are applied to signals which obtainsmooth detail. The present work adopts CWT (for interval
further information which is not visible in the raw signal. analysis) & DWT (for noise removal) using Haar wavelet
Traditional method time-series analysis focuses on timeas the mother-wavelet. By using CWT, from a very
domain which requires a very strong assumption that dat@omplicated function the user can extract components
must be stationary and spectral analysis, which focuses owith a simpler structure. The user can study each small
frequency-domain makes sense when the market activitgomponent instead of studying original function as the
is stable across the whole periof.[ whole. Main advantage of DWT is that it inherits the

A financial time series is a combination of same benefit of CWT but uses a limited number of
components that operate on different frequencies. Unlikdranslated and dilated versions of the original wavelet
traditional methods, wavelet Analysis, provide useful [20].
information to economics and finance that help to  The stock market researchers have attempted to
overcome the limitations in traditional methods. U.S predict stock price using machine learning techniques and
stock price behavior are analyzed by various waveformstatistical models. The problem of parameter selection
dictionaries to decompose the time series containeénd over-fitting occurs in machine learning techniques
within three tick-by- tick foreign exchange rate8, 9. [21,22). The statistical models result in large error due to
The authors conclude that waveform dictionaries are mosthe assumption of time series data to be linear and
useful for analyzing data that are not stationary. Waveletsstationary. Use of continuous time transform, every
are used orthogonally to decompose the KOSPI and DJIApossible translation and scale-based decomposition
daily stock market indices into different respective models has been found to improve the accuracy of stock
time-scale component&(]. market prediction.

To quantify price spillovers among a wide range of
regional stock markets on different time horizons o
wavelets are employedL]]. The relationship between 3 Empirical Tests
future output and a variety of financial indicators using .
scale by scale based on wavelet multi resolution analysiss-1 Sample Selection

[12). Wavelets are used to study growth and volatility of The data set for this work is collected from the historical

GDP series ovgrd|ﬁerent time horizons, where the focus ata on National Stock Exchange from the website of
is on changes in the growth rates as well as the levels o uandl

GD::’[133]. f | lvsi he lead-| https://www.quandl.com/data/XNSE-National- Stock- Bange-of-India-Prices

rela’giqorgsﬁipprebse?t\r/]vceeeno fmznigl acgr?/:l;?ést anea r'eZ?Quandl has the richest collection of puplicly available

economic activity and stock returns inflation on different stock market data on the Internet. Quandlis a platform for
economical, financial and other data, serving professional

time SCSI?S fare stutdf|ed.4, 19. Vk\:avelet-based rr&eiho?s investors. More than 2000 stock data from National Stock
are used to forecast foreign exchange raiék [lo detec xchange of India is available in quandl. This work used

and separate periodic components in time series the DW he daily closing price of more than 80 security index.

and Scalo gram are used in spectral analy$ig.[The "t "cot involves an average of more than 3000
wavelets are applied to investigate the issue of markeErading days

efficiency in the future markets for oil 1f. A
wavelet-based prediction procedure is introduced and
used to forecast market data for crude oil over different3 2 prediction Framework

forecasting horizons. The CWT avoids one particular

problem: in most of the literature from frequency domain, Prediction analysis is needed to provide the knowledge
cut-off frequency band is arbitrary for the analysis. CWT and guidance to investors in terms of when to buy, sell or
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hold the shares. This work attempts to design simple3.3 Daily Returns From Closing Price

wavelet-based model for stock prediction in the future in

terms of interval based on trading days. Issues in datahe input to processing chain is the closing price of stock
preprocessing technique, architectural design, waveletnarket historical data for a particular security. In thetfirs
selection and performance measures have beestage, the rate of returns from closing price are calculated
considered carefully. The methods were all implementedoy the following formula depicted in1j. Returns from
off-line using MATLAB. The framework for stock Closing price quotes the ith return of an asset from the
prediction is illustrated in Fig.1. The daily returns period T(i)to T(i+1) and normalizes it with time interval,
calculated from closing price are the significant input for which is 1 between successive price observations.

this processing chain. Firstly, the noise from returns are
removed by using Haar wavelet. The denoised-returns are
given as input to the next stage, where intervals for
positive stock market prediction is calculated using Haar

wavelet. The results are further evaluated using confusion )
matrix. The sample returns calculated using MATLAB for

NSERCF security from March 1998 to June 2016 is
shown in Fig.2.
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Detection

3.4 Noise Removal

Several stock market characteristics (peaks) are needed to
be preserved from the noise removal methods. The
steepness of stock market data edge needs to be retained
in order to differentiate between profit/loss charactmsst

in stock. During diagnosis, return series are processed to
remove noise (also known as ‘market noise 'caused by
program trading) that tends to confuses or misrepresents
genuine trends. We have used wavelet transform based
noise removal and identified wavelet-based methods are
suitable for visual inspection, Peak Signal to Noise Ratio
(PSNR) and Mean Square Error (MSE). The algorithm
used Haar Wavelet decomposition at level 1 on each
component for removing noise. The DWT using Haar as
mother wavelet has, Approximation Coefficients and
Detail Coefficients. The choice of mother wavelet

Perdormance Evaluation

Fig. 1: Stock Market Prediction Framework
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Table 1. PSNR, MSE for sample securities using Haar Wavelet.

PR MSE | Datafom | DateTo 5 Average Peak el vlus PR MSE Datafom | DateTo |1 Averag eak el vlus

SECURITY || PSNR MSE AR nl1 zsuwae o wm
1 81.476 | 0.000463 R EE] W ARG oW P
2 77.504 | 0.001155 T\ i I maw(y | mumowes 1 oW a0
3 83.937 | 0.000263 T I W RRe e 1 W fi
+ | 79529 0000661 Bum 2 ofiom s
> 81.978 | 0.000412 j Lssw [} (7| no e (] X
6 80.221| 0.000618 T osmomes 1 60 mam o] oseoaen 1 250
7 84.013 | 0.000258 NRCE nE Y| R owE 1 W i
8 81.185| 0.000495 W) oE om0 m TR R am
9 80.308 | 0.000606

Fig. 4. PSNR,MSE for 2 different securities with Intervals

becomes important in analyzing a given time series for

two reasons. Firstly, length of the discrete wavelet

function determines how well it would be able to isolate 3.5 Basic Sock Characteristic Detection

features to specific frequency intervals. Secondly, it is

being used to represent the hidden information contained o

in time series.The Detail Coefficients indicate the shortFrom the reconstructed returns, stock market prediction
bursts in the financial data which are more of impulsiveintervals — are  detected. =~ The  corresponding
reactions to news and even®2.On the other hand,the posﬂw_e/negaﬂye characterlans |de_nt|f|ed by the
Approximation Coefficients denote the average behaviodetection algorithms are the basis for this work. Based on
of the indices during a long run and are considered forthe proposed method results are evaluated for IRGE
determining the relationship of movement between stockdata set. The profitloss can be detected from the
indices. The reconstructed signals and the daily raWproc_:essed stock market returns. Intervals formmg.the
returns for security NSERCF is shown in Fig3. The basis of all stock features are used for prediction.
PSNR for NSERCFE 79.447 and MSE for NSRCF Robustness of the algorithm for detecting is a key to
0.00073847 are calculated after reconstruction, and thigchieve good performance prediction. Profit detection is
shows that Haar wave function can be used for denoisingarticularly important because the entire stock market

daily stock market returns. Sample PSNR, MSE for somedata are reliable. For the profit identification, we used
securities are listed in Tablie Continuous  wavelet transform  Profit Detection

(CWTPD). The input to CWTPD are the denoised stock
market returns. CWTPD first computes the continuous 1D
wavelet coefficients at scale 10 using Haar as mother

025 NSE RCF Daily Returns wavelet.
ozl  Rettnematied Rewms using haar@La | Let R be one of the return components agthe
oas - i mother wavelet. The wavelet coefficieD§(R), at scale s

0.1

and position p, is defined as i)(

0.05

csR = | R(t)%w“‘sp) dt. 2)

Daily Returns

-0.05 [
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S0 1000 1800 2000 2500 3000 3500 4000 By application of specific thresholdh,y on the
coefficientsC§ = C;%(R), CWT-PD creates a vector T

. _ . with elementsT; as in @).
Fig. 3: NSE.RCF: Raw Signal and Reconstructed Signal

1,V :G(R) > thyy
Ti= {0, othervE/isze. P ®)
The PSNR and MSE for 85 different securities are

analyzed before the detection of basic stock price This step divides returns into profit and non-profit
characteristics (profit/loss) analysis.The results oledi segments. Profit segments greater than the threshold are
for these securities shows the current trading intervalsonsidered. CWIPD checks the return direction of each
playing the significant role in stock market prediction. 39 segment. The direction is derived from the sign of
out of 85 securities show the impact of current 200 corresponding element in T. The Fig.illustrates raw
trading days. Fig. 4 list the highest values of returns (R) and Profit segments with application specific
PSNR(encircled) for 2 different sample securities. threshold 0.05.
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Table 2: Various security features with average intervals. Table 3: Confusion matrix(Actual Vs Calculated Results).
Security || PSNR MSE Datalnterval | AvgPeakDist Actual Results TRUE FALSE | TOTAL
1 81.476 | 0.000463 1-1400 42 Positive 1066(TP) | 1134 (FP)| 2200
2 77.504 | 0.001155 1-400 32 Negative 1071(TN) | 1085(FN) | 2156
3 83.937| 0.000263 1-400 55 2137 2219
4 79.928 | 0.000661 1-200 23 Total (TP+FP+TN+FN) 4356
5 81.978 | 0.000412 1-200 29 Correct Predictions (TP+FNﬂ 2151
6 80.221| 0.000618|  1-1600 26 Accuracy ((TP+FN)/Total) ] 49.38
7 84.013| 0.000258 1-200 183
8 81.185| 0.000495 1-1200 48
9 80.308 | 0.000606 1-2400 31 Table 4: Evaluation Results.
1 || NumberOfObservations] 4356
2 ControlClasses: 2
3 CorrectRate: Accuracy | 0.4938
— ] 4 ErrorRate: 0.5062
1 M 5 Sensitivity: 0.48455
sl e 6 Specificity: 050325
7 || PositivePredictiveValue:| 0.49883
— L] 8 || NegativePredictiveValue} 0.48896
=003 = -
) N A A A
=005 ~ Y RN 1 shows average peak distance for security NSE- is

44. This implies that an user may expect profit after 44
L trading days for the security NSECF.

Profits —
Peak Marker Vector for NSE RCF Returns (th=0.05) (Average Peak Distance =44)
C} T T T T T
|-
| |

il ) bl (il 100
Trading days

Fig. 5. Continuous Wavelet Transform - Profit Detection
(CWT_PD) a) Raw Returns (NSRCF) b) Transformed wavelet
with threshold.05 c) Marker vectors for profits

3.6 Interval Analysis

015 4

Various security features along with its data intervals and ! ! ! ! | | |
average peak distance are listed in Takl€fo evaluate ! T s
the CWT-PD algorithm, we performed an experiment
considering NSERCF stock market data with more than
4000 trading days. Using a fixed sequence to simplify
labeling of individual profit, the sequence was comprised
of Ofor non-profit segments and 1‘for profits. The
predictions are listed in Tabldé Comparing profits with
the annotated ground truth, we calculated true positives ) .
(TP), true negative (TN), false positives (FP) and false3.7 Results And Discussion

negatives (FN), to calculate the accuracy.

We have taken totally 4356 trading days of NBEF  This work proposed a framework for stock prediction
for interval based analysis. By using the proposed methodysing trading day intervals with 49.38% accuracy in the
2151 observations are predicted correctly. real data set. The objective of this work is to capture the

Table4 suggests that trading day intervals can be usedrends and similarities in the movements and activities of
to predict the future direction of stock market analysig.Fi the Indian Stock Market NSE in order to help the

Fig. 6: NSE_LRCF Interval Analysis (AvgPeakDist 44)
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investors understand, the current trading scenario. Ajmin [5] S. Skander, On the Use of the Wavelet Decomposition for
the test of hypothesis,‘'whether trading intervals have any Time Series Prediction, Neurocomputing, Vol. 48(1-4),pp
significant impact on stock market data’. Considering the  267-277 (2002).

hypothesis that these would be an impact of trading[6] Y- Motohiro, Measure Business Cycle: A Wavelet Analysiis
intervals with respect to returns for desirable investrsent ~ Economic Time Series, Economics Letter, vol. 100, pp. 208-
and profitability. The developed algorithm for detecting 212 (2008). . - .
profit using trading intervals in stock market data hasl[’] Tian-Xiao He, ‘Wavelet Analysis and Applications in
been proved achieving the accuracy of 49.38% for Economics and Finance, Research & Reviews, Journal of

NSE.RCF data set. The experimental evaluation shows (Sztg?;ucs and Mathematical Sciences, \ol. 1, no. 1, pp22-3

sensitivity 48.45% and specificity 50.32% for NS¥EF #8] Ramsey,J. B., Usikov, D. and Zaslavsky, G. M, An Analysis
data set. The Interval analysis shows the number of oty s Stock Price Behavior Using Wavelets, Fractals, vol.
trading days for various securities have significantimpact 3 no. 2 pp 377-389 (1995).
on stock market data. [9] Ramsey, J. B., and Semmler, W, Interest Rate Spreads
and Output: A Time Scale Decomposition Analysis Using
Wavelets, Computational Statistics and Data Analysis, Vol
4 Conclusion 76, no. 2, pp 282-290 (2014).
[10] Lee, H. S, International Transmission of Stock Market
Application of Haar wavelet on stock market data was Movements: A Wavelet Analysis, Applied Economics
effectively implemented. The result indicates the Letters, Vol. 11, no. 3, pp. 197-201 (2004). _ .
important relationship between stock market predictionl11] James. B. Ramsey, Wavelets in Economics and Finance:
and trading intervals which was one of the main Past and . Future, Studies in Nonlinear Dynamics &
objectives of this work. With increased frequency of stock ., E¢onometrics, Vol. 6, no. 3, pp. 1-29 (2002).
. . 12] Fernandez, V, The International CAPM and a Wavelet-
market data set we expect further testing on eﬁectlvenesg

f d K Wi d like t tend K Based Decomposition of Value at Risk, Studies in Nonlinear
Of proposed work. vve would fike 10 exiend our wor Dynamics & Econometrics, Vol.9, no. 4, pp. 1-37 (2005).

further for on-line stock analysis. Trading intervals have 113} pmaslova, I., Onder, H. and Sanghi, A, Growth and Volstil
provided new insight into stock market problem. The = aAnpalysis Using Wavelets, Policy Research Working Paper
most important idea of this work is the feasibility of stock 6578, The World Bank, (2014).

market prediction by trading intervals using wavelet. We [14] Kim, S. and In, F. H, The Relationship Between Stock
have used only a selected number of stock market data for Returns and Inflation: New Evidence from Wavelet Analysis,
the experimental scenario which can be considered Journal of Empirical Finance, Vol. 12, no. 3, pp. 435-444

further to on-line stock. (2005).
[15] Kim and In, F. H, The Relationship Between Financial

Variables and Real Economic Activity: Evidence From
Acknowledaement Spectra}l and Wavelet. Analyses, Studies in Nonlinear
9 Dynamics & Econometrics, Vol. 7, no. 4, pp. 1-18 (2003).

16] Wong, H., Ip, W., Xie, Z. and Lui, X, Modelling and
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