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Abstract

This study develops a method to detect trend reversals followed by significant
drops in Brazilian Stock Market using wavelets. Applying the concept of the
log-periodic power-law, whose oscillations present reduction in amplitude and
period as the critical moment approaches (where there is a higher probability
of market drop), it used the Continuous Wavelet Transform to detect the in-
creasing oscillation frequency in the stock price, time series and generate sell
signals. An algorithm was developed to test different kinds of wavelets and pa-
rameters to calculate the Wavelet Index, evaluating whose combination of pa-
rameters brings the best results and comparing these results with the existing
Technical Analysis tools. The results show that the proposed method to calcu-
late the Wavelet Index detects successfully the significant drops (over 10%) in the
Brazilian Stock Market. Considering drops over 15%, there were losses due to
early sales of 45% (average) in the search set and 43.9% in the test set, without
false negatives, using mainly the Meyer wavelet. Its performance was also bet-
ter than existing Technical Analysis tools, like MACD and RSIL
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1. Introduction

Looking after maximizing the returns and improving the risk management of
financial market investments, researchers and scientists develop, every year, new
methods to predict the future behavior of the market variables. Among the dif-
ferent approaches to this question, the techniques to analyze the trends on the
assets price are remarkably important, detecting the current trend or predicting

its reversal [1] [2].
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In 1996, two independent workgroups proposed that the log-periodicity con-
cept, used to predict critical phenomena, could be applied on the prediction of
significant drops (crashes) of stock market through the study of the behavior of
the S & P500 index (USA) during the October, 1987 bubble burst [3] [4]. This same
concept was already successfully applied to predict high-pressure tanks rupture
[5] [6] and detect earthquakes [7] [8].

But fitting the log-periodic model to the asset prices time series posts a high
complexity task, so the Continuous Wavelet Transform was used to generate the
Wavelet Index, a real value between 0 and 1 that represents the immanency of a
trend reversal, raising sell signals before the market crashes [9] [10].

This research evaluates the Wavelet Index applicability on the Brazilian Stock
Market, represented by the Bovespa Index (from BM & FBOVESPA Stock Exchange,
located in Sao Paulo, Brazil) and 14 stocks of companies listed in BM & FBOVESPA
as well, through the analysis of different kinds of wavelets and threshold values
to generate the sell signals. The intensity of the drops that presents the best re-
sults using this method is also evaluated, as well as a comparison of the perfor-

mance of the proposed method with the usual Technical Analysis tools.

2. The Log-Periodic Power Law

The origins of the log-periodic power-law come from the critical phenomena
theory, developed in the decade of 1960. The application of the complex systems
model to the financial market is based on the premise that the interactions among
investors generate a cooperative behavior, accelerating the uptrend and creating
a bubble. The rise in prices brings the market to an instable condition, where a small
perturbation bursts the bubble (the critical point, the system collapse). In this model,
the market’s internal conditions create the crashes and exogenous factors are only
the triggers that bring the instability. So, the market itself progressively builds
the bubble, in a self-organized process [3].

Equation (1) mathematically represents this model, where X(#) represents the
asset price (or value) on instant fand ¢.is the instant where the crash is more proba-
ble. The parameter A is the asset price when ¢= ¢, fis the power law exponent,
w is the oscillation angular log-frequency, ¢ is the oscillation phase, Band Care

constants used to fit the function:
(t)=A+B(t,—t)" +C(t, —t) cos(@In(t, —t)—¢) (1)
The log-periodic power law characteristically reduces the amplitude and the

period of its oscillations as the critical moment (£) approaches, and the wavelets

are intended to detect this increase in oscillation frequency [4].

3. The Wavelet Transform

The Wavelet Transform is a particularly useful tool to analyze aperiodic and noise
signals, characteristics that are common to financial market assets time series [11].

Using dilatation and translation operations on special waveforms, called wave-
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lets, this transform can highlight specific signal formations on a time-frequency
bi-dimensional plane, differently from the Fourier Transform.

A wavelet (t) must fulfill the following conditions [12]:

1) Must have finite energy (Equation (2), where E'is the function energy, equal

to the integral of its squared magnitude);
o 2
E= I_w|w(t)| dt <oo (2)

2) Being y(f) the Fourier Transform of  (t), according to Equation (3),
it must respect the admissibility condition described on Equation (4). This implies
that the wavelet has no components on frequency zero, meaning that its mean is

equal to zero. C, is the wavelet’s admissibility condition and changes to each wavelet

type.

v (f) =" w(t)e® dt 3)
(1)
) Mdf <o )

The Continuous Wavelet Transform (CWT) T (a,b) of signal x(#) is defined
as the convolution of this signal with the wavelet for different values of a (the scale
parameter, which represents the dilatation operation) and b (which represents the
wavelet translation), as presented in Equation (5). Typically a weight-function of

ZI/ va isused to keep the same energy all scales of the wavelets.
1 t—b
T(ab)=—7| x(t)y|—|dt (5)
(@)= x(0w[ 1)

In a more compact form:

Van (1) =%w[%) (6)
T(ab)=[" x(t)p,, (t)dt 7)

The CWT results in a tri-dimensional graph, where the axis X holds the time
(with length equal to the original signal), the different scales (frequency compo-
nent) go in the axis Y and the calculated coefficient values (T (a, b) ) are in the
axis Z. This graph is usually a contour curve, where the different colors represent
the magnitude of T(a,b).

The total energy of a signal is the integral of its squared magnitude, the rela-
tive contribution of a scale a and a position 5( E(a,b) ) to the signal energy is giv-
en by Equation (8). The graph of E(a,b) is known as scalogram and is used to
highlight the location and scale of the signal’s dominant characteristics, in terms

of energy [13].

E(a,b)=[T(a,b)[ ®)
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4. Materials and Methods

This research considered the closing prices/values of Bovespa Index (IBOV) and
other 14 stocks listed at BM & FBOVESPA Stock Exchange (from Sao Paulo, Bra-
zil), between Jan/02/2008 and Jul/29/2016, (because the presentation of the disser-
tation was in November of 2016), discarding the periods when there were days that
these assets were not negotiated and adjusting for dividends, splits and merges.
Table 1 lists all assets considered, as well as the dates of the first and last days con-
sidered.

The first step was to analyze the assets’ time series to identify the uptrend move-
ments that ended on drops equal to or larger than 5%, 10%, 15%, 20%, 25% and
30%, in order to evaluate the Wavelet Index performance in these different con-
ditions. To isolate each uptrend movement, an algorithm identified its end (the
drop that follows the uptrend) and then previous local minima defined its start.
Figure 1 and Figure 2 shows the IBOV time series identifying the start and end
of the movements that were follow by drops larger than 10% and 20% (respec-
tively). The movements that were shorter than 30 days were discarded, as they were
not long enough to provide satisfactory application of the CWT. The algorithm
obtained 1529 movements, being 611 longer than 30 days.

The functions submitted to the Wavelet Transform must belong to the L*(R)
space [14], so it is necessary to remove the movement’s trend before analyzing them.
A non-linear regression using least squares identified the trend of each movement,

according to the Equation (9):

Table 1. Assets and periods considered.

Asset Code Asset Name First Last Time
Considered Day  Considered Day Series Length
ABEV3 AMBEV S/A ON Nov/11/2013 Jul/29/2016 670
BBAS3 BRASIL ON NM Jan/02/2008 Jul/29/2016 2123
BBDC4 BRADESCO PN N1 Jan/02/2008 Jul/29/2016 2123
BRFS3 BRF SA ON NM Jan/02/2008 Jul/29/2016 2123
BVME3 BMF BOVESPA ON NM Aug/20/2008 Jul/29/2016 1966
CIEL3 CIELO ON NM Jun/29/2009 Jul/29/2016 1754
IBOV Indice Bovespa Jan/02/2008 Jul/29/2016 2123
ITSA4 ITAUSA PN N1 Jan/02/2008 Jul/29/2016 2123
ITUB4 ITAUUNIBANCO PN N1 Jan/02/2008 Jul/29/2016 2123
KROT3 KROTON ON NM Dec/04/2012 Jul/29/2016 903
PETR3 PETROBRAS ON Jan/02/2008 Jul/29/2016 2123
PETR4 PETROBRAS PN Jan/02/2008 Jul/29/2016 2123
UGPA3 ULTRAPAR ON NM Aug/17/2008 Jul/29/2016 1225
VALE3 VALE ON N1 Jan/02/2008 Jul/29/2016 2123
VALE5 VALE PNA N1 Jan/02/2008 Jul/29/2016 2123
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Figure 1. IBOV with the movements followed by drops equal to or larger than
10% highlighted. The red marks are the movement start and the green marks,
the movement end (Source: Author).
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Figure 2. IBOV with the movements followed by drops equal to or larger than
20% highlighted. The red marks are the movement start and the green marks,
the movement end (Source: Author).

Y (t)= A+B(t,—t)’ 9)

The subtraction this trend (which is a power law) from the model proposed in
Equation (1) highlights the movements’ log-periodic oscillations, with amplitude

modulated according to the distance between fand #;
1(t)-y, (t)=C(t, ~t)” cos(eIn(t, —t)-¢) (10)

The Figure 3 shows an example of movement originally with its trend and then
after the trend removal.
The movements, without its trends, went through a normalization process, so

its values were between 0 and 1, and then submitted to the CWT, resulting in a
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Figure 3. Movement with trend line in red (above). Same interval, with the
trend removed (below).

bi-dimensional coefficients matrix. The squared value of this matrix is the move-
ment’s scalogram, used in the subsequent analysis.

The proposed Wavelet Index calculation has four steps:

1) Calculate the difference between the larger coefficient and the smaller coef-
ficient for each scalogram column. The larger this different, more significant is the
correlation between the signal and the wavelet to a given scale (or to a given wave-
let pseudo-frequency).

2) Obtain the scale of the larger coefficient, to each column that the difference
calculated is larger than a given threshold (the “coefficients threshold”).

3) Calculate the Wavelet Index according to Equation (11), where W7 is the
Wavelet Index, NVis the total quantity of scales used and 11,4, is the scale where
the larger coefficient happened. On the columns that did not reach the coeffi-

cients threshold, the Wavelet Index is equal to zero.

i N - Neoef max (11)
N

4) Compare the Wavelet Index with a new threshold (the “Wavelet Index Thre-
shold”), considering a trend reversal imminent, and generating a sell signal, when
the Wavelet Index is equal to or larger than this threshold.

The performance comparison between the Wavelet Index and the Technical
Analysis tools considered that, given the same buy signals (the local minima from
the identified movements); an investor would respect the sell signals generated
for each indicator, separately. Then the investor would wait until the next buy sig-
nal, when he invests 100% of the available resources.

All algorithms used Python, except for the CWT calculations, which used the
MATLAB®©’s Wavelet Toolbox™, from The Mathworks, Inc.
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5. Results and Discussion

In order to find the best combination of parameters to calculate the Wavelet In-
dex, the described algorithm tested different combinations of wavelets, number
of scales, coefficient thresholds and Wavelet Index thresholds:

e Used wavelets: performed tests with the Haarwavelets (haar), Daubechies to
N=2(db2) and N =4 (db4), Meyer (meyr), Gaussian—1* derivative (gausl)
e 4™ derivative (gaus4), Symmlet (sym5), Coiflet (coif3), Mexican Hat (mexh)
and Morlet (morl);

e Number of scales used in the CWT: 30 scales (minimum movements length)
or maximum number of scales to each movement;

e Coefficients threshold: value between 0.10 and 1.00, spaced of 0.01;

e Wavelet Index Threshold: values between 0.10 and 1.00, spaced of 0.02.

The movements randomly constituted two groups, a search group (to evaluate
the combination of parameters with best performance) and the test group (to test
the best combination outside the initial group). Each combination has its perfor-
mance evaluated at each movement, using two different criteria:

e Early Sale Losses (ESL): usually, the Wavelet Index generates a sell signal be-
fore the time series reaches its peak value. Therefore, there is a loss due to the
continuation of the uptrend after selling the asset. The algorithm calculates
the ESL for each movement then sums all values and considers it as a percen-
tage of the total uptrend.

¢ False Negative (FN): happens when the combination does not result in a sell
signal before the drop. The algorithm disregarded combinations that gener-
ate false negatives, as an FN may imply in severe losses to an investor.

The first test applied the described algorithm to all movements, separated ac-
cording to the drop size. Therefore, the movements ended in drops equal to or
larger than 5%, 10%, 15%, 20%, 25% and 30% were split randomly in search and
test groups.

Table 2 brings the best combinations results in both groups, for each drop
threshold.

The next test separated the movements by asset and applying the same pro-
cedure presented before. Table 3 brings the best combinations results by asset.

The next analysis separated the movements ending in drops equal to or larger
than 5% and 10% from the movements ending in drops from 15% to 30%, look-
ing for performance differences according to the drop size that follows the move-
ments. The best combinations results for the first set are on Table 4, while the
second set results are on Table 5.

Table 6 presents the frequency which every wavelet had the best performance
on the tests. The Haar wavelet was the best in 25.5% tests (13 times), followed by
Meyer wavelet with 23.5% (12 times). The Morlet and Symlet 5 wavelet were the
best in only 1 case each (2%) and Daubechies 2 wavelet did not have the best per-
formance in any test. Looking only at the test by asset for drops of 15% to 30%,
the results are slightly different, as the Meyer wavelet was the best to 4 assets,

followed by Haar and Gaussianl wavelets (3 assets each).
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Table 2. Results: all assets, separated by drop (Source: Author).

Drop Scale Wavelet C}i)e:;f. Best WI M::l):m. M::l):m. ESL N ESL EN
Thresh. Thresh. Search  Test Search Search Test Test
5% max  mexh 0.10 0.28 54 54 58.6% 0 58.5% 0
10%  max haar 0.14 0.16 81 81 62.4% 0 65.9% 0
15% max mexh 0.10 0.22 59 60 68.0% 0 66.5% 0
20%  max haar 0.28 0.38 46 46 54.8% 0 52.9% 0
25%  max haar 0.22 0.38 35 36 51.7% 0 55.2% 0
30% max mexh 0.10 0.16 29 30 64.5% 0 67.3% 0
Table 3. Results: all movements, separated by asset (Source: Author).
Drop Scale Wavelet Cli::ftf. Best W1 M::efm. M:w(/)efm. ESL N ESL EN
Thresh. Thresh. Search  Test Search Search Test Test
ABEV3 not enough movements (7)
BBAS3 max haar 0.28 0.40 29 29 54.3% 0 55.3% 0
BBDC4 max meyr 0.61 0.32 20 20 52.4% 0 41.7% 0
BRFS3 max meyr 0.50 0.14 22 23 46.8% 0 53.9% 0
BVMF3 max  gausl 0.32 0.64 21 21 45.7% 0 474% 0
CIEL3 30 haar 0.16 0.44 14 15 34.6% 0 348% 0
IBOV  max  meyr 0.75 0.10 24 25 36.4% 0 552% 0
ITSA4 max haar 0.19 0.24 23 23 55.8% 0 47.0% 0
ITUB4 max gausl 0.10 0.66 25 25 54.1% 0 50.7% 0
KROT3 30 haar 0.12 0.24 8 9 26.2% 0 51.4% 0
PETR3 max gausl 0.55 0.62 25 26 54.3% 0 491% 0
PETR4 30 db4 0.42 0.44 25 26 46.4% 0 472% 0
UGPA3 30 coif3 0.14 0.54 12 13 29.9% 0 672% 0
VALE3 30 meyr 0.51 0.14 25 26 54.8% 0 525% 0
VALE5 max  meyr 0.49 0.10 25 25 61.1% 0 549% 0

Table 7 compares the results of the four tests performed, based on the average

ESL and the quantity of FN to the search and test sets. Table 8 shows a similar

analysis, but comparing the results by asset, on the three tests that separated the

movements based on this criteria.

The tests that separated the movements by asset had better performance than

the test that mixed movements from different assets. The performance also differs

among assets with no obvious pattern, as there are significant differences even
between assets from the same company (as PETR3/PETR4 and VALE3/VALES5).

This is an evidence that every asset has different characteristics and, consequently,

will present different performance when subject to the same Technical Analysis

indicator [15].
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Table 4. Results: movements ending in drops of 5% and 10%, by asset (Source: Author).

Drop Scale Wavelet Clz)e:;f. Best W1 M::efm. M:\:efm. ESL N ESL FN
Thresh. Thresh. Search  Test Search Search Test Test
ABEV3 not enough movements (5)
BBAS3 30 db4 0.23 0.42 10 10 61.7% 0 67.6% 0
BBDC4 max haar 0.10 0.34 11 12 45.8% 0 57.2% 0
BRFS3 max db4 0.18 0.58 11 12 45.2% 0 53.1% 0
BVMF3 max meyr 0.55 0.28 9 9 59.8% 0 52.2% 0
CIEL3 30 meyr 0.29 0.34 7 8 51.7% 0 36.2% 0
IBOV  max gausl 0.10 0.68 12 13 62.0% 0 47.7% 0
ITSA4 max  meyr 0.49 0.16 12 13 40.6% 0 58.8% 0
ITUB4 30 db4 0.13 0.62 12 13 30.4% 0 58.3% 0
KROT3 not enough movements (8)
PETR3 max  gaus4 0.10 0.76 6 7 36.3% 0 47.2% 0
PETR4 30 coif3 0.44 0.52 8 8 43.5% 0 54.9% 0
UGPA3 max  gausl 0.28 0.62 9 9 54.7% 0 56.1% 0
VALE3 max coif3 0.12 0.78 8 9 47.1% 0 42.9% 1
VALE5 30 haar 0.76 0.10 9 10 34.3% 0 55.2% 0
Table 5. Results: movements ending in drops of 15% to 30%, by asset (Source: Author).
Drop Scale Wavelet C}i)e:;f. Best W Mi:efm. Mi:efm. ESL FN ESL FN
Thresh. Thresh. Search  Test Search Search Test  Test
ABEV3 not enough movements (2)
BBAS3 max haar 0.17 0.56 19 19 49.1% 0 54.0% 0
BBDC4 30 gausl 0.19 0.58 8 9 52.0% 0 25.6% 0
BRFS3 30 sym5 0.18 0.48 11 11 35.3% 0 48.9% 0
BVMF3 max  gausl 0.48 0.64 12 12 41.3% 0 41.7% 0
CIEL3 30 haar 0.19 0.44 7 7 27.0% 0 32.2% 0
IBOV  max  meyr 0.96 0.12 12 12 36.0% 0 38.7% 0
ITSA4 max haar 0.10 0.42 10 11 50.0% 0 39.0% 0
ITUB4 max db4 0.72 0.52 12 13 46.7% 0 45.5% 0
KROT3 not enough movements (9)
PETR3 30 mexh 0.93 0.10 19 19 63.1% 0 36.8% 0
PETR4 max db4 0.99 0.58 17 18 39.5% 0 51.8% 0
UGPA3 not enough movements (7)
VALE3 30 meyr 0.51 0.10 17 17 43.6% 0 55.3% 0
VALE5 max  meyr 0.49 0.10 15 16 56.3% 0 57.8% 0
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Table 6. Performance analyses: wavelets (Source: Author).

Wavelet

haar
meyer
gausl
db4
mexh
coif3
gaus4
morl
symb
db2

Test by
Drop

Test by Test by Asset Test by Asset
Asset (Drops of 5%  (Drops of 15%
and 10%) to 30%)

4 3 5

5 3 .

3 ) ;

1 4 5

0 0 .

1 ) 0

0 1 .

1 0 0

0 0 .

0 0 0

Total Total %

13

12

25.5%
23.5%
15.7%
13.7%
7.8%
5.9%
3.9%
2.0%
2.0%
0%

Table 7. Comparison of results: the four performed tests (Source: Author).

Test Average ESL Average ESL Total FN Total EN (Test)
(Search) (Test) (Search)
Test by Drop 60.0% 61.0% 0 0
Test by Asset 46.6% 50.6% 0 0
Test by Asset (Drops
of 5% and 10%) 47.2% 52.9% 0 1
Test by Asset (Drops
of 15% to 30%) 45.0% 43.9% 0 0
Table 8. Comparison of results: by asset (Source: Author).
Asset Average ESL  Average ESL Total FN Total FN
(Search) (Test) (Search) (Test)
ABEV3 not enough movements
BBAS3 55.0% 58.9% 0 0
BBDC4 50.1% 41.5% 0 0
BRFS3 42.4% 52.0% 0 0
BVME3 48.9% 47.1% 0 0
CIEL3 37.8% 34.4% 0 0
IBOV 44.8% 47.2% 0 0
ITSA4 48.8% 48.3% 0 0
ITUB4 43.7% 51.5% 0 0
KROT3 33.8% 36.7% 0 0
PETR3 51.3% 44.4% 0 0
PETR4 43.2% 51.3% 0 0
UGPA3 35.2% 51.9% 0 0
VALE3 48.5% 50.2% 0 1
VALES 50.6% 56.0% 0 0
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In order to compare the performance of WI and Technical Analysis indicator,
like MACD and RSI [16] [17], the test considered time series from all assets,
evaluating every drop threshold separately. The buy signals were the local mini-
ma (the start of the movements) from each drop threshold and the WTI calcula-
tion used the best combination of parameters, according to Table 4 and Table 5.
Table 9 brings the average performance for each indicator, together with the re-

turn of the assets through the studied period (based on a buy-and-hold strategy).

6. Conclusions

This research evaluated the applicability of the Wavelet Index to detect trend re-
versals in Brazilian stock market, testing different combinations of wavelets, number
of scales and thresholds to generate sell signals and detect drops of different in-
tensities.

The test results indicate that the proposed method to calculate the Wavelet In-
dex detects successfully trend reversals followed by significant drops (over 10%)
in the Brazilian stock market. When evaluating drops over 15% on the selected
assets (Bovespa Index and 14 stocks from BM & FBOVESPA), the Wavelet Index
presented average early sale losses of 45.0% in the search group and 43.9% in the
test group, with no false negatives, using Meyer wavelet in 4 cases, Haar and Gaus-
sian 1 wavelets in 3 cases each.

These results also point that the Wavelet Index had limited success when de-
tecting trend reversals followed by minor drops (5% and 10%). The critical phe-
nomena model using the log-periodic power law based the development of this
Index, therefore this result indicates weak adherence of the minor drops to the
proposed model.

It’s interesting to highlight that performance using the maximum number of scales
to the Continuous Wavelet Transform was better than the performance using only
30 scales in 60.8% of the tests.

The Wavelet Index performance to detect trend reversals on the studied assets
was superior to the tested Technical Analysis tools (MACD and RSI) to drop
equal to or larger than 10%, 15%, 20%, 25% and 30%. An investment simulation

based on the sell signals generated by Wavelet Index had average performance of

Table 9. Performance evaluation: average return by drop (Source: Author).

RSI MACD Iw
Drops equal to or larger than 5% 125.6% 133.5% 131.0%
Drops equal to or larger than 10% 388.5% 334.6% 608.9%
Drops equal to or larger than 15% 317.0% 297.0% 621.4%
Drops equal to or larger than 20% 304.7% 214.6% 696.2%
Drops equal to or larger than 25% 233.6% 135.7% 540.9%
Drops equal to or larger than 30% 206.0% 126.2% 562.9%
Asset Average Return, in the Studied Period 45.13%
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+693.2% (to drops over 20%), comparing with RSI’s +388.5% and MACD’s +344.6%,
both to drops over 10%. All tested tools had better performance than the average
return of the asset, considering a buy-and-hold strategy (+45.13%).

We are currently working on a new methodology to improve the accuracy of
both the sale and purchase of the assets, using the combination of the Meyer wave-
lets in conjunction with the Haar wavelet.

We believe that with this proposal the success rate, based on the results ob-

tained in Table 6, it is possible to reach 75% accuracy levels.
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