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ABSTRACT

This paper propases a new method, cdl ed waveform dictionaries, to analyzethe trend d the exchange rate of the
Austradian ddlar against other currencies. Four different currencies are explored. They are the U.S. ddlar, the
Japanese yen, the British poundand the auro. The exchange rates can be dassfied as non-stationary signals. The
waveform dictionaries can reduce the complexity of these signals to produce some informative crrelation
feaures. These fedaures are sparse in the time-frequency domain and thus can efficiently represent the
charaderistics of the signal. These feaures are then displayed in time-frequency (scde) maps. These maps
provide possble insights into market behavior such as the dominant market rea¢ionto news.
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INTRODUCTION

Forecasting isimportant for business In spot speaulation, the speaulator will buy a arrency
if the forecast shows that it will appredate, or sell a airrrency if the forecast shows that it
will depredate. In spat forward speaulation, if the spot exchange rate is predicted to be
higher than the forward rate on the maturity date of the forward contrad, the speaulator will
buy forward and sell spot upon alivery. In option speaulation, a long cdl or a short put
dedsion will be made if the aurrency is expeded to appredate. In hedging dedsions, the
recevables will be hedged if the foreign currency is forecasted to depredate, and the
payables will be hedged if the foreign currency is forecasted to appredate. Exchange rate
forecasting is needed in the cae of foreign investments such as tting up a foreign
subsidiary. From the maaoemnamic perspedive, exchange rate forecasting is essential in
predicting variables such as inflation. Central-bank intervention in the foreign exchange
market involves predicting exchange rate movements.

There ae several quantitative goproaches to analyzing exchange rates auch as the
econametric models and time series methods. In single-equation econametric models, prices
are avail able only onamonthly basis and figures on retional income ae available only ona
guarterly basis. Forecasts of the exchange rates canna be dore on a daily basis. These
classcd data analysis methods are only suitable for stationary signals (time invariant).

Recantly, the method d waveform dictionaries has been accepted as anew data analysis
tod for nonstationary data and applied in financial markets (Wong et a., 2003. This new
data analysis technique is cdled waveform dictionaries, which are a ¢assof transforms that
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generali zes both short time Fourier transforms and wavelet transforms (Ramsay and Zhang,
1997). The amourt of locdization in time and frequency in ead dmension is fixed for the
former but is automaticaly adapted for the latter. Each waveform is parameterized by
location, frequency, and scde. Such transforms can analyze signas that have highly
locdized structures in either time or frequency space as well as broadband structures.
Waveforms can, in principle, deted everything from shocks represented by Dirac Delta
functions, to short bursts of energy within a narrow band o frequencies that occur
sporadicdly, as well as the presence of frequencies that are held over the eitire observed
period.

There ae many types of wavelet families with dfferent qualities, such as the
Daubechies wavelets db2 and db3 (Figure 1). These Daubechies wavelets have been
seleded because they form an orthogonal basis. Hence, the result of the wavelet transform
can be sparse and wseful. The seledion d the gpropriate mother wavelet as a base is
probably the most important step in ensuring the acaracy of the data analysis (Daubechies,
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Figure 1. Typicd examples of Daubedchies wavelets. db2 and db3. A
wavelet is like awater ripple that has limited oscill ations with amplitudes
decging quickly in milli seconds (locd in time, onthe x-axis) and extrads
both time and frequency information locdly.

In the next sedion, we review literature relevant to the paper’s objedives. Then we
discussthe mncept of waveform dictionaries as applied to the analysis of exchange rates.
The results of the waveform analysis are then presented. The final sedion completes the
paper with a summary and conclusion.
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LITERATURE REVIEW

Several theories have been developed onthe determination d exchange rates. Behind these
theories lie two general hypotheses: the Purchasing Power Parity Hypothesis (Bahmani-
Oskooeg 1993, and the Uncovered Interest Rate Parity Hypothesis (McCurdy and Morgan,
1991). Under the Purchasing Power Parity Hypothesis, exchange rates will be ajusted in
propartionto the changesin national priceindices, which meansthat a aurrency’sred value
will be the same & any time. Under the Uncovered Interest Rate Parity Hypothesis, the
differences in the interest rates among courtries will be equal to the rate of change in the
exchange rates.

Many of the studies on exchange rates have been made using clasdcd data analysis
techniques, which can be divided into threemain approaches. First, the distribution d daily
foreign exchange rates can be pattern recognized (Boothe and Glassman, 1987. To test the
exchange rates’ distribution the following are used: the normal distribution with its mean
and standard deviation parameters; the symmetric stable Paretian distribution with the
charaderistic exporent bounded by zero and two; the Student distribution charaderized by
its mean, standard deviation and degrees of freedom; and a mixture of two namal
distributions with ore mean, two standard deviations and a mixing parameter. Second, the
statistica values such as means or seand moments of data can be used to find the degreeof
temporal correlation. The Autoregressve Condtional Heteroskedasticity (ARCH) Model
has been used to study the relationship between the exchange rates and aher econamic
variables (Bollerdev et a., 1999. Third, the degree of stationarity in the data can be
analyzed. Since daily foreign exchange rates have been extended to the new intra-dail y data
on patings of bid and ask quates on foreign exchange rates using tick-by-tick observations
obtained worldwide, the intra-daily data have not redly been accepted to be stationary.
Fourth, the waveform dictionaries methodis a new data analysistod for non-stationary data
and hes been applied in foreign exchange rate studies (Wong et a., 2003.

FROM FOURIER ANALYSISTO WAVELET ANALYSIS

The Fourier transform decomposes a function into simple sine periodic functions as basis
functions without time information. The equation:

(1) X(t) = Z C el

is valid for any periodic function. The frequency parameter is w and (1) represents a
superpasition d harmonics of sine functions in terms of multi ples of w. The efficients are
given by the integral:

127T

2 C.= o Ix(t)e‘"“*‘dt
0
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Ead coefficient can be seen as the average harmonic content of x(t) at frequency w. Thus,
the Fourier transform can give frequency comporents of signals withou space or time
information.

While this approach leads to good results in many applicaions, some inherent
wedknesses are evident. The mmplete loss of time or space information leads to an
insufficient description d a discontinuity or a locdized high-frequency spike. The
underlying reason causing this effed is the nature of complex exporential functions used as
basis functions. All exporential functions cover the entire red line, and dffer only with
resped to frequency. Thus, a better representation d both the time and frequency domainis
needed.

There ae two basic gproadies to time-frequency analysis. The first approach is to
initially cut the time series into fixed time segments and then analyze eath o these
segments separately to review their frequency content. The other approach is to initialy
transform the time series into dfferent frequency bands, so that ead of these bands can be
cut into fixed time segments and then analyzed for their energy content. The first of these
approades is used as the basic principle of the short time Fourier transform, while the
seoondapproad, the wavel et transform, is the main focus of this paper.

The short time Fourier transform can analyze aspedrum by cutting up atime seriesinto
fixed time segments and then applying Fourier analysis to ead segment of the non
stationary signal. However, the anstant time-frequency locdization in ead dmension
limits the analysis of many locd frequencies or regularities. The aito-adapted windowed
time-frequency locdi zation approad is perhaps the most advantageous snce the wavelet
performs better than the short time Fourier transform (Figure 2).

Figure 2. Adaptive short time segments for a vibration transient: Using
wavelet analysis, small segments locdi ze high-frequency spikes (a), while
large segments provide temporal information for low-frequency trends (b).
The x-axis and y-axis dencote the time and magnitude, respedively.
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The wavelet transform of a signal f(xX) depends on two variables: scde (or frequency)
parameter a, and time (or position) parameter b. The wavelet coefficient is obtained by
integrating the product of the wavelet with the signal:

@ W, fab)=<f¥, >—_[\/— qJ(—) f(x)dx

W, f is the wavelet transform of f with analyzing wavelet W as the basis function. W, (X)

denates that the wavelet W is dilated by a and trandated by b. The parameters a and b are
red numbers (with the cnstraint a #0).

For effedive gplicaions, the discrete dyadic wavelet transform with a=2" and
b =n2™ (mandn being integers) is applied. Thus:

4 Wim,n] =< f,¥__ >=£ f (X)W, (X)dx

(5) W () =2""2W(2"x ~n)

When scde m deaeases, the time suppat is reduced but the wavel et Heisenberg box shifts
towards high frequencies. The Heisenberg boxis a 2-dimensional block in atime-frequency
map. When m increases, the frequency suppat of the wavelet is sifted towards low
frequencies. The time resolution increases whil e the frequency resolution ceaeases.

WAVEFORM DICTIONARIESIN THE ANALYSISOF EXCHANGE RATES

Waveform dictionaries are a ¢ass of transforms that generalizes both short time Fourier
transforms and wavelets. The former consists of segmenting the signal into windows of
fixed lengths and represents functions that are highly locdized in frequency space while the
latter represents dgnals that are tightly locdized in time. The gplicaion d the wavelet
transforms to the exchange rate signal is iownin Figure 3.

The technique that applies wavelets to exchange rates has the properties of locdity,
multi -resolution and compresson that are suitable for analyzing non-stationary data such as
exchange rates. Each wavelet is locdized in time and frequency domains concurrently. A
narrow time-window is used to investigate the high-frequency comporents of a signal while
a wide time-window is used to examine the low-frequency comporents of the signal.
Wavelet atoms are compressed and dlated to analyze & a flexible resolution wsing varying
levels of focus. The wavelet transforms of signals can be sparse so that the wavelet
coefficients can be small.
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Figure 3. The exchange rate signal is decomposed by the wavel et transform
(WT) into shifted and scded versions of the mother wavelet W(t),
Daubediies wavelet db10. The WT ads as a sort of mathematicd

microscope through which segments of the signal may be examined by
adjusting the scde.

The breskdown o the exchange rate signal into segments is the key to the fast
algorithm. Given a signal x of length N, the formation d the discrete wavelet transform
consists of log, N stages at the most. First, a decompasition separates the signal into low-
frequency and hgh-frequency segments using x = a + d, with a representing the smooth
coefficients and dthe unsmoath, remaining or difference wefficients of x. The wefficients
are obtained through the discrete convolution d x with a low-passfilter for the smooth
coefficients, and a high-pass filter for the difference woefficients. A dyadic dedmation
(down-sampling) follows. Further splitti ng of the smoath part of the signal in analog form
gives a multiscde analysis of the signal. Using this approac, the wavelet feaures of the
signal can be parameterized and dsplayed in a 2-D Cartesian pane, namely a time-
frequency map, also known as an energy map (Figure 4).
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Figure 4. lllustration o flexible time-scde (frequency) resolutions obtained
through awavelet analysis. Scd e increases from the bottom to the top o the
y-axis and frequency isinversely propartional to scae.

RESULTS OF WAVEFORM DICTIONARIES

We dtempted to gain insights by using waveform dictionaries to analyze foreign exchange
rates. The spedfic data that we used were sampled from daily observations colleded by the
University of British Columbia. The raw data dates from 1/2/1998to 154/1999.The four
exchange rates examined were the U.S. ddla—Austraian ddlar, the Japanese yen—
Australian ddlar, the British pound-Australian ddlar, and the auro-Australian ddlar. The
daily sampling rate was deaned appropriate since it avoided the periodicity that was
induced by the ingtitutional structure of the international market for exchange rates in major
world currencies.

The wavelet transform decmpaoses the four different signals into separate time-
frequency (scde) maps (see Figures 5 to 8). Figure 5 shows the Japanese yen-Australian
dalar exchange rate. The time-frequency map indicates the highest energy location (in
deepest gray), that is, 153 working days from the starting date, 1/2/1998. The detail d;
comporent deteds a high exchange rate spike on that day. The detail d; shows the high-
frequency adivities of the exchange rate market while the low-frequency & approximates
the trend d the market. Also, the maximum energy bin isfoundat scde 1 (level 1) of the y-
axis. This indicaes that the signal’s nature is smocoth and regular. Similar analyses cen be
applied to the other figures (seeFigures 6 to 8).
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Figure 5. Japanese yen/A$ in 1998.The gray-scde map (bottom) shows the
time and frequency locdization d the exchange rate: the x-axis siows the
working date starting from 1/2/1998 the y-axis ows the frequency (scde)
resolution. The deepest gray location onthe map shows the locaion with

the highest energy.
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Figure 8. US$/A$in 1998

The wavelet decompasition feaures at detail s d; and @, and the goproximate & for the
USHAS exchangerateis srownin Figure 9. The signal sis compared to & that indicaes the
trend d the ddllar. The detail d; shows the high-frequency market adivities at the sampling
rate of 1 datum per 2 days, while d, shows the lower-frequency market adivities at half of
the frequency of dy, that is, 1 datum per 4 days. The arve d, shows that the low-frequency
cycleis approximately 20 working days.

The aimulative frequency of the signal US$/A$ is own in Figure 10. The highest
adivity moving the price level is found at US$0.623 within the inter-quartile range.
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Histograms of the low-frequency approximate a and the high-frequency detail d; of
US$/A$ are shown in Figures 11 and 12.

The overal results indicae that the waveform dictionaries can work as filters that can
cut the exchange rate into smaller bands of frequencies: scde levels 1 and 2 shown in

Figures9to 12.

Decomposition atlevel 2 : s=a2 +d2 + d1 .
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Figure 9. The wavelet transform deaomposes the US$/A$ exchange rate to the
wavelet coefficients approximate a and details d; and &
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Figure 10. Cumulative frequency of the signal US$/A$in 1998
The x andy axes dencte pricelevel and adivity, respedively.
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Figure 11. Histogram of the goproximate a
of the signal US$/A$in 1998
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Figurel2. Histogram showing a high-
frequency d; of the signal US$/A$in 1998

Eadh band provides a more detail ed representation d asmall portion d the signal. This
approach provides an aternative way to extrad useful information regarding expedationa
changes in variables gich as interest rates, inflation, trade balances and money supgy from
spikes or transients that may not be sustained throughou the entire period d observation o
the data mntaminated by noise. Furthermore, the transients or spikes of the data may
represent short-run busts of market adivity or energy over a narrow range of contiguous
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frequencies. These locdized frequency bursts nat only represent most of the signal’s energy
but also give significant insights into market behavior. These bursts may be viewed as the
dominant market’s readion to news. They can be observed clealy at the first difference or
detail d;: Dirac Deltafunctions are found.The median of changesis nealy invariant at zero
for d;. Thisindicaes an aimost even chancethat the pricewill rise or fall.

The advantage of this approach has become dea by studying a limited amourt of data
in this paper. To improve forecating potential, more data need to be wlleded and
experiments caried ou. This approach represents a significant improvement in financial
market forecasting.

CONCLUSION

The proposed waveform dictionaries approadh has been shown to provide new information
on exchange rates compared to the traditional Fourier-based methods, which are incgpable
of deding with a signal that is changing over time. The data used in the analysis was
sampled from daily observations. Four different exchange rates were analyzed and the
results are shown in the time-frequency maps. These maps provide posgble insights into
market behavior such as the dominant market reagion to news.
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