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Introduction
International transactions are usually settled in the near future. Exchange rate forecasts are necessary to evaluate the foreign denominated cash flows involved in international transactions. Thus, exchange rate forecasting is very important to evaluate the benefits and risks attached to  the international business environment. There are mainly two approaches to forecasting foreign exchange rates: (1) The fundamental approach (2) The technical approach.

Fundamental Approach
The fundamental approach is based on a wide range of data regarded as fundamental economic variables that determine exchange rates. These fundamental economic  variables are taken from economic models. Usually included variables are GNP, consumption, trade balance, inflation rates, interest rates, unemployment, productivity indexes, etc. In general, the fundamental forecast is based on structural (equilibrium) models. These structural models are then modified to take into account statistical characteristics of the data and the experience of the forecasters. 

Practitioners use structural model to generate equilibrium exchange rates. The equilibrium exchange rates can be used for projections or to generate trading signals. A trading signal can be generated every time there is a significant difference between the model-based expected or forecasted exchange rate and the exchange rate observed in the market. If there is a significant difference between the expected foreign exchange rate and the actual rate, the practitioner should decide if the difference is due to a mispricing or a heightened risk premium. If the practitioner decides the difference is due to mispricing, then a buy or sell signal is generated.

The fundamental approach starts with a model, which produces a forecasting equation. This model can be based on theory, say PPP, a combination of theories or on the ad-hoc experience of a practitioner. Based on this first step, a forecaster collects data to estimate the forecasting equation. The estimated forecasting equation will be evaluated using different statistics or measures. If the forecaster is happy with the model, she will move to the next step, the generation of forecasts. The final step is the evaluation of the forecast. 



Technical Approach
"Technical analysis" is an industry term that more often than not sounds much more complicated than the actual process is. Really, it ought to be referred to as "price analysis", as this would be a more accurate description. Through the use of charted data, Forex traders around the world analyze their market of choice. The objective: determine future price movement. The means: understanding price movement patterns of the past.
Forms of technical analysis are far and wide, and all technical analysis is common with one very important fact: it uses the past to try and predict the future. This is similar to using only your car's rear-view mirror to drive forward: looking only in the mirror one can use the lines on the road to make sure the car is driving straight forward, and a corner can be spotted when the lines start to move away from the direction the car driving. Just like technical analysis, driving by only using a rear view mirror can be difficult – if not impossible – to spot upcoming sharp corners, especially when moving at fast speeds.

Trends
When using technical analysis, it is often important to be able to recognize the type of trend the market is in. Generally any market condition can be classified into one of 3 conditions: an uptrend, downtrend, or sideways. For a market to be trending up, new highs need to break previous highs (higher highs) and the lows must be higher than previous lows (higher lows). Once the market fails to break previous highs - or if lows dip below previous lows - an uptrend may be in jeopardy and either a sideways market or a downtrend may follow.
Determining the type of trend a market can sometimes be arbitrary because of trend length. There are 3 different trend lengths: long term, intermediate, and short term. The market will never go straight up – or straight down – without making corrections; therefore, a long term trend may be going up, with a correction leading to an intermediate downtrend within the long term's uptrend.
Support and Resistance
As the market moves up and down, price levels will form; levels that seemingly provide a level of support, or a ceiling of resistance. These levels are appropriately called support and resistance. In the case of our trend example, each consecutive higher-high will be a resistance level, and each higher-low will, likewise, be a support level. The opposite is true for down trends: subsequent lower-lows will be support levels, and lower-highs will be new resistance levels.
These support and resistance lines can form trend lines, where a trend may seem to be defined by bouncing up off of a rising support level, or bouncing down off of a falling resistance level. In order to draw a trend line at least 2 market points are needed, though ideally a trend line will have 3 or more points which will confirm the trend line drawn. The more points a trend line has, the more confirmed and the more important the trend line becomes.
There are many technical indicators that aid a trader in determining a trend and potential entry and exit points. There are some basic technical indicators that a trader should know which will also help a trader understand more advanced technical indicators.

Technical Analysis Models 

(1) The most popular TA model is based on the finding that asset prices show significant small autocorrelations. If price increases tend to be followed by increases and price decreases tend to be followed by decreases, trading signals can be used to profit from this autocorrelation. The key of the system relies on determining when exchange rates start to show significant changes, as opposed to irrelevant noisy changes. Filter methods generate buy signals when an exchange rate rises X percent (the filter) above its most recent trough, and sell signals when it falls X percent below the previous peak. Again, the idea is to smooth (filter) daily fluctuations in order to detect lasting trends. The filter size, X, is typically between 0.5% and 2.0%. There is a trade-off between the size of the filter and transaction costs. Low filter values, say 0.5%, generate more trades than a large filter, say 2%. Thus, low filters are more expensive than large filters. Large filters, however, can miss the beginning of trends and then be less profitable

(2) The goal of a MA model is to smooth erratic daily swings of asset prices in order to signal major trends. A MA is simply an average of past prices. If we include the most recent past prices, then we calculate a short-run MA (SRMA). If we include a longer series of past prices, then we calculate a long-term MA (LRMA). The double MA system uses two moving averages: a LRMA and a SRMA. A LRMA will always lag a SRMA because it gives a smaller weight to recent movements of exchange rates. In MA models, buy and sell signals are usually triggered when a SRMA of past rates crosses a LRMA. For example, if a currency is moving downward, its SRMA will be below its LRMA. When it starts rising again, it soon crosses its LRMA, generating a buy signal.

(3) Momentum models determine the strength of an asset by examining the change in velocity of the movements of asset prices. If an asset price climbs at increasing speed, a buy signal is issued. These models monitor the derivative (slope) of a time series graph. Signals are generated when the slope varies significantly. There is a great deal of discretionary judgement in these models. Signals are sensitive to alterations in the filters used, the period length used to compute MA models and the method used to compute rates of change in momentum.

Two kinds of forecasts:

There are two kinds of forecasts: in-sample and out-of-sample. The first type of forecasts works within the sample at hand, while the latter works outside the sample. In-sample forecasting does not attempt to forecast the future path of one or several economic variables. In-sample forecasting uses today's information to forecast what today's spot rates should be. That is, we generate a forecast within the sample (in-sample). The fitted values estimated in a regression are in-sample forecasts. The corresponding forecast errors are called residuals or insample forecasting errors. On the other hand, out-of-sample forecasting attempts to use today’s information to forecast the future behavior of exchange rates. That is, we forecast the path of exchange rates outside of our sample. In general, at time t, it is very unlikely that we know the inflation rate for time t+1. That is, in order to generate out-of-sample forecasts, it will be necessary to make some assumptions about the future behavior of the fundamental variables.

Our objective:

In this paper, we give a new fast estimation method. The method stemming from control theory lead to a fresh look at time series, which bears some resemblance to the technical analysis as we have mentioned above. The results are applied to a typical object of financial engineering-the forecast of foreign exchange rates, via a model-free setting. That is to say, via repeated identifications of low order linear difference equations on sliding short time windows. Several convincing computer simulations, including the prediction of the position and of the volatility with respect to the forecasted trendline are provided. Z transform and differential algebra are the main mathematical tools. Some recent advances in estimation and identification stemming from mathematical control theory may be summarized by the two following facts: (1) Their algebraic nature permits to derive exact non-asymptotic formula for obtaining the unknown quantities in real time. (2) There is no need to know the statistical properties of the corrupting noises. The relationship between time series analysis and control theory is well doceumented. Our viewpoint seems to be quite new when compared to the existing literature.



Consider the univariate time series  is not regarded here as a stochastic process like in the familiar ARMA and ARIMA models but is supposed to satisfy approximatively a linear difference equation

  (1)

Where . It can be introduced as in digital signal processing the additive decomposition 

  (2)


Where is the trendline which satisfies Equation (1) exactly and the additive noise  is the mismatch between the real data and the trendline.
Hence we can get



Next, we assume that the ergodic mean of  is zero, that is to say

    (5)

It means that, the moving average

    (6)

is close to 0 if N is large enough. It follows from Equation (4) that  also satisfies the properties (5) and (6).Most of the stochastic process, like finite linear combinations of i.i.d. zero-mean process, which are associated to time series modeling, do satisfy almost surely such a weak assumption. Therefore, our analysis: (1) does not make any difference between non-stationary and stationary time series (2) does not need the often tedious and cumbersome trend and seasonality decomposition (our trendlines include the seasonalities, if they exist).

A model-free setting
It should be clear that: (1) a concrete time series cannot be well approximated in general by a solution of a parsimonious Equation (1), that is to say, a linear difference equation of low order. (2) the use of large order linear difference equations, or of nonlinear ones, might lead to a formidable computation burden for their identifications without any clear-out forecasting benefit. In this paper, we utilize a low order difference equation. Then the window size for the moving average (6) does not need to be large. Because of the quite promising viewpoint of (Fliess & Join,2008) where the control of complex systems is achieved without trying a global identification but thanks to elementary models which are only valid during a short time interval and are continuously updated.

In Part I, we  consider the identifiability of unknown parameters, extends to the discrete-time case a result in (Fliess, 2008). The convincing computer simulations in Part II are based on the exchange rates between US Dollars and Euros. Besides forecasting the trendline, we predict: (1)the position of the future rate w.r.t the forecasted trendline (2)the standard deviation w.r.t. the forecasted trednline. Those results might lead to a new understanding of volatility and risk management. In Part III, we conclude with a short discussion on the notion of trend

I. Rational generating functions

Consider again Equation (1). The z-transform X of x satisfies 

    (7)

Proposition: It shows that X, which is called the generating function of x, is a rational function of z, that is to say, :

       (8)
Where,



Hence, , satisfies a linear difference equation (1) if and only if its generating function X is a rational function.
 It is obvious that the knowledge of P and Q permits to determine the initial conditions x(0),…,x(n-1).

Remark Consider the inhomogeneous linear difference equation 





Where . Then the Z-transform  of x(t) is again rational. It is equivalent saying that, still satisfies a homogeneous difference equation.

II. Parameter identifiability

Generalities     Let











be the field generated over the field of rational numbers by , which are considered as unknown parameters and therefore in our algebraic setting as independent indeterminate (Fliess & Sira-Ramirez, 2003; Fliess, Join & Sira-Ramirez, 2004; Fliess & SiraRamirez, 2008). Write  the algebraic closure of (Lang, 2002; Chambert-Loir, 2005). Then that is to say, X is a rational function over. Moreover is a differential field(Chanbert-Loir, 2005) with respect to the derivation . Its subfield of constants is the algebraically closed field .


Introduce the square Wronskian matrix M of order 2n+1 (Chambert-Loir, 2005) where its 

    (9)
It follows from Equation (7) that the rank of M is 2n if and only if x does not satisfy a linear difference relation of order strictly less than n. Hence

 Theorem If x does not satisfy a linear difference equation of order strictly less than n, then the parameters  are linear identificable.




Identifiability of the dynamics For identifying the dynamics, that is to say, ,without having to determine the initial conditions consider the (n+1)×(n+1) Wronskian matrix N, where its ,,is 



It is obtained by taking the X-dependent entries in the n+1 last rows of type (9), that is to say, in disregarding the entries depending on . The rank of N is again n. Hence 

Corollary  are linear identifiable.


Identifiability of the numerator Assume now that the dynamics is known but not the numerator P in Equation (8). We obtain  from the first n rows (9). Hence 

Corollary  are linear identifiable.


Methodology

Data analysis

The daily volatility is not directly observable from the return data because there is only one observation in trading day. Although volatility is not directly observable, it has some characteristics that are commonly seen in asset returns. First, there exist volatility clusters (i.e., volatility may be high for certain time periods and low for other periods). Second, volatility evolves over time in a continuous manner—that is, volatility jumps are rare. Third, volatility does not diverge to infinity—that is, volatility varies within some fixed range. Statistically speaking, this means that volatility is often stationary. Fourth, volatility seems to react differently to a big price increase or a big price drop, referred to as the leverage effect. These properties play an important role in the development of volatility models.
Some financial return series  has the following stylized-facts. The first one is that the series are heavy tailed, the second characteristic is that although  may display not much structure in serial dependence, is highly correlated. Sometimes, these correlations are nonnegative. Lastly the changes in time series model tend to be clustered.
We utilized data from the European Central Bank, which summarize the 3100 last daily exchange rates between the US Dollars and the Euros. The series of exchange rate tend to be clustered during the whole observed period (Figure 1). After data processing, we can draw the conclusion that variances of returns tend to be time-varying. That is, the returns of exchange rate are heteroscedastic over time, i.e., non-constant variance (Figure 2). Furthermore, the large changes in  tend to be followed by large changes, and small changes tend to be followed by small changes.
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   Figure 1: plot of daily exchange rate                    Figure 2: plot of daily returns of exchange rate 
Next, we analyzed the correlations of the data. We consider a test statistic for the null hypothesis:  against the alternative hypothesis :  for some.
.
[bookmark: OLE_LINK11][bookmark: OLE_LINK12]The decision rule is to reject  if the p-value of  is less than or equal to the significant level, here we define α=0.05. According to the software, the p-value is 0.3415, it is definitely larger than α, hence we accept. It implies that the log returns are not dependent. (Figure 3)
Besides, we are interested in whether the square of the log returns are correlated or not. The figure here tells us that the p-value is 2.2e-16, much less than α, so we have to reject  and accept, which means that the squared series are highly correlated. (Figure 4)
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   Figure 3: Test for log returns                                    Figure 4: Test for the square of log returns
The distribution of USD/EUR exchange rate is not normally distributed. As demonstrated in figure 5, the red line represents the normal distribution and the blue lines stand for the distribution of exchange rate. It’s clear to see that distribution of our data has a heavier tail than normal distribution. Moreover, the Normal-QQ plot is another evidence.
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Figure 5: Density Function of exchange returns                              Figure: 6: Normal-QQ plot


GARCH Model

Model Setup
Based on the evidence from previous figures that the sample returns exhibit a heavier tail behavior, we consider a volatility model, GARCH.



Here it is understood that. The latter constraint on  implies that the unconditional variance of  is finite, whereas its conditional variance  evolves over time. As before,  is often assumed to follow a standard normal or standardized Student-t distribution or generalized error distribution.
Forecast
Firstly, we consider 1-step-ahead forecast and assume that the forecast origin is h, we have
,
Where  and  are known at the time index h. Therefore, the 1-step-ahead forecast is

In general, we have
.
It can be rewritten as
.
Therefore,   provided that. Consequently, the multistep-ahead volatility forecasts of a GARCH (1,1) model converge to the unconditional variance of  as forecast horizon increases to infinity provided that  exists.

Example: US Dollar/Euros Exchange Rate

1. GARCH (1,1)
According to the software’s analysis, the most fitted model based on our data is GARCH (1, 1), specifically, it’s expressed as following.
                            ,
   .
Table 1 provides the estimate results of   while Table 2 demonstrates the residuals tests.
As can be seen from Table 1, we can draw the conclusion that GARCH (1,1) model fit our data well. The error terms of the four parameters are extremely small, which implies our estimation is very accurate. Furthermore, the results of t-tests offer evidence that the model is very suitable. 
From Table 2, we can see the tests for standardized residuals and squared standardized residuals based on Ljung-Box Test. The p-Values are much bigger than the significant level, so we can accept the hypothesis that there is no correlation among the residuals. Therefore, the residuals are normally distributed.
Table 1: Estimate of.
	[bookmark: _Hlk290223446]
	Estimate
	Std. Error
	t-value
	Pr( >|t| )

	
	7.365e-05
	4.584e-05
	1.607
	0.1081

	
	3.136e-08
	1.334e-08
	2.350
	

	
	3.147e-02
	4.240e-03
	7.421
	

	
	9.651e-01
	4.583e-03
	[bookmark: OLE_LINK5][bookmark: OLE_LINK6]210.588
	


Std. Errors are based on Hessian. Significance at 1, 5, 10 percent are indicated by (***), (**), (*).

Table 2: Residuals Tests:
	
	
Q(10)
	R
Q(15)
	
Q(20)          Q(10)
	
Q(15)
	
Q(20)

	Statistic
	4.3939
	14.9102
	17.9072       4.0262
	6.5526
	11.2929

	p-Value
	09278
	0.4579
	0.5935         0.9462
	0.6889
	0.9654


The Ljung-Box Test are performed for standardized residuals and squared standardized residuals respectively.

2. Forecast of GARCH (1,1)  
As the paper required, we need a 5-step-ahead forecast. The prediction of volatility is given as
                                             .
3. Trading strategy:
After getting the adequate GARCH model, we simulate 10,000 data. Then we compared the auto correlation function (ACF) of both the simulated data and historical data.
[image: ]Figure 3.1(a) Autocorrelation of historical return |rt|, (rt)^2, rt , from high to low
[image: ]Figure 3.1(b) Autocorrelation of simulated return |rt|, (rt)^2, rt , from high to low
By comparing figure 3.1(a) and 3.1(b), we can see the ACF of simulated data is almost the same as the ACF of historical data. Therefore, we can say GARCH model is adequate to our FX data.
As we said before, by using ARIMA models, we can only fit the log returns as a random walk. By regarding returns as a random walk, the mean equation give us no useful information to predict the future trend of the exchange rate. Fortunately, by testing the parameters and standard residuals, GARCH model can give us a reasonable simulation of the volatility tendency. So next, we will use a trading strategy which is based on volatility.

The strategy is:
 (
T
ake the 10-day historical volatility (HV) reading
.
T
ake the 
50
-day historical volatility (HV) reading
.
I
f (
VAR(
10) < 0.5*VAR(50))
 
Display(
“
a big move is likely near!
”)
)



Next, we design a program to test the efficiency of this strategy.
Using the historical data to compare the volatility between 10 days before the trading signal and trading signal(VAR (-10)). The volatility between trading signal and ‘n’ days after the trading signal is represented by VAR (+n). 
If the VAR (+n) > VAR (-10), we say the trading signal is efficient. The table below shows the probability of efficient time over the total times of trading signal occurs.

	n
	Prob.efficiency

	1
	0.4194

	2
	0.5161

	3
	0.6419

	4
	0.7161

	5
	0.7548

	6
	0.7871

	7
	0.8161

	8
	0.8419

	9
	0.8484

	10
	0.8581


                                         Table 3.1 probability of efficiency

Table 3.1 shows that the trading signal is efficient as most of the efficiency percentage is around 70%. So we utilize this trading signal to make our trading decisions next.

By getting such a trading signal, we are alerted that there will be a big move in the exchange market. At current time t, we need to decide how to deal with the big change. Now we face a problem that we cannot using mean equation to get any useful information to make a strategy. Meanwhile, the volatility we got is always positive. Therefore we cannot judge whether the shock is an upward shock or a downward shock. 

Next, we did an experiment that assume when we face the trading signal that means a big move is likely near. We exchange our US dollar to Euro dollar at current time t, and exchange Euro dollar back to US dollar ‘n’ days after. By Using the historical 3024 days’ exchange rate data, the program gave us 310 trading signals. Figure 3.1 shows the probability that we can make a profit by changing n.

	n
	Prob. Making profit

	1
	0.4645

	2
	0.4645

	3
	0.4484

	4
	    0.4677

	5
	0.4806

	6
	0.4806

	7
	0.5065

	8
	0.4968

	9
	0.5161

	10
	0.4935

	11
	0.5129

	12
	0.5290

	13
	0.5484

	14
	0.5290

	15
	0.5355


                                Table 3.2 the probability of making profit

Table 3.2 shows that there has no significance difference between the probability of making a profit and losing money. The probability that we can make profit is always around 50% when n changes. 

As we know, GARCH model has the property that large shocks tend to be followed by another large shock. That means if our programming alert a trading signal that a big move is likely near. Then it means the market will volatile in next days.

By now, to solve the problem that some significant moves are about to take place, but we are not sure what the direction will turn out to be. We would do well to consider trading (buying) a straddle or a strangle. 

· Straddle:
A straddle (sometimes called a "Long Straddle") position is purchasing the same number of call and put options at the same strike price with the same expiration date.
There are two steps to the straddle trade, usually executed simulataneously:	

· Buy an ATM (At-The-Money) Put
· Buy an ATM Call
This strategy is more expensive than simply buying puts or calls, but you are in effect buying insurance against a large move in either direction. It is also more expensive than buying a strangle, because you are buying ATM options, as opposed to OTM options.
Risk and Reward: 
The maximum risk of a Straddle is equal to the amount that you paid for the two option contracts. If the stock moves nowhere, and volatility drops to nothing, you lose. The reward is that same as for calls and puts - unlimited. 
· Strangle:
A strangle (sometimes called a "Long strangle") position is when you purchase the same number of call and put options at different strike prices with the same expiration date, which is a more conservable way to hedge. 
There are two steps to the strangle trade, usually executed simulataneously:
· Buy an OTM (Out-The-Money) Put
· Buy an OTM Call  
This strategy is more expensive than simply buying puts or calls, but you are in effect buying insurance against a large move in either direction. It is also cheaper than buying a straddle, because you are buying OTM options, as opposed to ATM options.
Risk and Reward :
The maximum risk of a strangle is equal to the net debit of the spread (i.e. the amount that you paid for the two option contracts). If the stock moves nowhere, and volatility drops to nothing, you lose. The reward is that same as for calls and puts - unlimited. 
These two strategies give us the ability to make low risk - high reward trades without even having to get the direction right! Both of these strategies are direction neutral, and are fairly similar. So, if you are not sure about the direction of a stock, but your technical analysis indicates that a major move is imminent. The key difference is that one strategy needs a somewhat bigger initial investment, but has a correspondingly higher reward potential.
The trick of getting into a good straddle trade is to buy your options while volatility is relatively low (the option premium will be cheaper), and then sell as volatility increases either just before a news report or soon after. Our program is aim to send the trading signal to help us seize the trading opportunity. The timing of the trade is quite important - you need to factor in the date of the news event, give sufficient time so that you can buy relatively cheap, and choosing a balance between buying far enough out so that time decay does not erode your value, but not so far out that you are paying too much for time value.

4. Conclusion:
The existence of trends, which is: (1) the key assumption in technical analysis. (2) quite foreign, to the best of our knowledge, to the academic mathematical finance, where the paradigm of random walks is prevalent is fundamental in our approach. (3) when facing a return series that can only depict by volatility equation, we design a trading signal to notify there will be a big move in the market and preparing to decide the trading strategy. (4) straddle and strangle can be utilized during a volatile market.


















REFERENCE
Aronson D. (2007). Evidence-Based technical Analysis. Wiley.
Bechu T., Bertrand E., Nebenzahl J. (2008). L’analyse technique (6th ed.). Economica.
Blanchet-Scalliet C., Diop A., Gibson R., Talay D., Tanre E(2007). Technical analysis compared to mathematical models based methoDS UNDER PARAMETERS MISPECIFICATION. J. Banking Finance, 31, 1351-1373.
Box G.E.P., Jenkins G.M., Reinsel, G. (1994). Time Series Analysis: Forecasting and Control (3rd 
Ed.). Prentice Hall.
Chanbert-Loir A. (2005). Algebre corporelle. Edit. Ecole Polytechnique. English translation (2005): A Field Guide to Algebra. Springer.
Dacorogna M.M., Gencay R., Muller U., Olsen R.B., Pictet O.V. (2001). An Introduction to High Frequency Finance. Academic Press.
Doetsch G. (1967). Funktionaltransformationen. In R. sauer, L. Szabo (Eds): Mathematische Hilfsmittel des Ingenieurs, 1. Teil, pp. 232-484. Springer.
Durlauf S.N., Philips P.C.B. (1988). Trends versus random walks in time series analysis. Econometrica, 56, 1333-1354.
Fliess M. (2008). Critique du rapport signal a bruit en communications numeriques. ARIMA, to appear.
Fliess M., Fuchshumer S., Schoberl M., Schlacher K., Sira-Ramirez H. (2008). An introduction to algebraic discrete-time linear parametric identification with a concrete application. J. europ. Syst. Automat., 42, 211-232.
Fliess M., Join C. (2008). Commande sans modele et commande a modele restreint, e-STA, 5.
Fliess M., Join C. (2009). A mathematical proof of the existence of  trends in financial time series. Int. Conf. Systems Theory: Modelling, Analysis and Control. Fes, Marocco. 
Fliess M., Join C., Sira-Ramirez H. (2004). Robust residual generation for linear fault diagnosis: an algebraic setting with examples. Int. J. Control, 77, 1223-1242.
Fliess M., Join C., Sira-Ramirez H. (2008). Non-linear estimation is easy. Int. J. Modelling Identification Control, 4, 12-27.
Fliess M., Sira-Ramirez H. (2003). An algebraic framework for linear identification. ESAIM Control Optimiz. Calculus Variat., 9, 151-168.
Fliess, M., Sira-Ramirez, H.(2004). Reconstructeurs d’etat. C.R. Acad. Sci. Paris Ser. I, 338, 91-96.
Fliess, M., Sira-Ramirez H. (2008). Closed-loop parametric identification for continuous-time linear system via new algebratic techniques. In H. Garnier, L. Wang(Eds): Identification of Continuous-time Models from sampled Data, pp. 363-391, Springer.
Gencay R., Selcuuk F., Whitcher B. (2002). An Introduction to Wavelets and Other Filtering 
Methods in Finance and Economics. Academic Press.
Gourieroux C., Monfort A. (1995). Series tempporelles et modeles dynamiques (2e ed.)

Hamilton J.D.(1994). Time Series Analysis. Princeton University Press.
Kaufman P.J. (2005). New Trading Systems and Methods (4th ed.). Wiley.
Jury E.I. (1964). Theory and Application of the z-Transform Method. Wiley.
Kirkpatrick C.D., Dahlquist J.R. (2006). Technical Analysis: The Complete Resource for 
Financial Market Technicians. FT Press.
Lang S. (2002). Algebra (3rd rev. ed). Springer.
Lo A.W., Mamaysky H., Wang J. (2000). Foundations of technical analysis: computational 
algorithms, statistical inference, and empirical implementation. J. Finance, 55, 1705-1765.
Mandelbrot B.B., Hudson R.L. (2004). The (Mis) Behavior of Markets. Basic Books.
Markovsky I., Willems J.C., van Huffel S., de Moor B., Pintelon R. (2005). Application of 
structured total least squares for system identification and model reduction, IEEE Trans. Automat. Control, 50, 1490-1500.
[bookmark: OLE_LINK3]Mboup M., Join C., Fliess M. (2008). A delay estimation approach to change-point detection. 
Proc. 16th Medit. Conf. Control Automation, Ajaccio. Online http://hal.inria.fr/inria- 00179775/en/. 
Mboup M., Join C., Fliess M. (2009). Numerical differentiation with annihilators in noisy 
environment. Numer.Algor., DOI: 10.1007/s11075-008-9236-1.
Murphy J.J. (1999). Technical Analysis of the Financial Markets (3rd rev. ed.). New York 
Institute of Finance.
Paulos J.A. (2003). A Mathematician Plays the Stock Market. Basic Books.
Sornette D. (2003). Why Stock Markets Crash: Critical Events in Complex Financial Systems. 
Princeton University Press.
Taleb N. (1997). Dynamic Hedging. Wiley.
Wilmott P. (2006). Paul Wilmott on Quantitative Finance (2nd ed., 3 volumes). Wiley.


image3.wmf
1

()(1)()0

n

xtnaxtnaxt

+-+--×××-=


oleObject2.bin

image4.wmf
1

,...,

n

aaN

Î


oleObject3.bin

image5.wmf
()()()

trendline

xtxtt

n

=+


oleObject4.bin

image6.wmf
()

trendline

xt


oleObject5.bin

image7.wmf
()

t

n


oleObject6.bin

image8.wmf
1

1

()(1)()()(3)

()()(1)()(4)

n

n

xtnaxtnaxtt

ttnatnat

e

ennn

+-+--×××-=

ì

í

=+-+--×××-

î


oleObject7.bin

image9.wmf
()

t

n


oleObject8.bin

image10.wmf
(0)(1)()

lim0

1

N

N

N

nnn

®+¥

++×××+

=

+


oleObject9.bin

image11.wmf
,

tN

"Î


oleObject10.bin

image12.wmf
,()

()(1)()

1

Nt

tttN

MA

N

n

nnn

+++×××++

=

+


oleObject11.bin

image13.wmf
()

t

e


oleObject12.bin

image14.wmf
1(1)

1

[(0)(1)(1)][(0)]0

nn

nn

zXxxzxnzazXxaX

---

-

---×××---×××---=


oleObject13.bin

image15.wmf
()

XRz

Î


oleObject14.bin

image16.wmf
()

()

Pz

X

Qz

=


oleObject15.bin

image17.wmf
12

011

1

()[]

()[]

nn

n

n

nn

Pzbzbzbz

Qzzazaz

--

-

-

ì

=++×××+Î

í

=-×××--Î

î

¡

¡


oleObject16.bin

image18.wmf
(),0

xtt

³


oleObject17.bin

image19.wmf
1

()(1)()()'()sin()

t

n

finitefinite

xtnaxtnaxtttt

vavwj

+-+--×××-=++

åå


oleObject18.bin

image20.wmf
(),'()[],,,

ttRtR

vvawj

ÎÎ


oleObject19.bin

image21.wmf
()

XRz

Î


oleObject20.bin

image22.wmf
(),0

xtt

³


oleObject21.bin

image23.wmf
101

(,...,,,...,)

nn

Qaabb

-

Â=


oleObject22.bin

image24.wmf
Q


oleObject23.bin

image25.wmf
101

,...,,,...,

nn

aabb

-


oleObject24.bin

image26.wmf
Â


oleObject25.bin

image27.wmf
Â


oleObject26.bin

image28.wmf
(),

Xz

ÎÂ


oleObject27.bin

image29.wmf
Â


oleObject28.bin

image30.wmf
()

z

Â


oleObject29.bin

image31.wmf
d

dz


oleObject30.bin

image32.wmf
Â


oleObject31.bin

image1.jpeg
TN US

National University
of Singapore





image33.wmf
,02,

th

xrowxnis

-££


oleObject32.bin

image34.wmf
1

,...,,,...,1

xxxx

nn

xxxx

dddd

zXXz

dzdzdzdz

-


oleObject33.bin

image35.wmf
101

,...,,,...,

nn

aabb

-


oleObject34.bin

image36.wmf
1

,...,

n

aa


oleObject35.bin

image37.wmf
th

row

m

-


oleObject36.bin

image2.wmf
{()|}:()

xttNxt

Î


image38.wmf
01

n

m

££+


oleObject37.bin

image39.wmf
,...,

nn

n

nn

dd

zXX

dzdz

mm

mm

++

++


oleObject38.bin

image40.wmf
01

,...,

n

bb

-


oleObject39.bin

image41.wmf
1

,...,

n

aa


oleObject40.bin

image42.wmf
01

,...,

n

bb

-


oleObject41.bin

oleObject1.bin

image43.wmf
01

,...,

n

bb

-


oleObject42.bin

image44.png
16

15

14

13

12

11

09

08
0

500

1000

1500

2000

2500

3000

3500




image45.png
0.02

0.015

0.02

0.025
0

L
500

L
1000

L
1500

L
2000

L
2500

L
3000

3500




image46.png
> Box.test(da, lag=10, type="Ljung")

Box-Ljung test

data: da
X-squared = 11.2081, df = 10, p-value = 0.3415
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> Box.test((da)"2, lag=10,

Box-Ljung test

data: (aa)"2
X-squared = 417.9828, a4f = 10, p-value < 2.2e-16
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