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Abstract 
In this paper, we propose a modified pyramidal 

algorithm, which uses multi-type orthogonal wavelets to 

detect the best features of hybrid signals based on a 

proposed weighted energy calculation. The recognition 

model is based on the back-propagation learning 

algorithm. The simulation results show that fewer 

iterations are required for training the neural network and 

better performance in feature detection is achieved when 

using the multi-type orthogonal wavelets than with a single 

wavelet. 

Keywords: Wavelet Analysis, Signal Features, Neural 

Networks. 

1. Introduction 
The objective of this research is to investigate the 

detection of various signals. The Wavelet Transform (WT) 

enables us to obtain a Multi-Resolution Analysis (MRA) of 

the signal. Moreover, it has been shown to have 

advantages over other techniques, such as the Fourier 

transfonn, windowed Fourier transfonn, Wigner 
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distribution and Cosine packet, in detecting signals with 

discontinuities and sharp spikes, denoising and data 

compression [1,2,5,7,9,10,12]. There are quite a number of 

wavelets; the most conunon are the orthogonal wavelets 

such as Daubechies, Haar, Coiflet, Beylkin, etc. Even 

though they share the same basic properties, i.e., 

orthogonality, they differ in the complexity, the 

smoothness and the order. The wavelet transform is a 

promising technique for the time-frequency analysis 

because it can characterize the local regularity of the 

signals by decomposing them into elementary building 

blocks, which are well localized both in time and 

frequency [8, 11]. Each signal can be represented by a 

linear combination of wavelets. The signal in the WT is 

represented by the mother wavelet, 'P(t), (a representation 

of the details of the signal, i.e., the high frequency 
components) and the scaling function, <l>(t), (a 

representation of the shape of the signal, i.e., the low 

frequency components). The function 'f'(t) has to satisfy 

two conditions: Localization and oscillation. In the case of 
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localization, '¥(t) decreases rapidly to zero when ltl ~ 00, 

while oscillation indicates that '¥(t) vibrates like a wave. 

The wavelet function '¥(t) generates the other 

wavelets from the same family by changing the scale a and 

its translation in time b. The above definition can be 

expressed as follows: 

\{J(a,b)(t) = .fa- \{1( f: b) (1) 

where a > 0 and b E R. 

Using Eq. (1), the discrete wavelet transform 

(D WT) can be expressed as follows: 
00 

C DWT(x,y) = a~xlz J j(t)\!1• (a~xt- yb0 )dt (2) 
-00 

where x and y are the dilation and translation factors, 

respectively. 

The equations that control the scaling f/i..t) and 

mother l{l(t) wavelets are given as follows: 

r/J(t) = Lh(k)Ji,p(2t- k) (3) 
kEZ 

'I'(t)= L.g<k)J2rfJ<2t-k) (4) 
kEZ 

where Z is the complex domain. 

The sequences h(k) and g(k) are the QMFs and 

they are known as lowpass and highpass filters, 

respectively (11]. The relationship between h and g can be 

described by the following equation: 

g(n) = (-trh(I-n) (5) 

There are a wide range of applications that utilize 

the concept of wavelets in the literature, mainly data 

compression and de-noising [7,9,10]. Wavelets are also 

used as a pre-processing stage in pattern recognition [7 ,9]. 

Our focus in this research is to introduce a new technique: 

The application of multi-type wavelets to extract the 

largest number of features possible for a wide variety of 

signals. A sample set of four orthogonal wavelets has 

been used for simulation, which are Coiflet-5, Symmlet-8, 

Vaidyanathan, and Beylkin as shown in Figure 1. This set 

by no means excludes the other types of orthogonal 

wavelets found in the literature. This technique can be 

easily applied to other types of signals taking into 
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consideration the type of wavelets chosen in the 

competition. 

2. The Modified Pyramidal Algorithm 

The modified pyramidal algorithm, using multi-

type wavelets, is used to get a robust detection for the best 

features of any desired signal. The idea of the modified 

pyramidal algorithm is the same as that of the pyramidal 

algorithm presented in [1, 10] but with multi-paths, since at 

each step (scale) we select the wavelet which gives the 

best coefficients based on the maximum weighted energy 

value for that specific scale. The weighted energy value is 

defined as the amount of weighted energy contents within 

a specific scale. In other words, the weighted energy value 

is a measure of the various significant features detected by 

different wavelets within that scale. The weighted energy 

calculation is discussed in detail in section 3 below. The 

chosen coefficients will be stored with an index value 

indicating the winning wavelet. Figure 2 shows the block 

diagram of the modified pyramidal algorithm, where m is 

the number of wavelets used in the competition process. In 

this figure, a multi-path wavelet analysis is presented 

where each path represents a different wavelet. Also, this 

algorithm implies concurrent processing since all of the 

wavelet analysis decomposition can be done 

simultaneously. 

The number of scales used in the algorithm is 

highly dependent on the number of coefficients needed to 

represent a certain signal and its features. For example, a 

periodic low frequency signal with fewer harmonics can be 

represented by a small number of coefficients, while a 

transient non-periodic signal needs a large number of 

wavelet coefficients. ln this paper, a wide range of signals 

is considered which makes it difficult to fix a specific 

number of coefficients for further investigation. All of the 

signals used in this paper consist of 512 points. Using the 

MRA, a total of 8 scales of wavelet decomposition is 

generated as follows: The number of input signal data 

points is equal to 512 (21 where J = 9), and therefore, the 

number of wavelet coefficients is 512. The coarsest level 

(L) is chosen to be 2, and therefore, the number of scales is 

8 (J-L+ 1) scales. 
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The parameter zL represents the number Of 

coefficients in the frrst (coarsest) scale and J represents the 

dyadic number of the input signal. Table I illustrates the 

distribution of scales and coefficients in the pyramidal 

algorithm. 

3. Simulation Results 

The objective of this paper is to extract features 

from complex signals and make them suitable for a neural 

network (NN) to classify. This paper is not concerned with 

the problem of reconstructing these signals. The technique 

described in the previous section depends on calculating 

the wavelet coefficients of the desired signal using single 

and multi-type wavelets. These coefficients are then 

applied to a NN to detect the desired signal based on its 

best features [4,6]. Figure 3 shows the proposed model. 

The binary outputs of the NN can be one of the six input 

signals as follows: HeaviSine (Sl), Bumps (S2), Blocks 

(S3), Doppler (S4), Ramp (S5), and Cusp (S6). These 

signals are shown in Figure 4 and are chosen based on 

their dynamic characteristics, which include the shape, 

frequency, and complexity. The outcome of our study, 

however, is not limited to these signals for it can be 

generalized to a variety of signals with a wide range of 

properties. The inputs of the NN are the energy value of 

the coefficients for each scale. The study aims at 

decreasing the input size of the NN, without decreasing the 

information content of the signal and degrading the 

detection performance [6]. 

The weighted energy value (E) of the wavelet 

coefficients [3] is calculated using the following equation: 

E = :Lc;ln(c;), n =2M-\ ... ,2M (6) 
n 

where c is the wavelet coefficient for the scale M For each 

scale, we select the wavelet coefficients that have the 

maximwn E, i.e., the most effective ones. The selected 

coefficients, for either the single wavelet or multi-type 

wavelets, are applied to the NN as shown in Table I, where 

the nwnber of WT coefficients is 512. The selection of 

these coefficients is based on a soft thresholding 

teclmique, in which the coefficient is kept if it is above the 
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statistical mean (threshold) of the scale coefficients or is 

replaced by a zero otherwise. 

Each scale can be divided into a number of 

frequency bands. The E value can be used to quantify the 

average energy value in the band. It is important to note 

that each band is presented by weighted energy value, i.e., 

the sum of the absolute value of the coefficients inside that 

band. Therefore, each scale contains new effective values 

representing the weighted energy calculated by Eq. (6), 

which are then applied to the NN. Table II shows theE 

calculations of the multi-type wavelets coefficients for the 

Doppler signal (see Figure 4). The italics bold numbers in 

the table are related to the wavelet of the maximum E 

value at a specific scale. According to Table II, the 

following wavelets have been selected based on the E 

criterion: Vaidyanathan (scale 8), Coiflet-5 (scale 7), 

Symmlet-8 (scale 6), Vaidyanathan (scale 5), Symmlet-8 

(scale 4), Symmlet-8 (scale 3), Coiflet-5 (scale 2), and 

Vaidyanathan (scale 1). 

Figures 5 and 6 show the .MRA of the Doppler 

signal for the single wavelet (Coiflet-5) and the multi-type 

wavelets, respectively. Based on the E value calculation, 

better feature representation of the signal is achieved using 

the multi-type wavelets than that of the single wavelet in 

all scales. The selected WT coefficients at each scale are 

then transformed into energy values and represented as 

inputs to the NN model shown in Figure 3. The input to 

the NN represents the energy nodes. 

In general, the number of inputs used in the NN 

varies depending on the application and totally based on 

experimental estimation. For the signals under study, the 

output of the WT model consists of 512 coefficients. These 

coefficients are distributed as illustrated in Table I. This 

results in 44 effective values as input to the NN. We 

choose one hidden layer with 12 neurons, i.e., twice the 

number of the output neurons. The three-layer feedforward 

NN employing the back-propagation learning algorithm 

were trained and tested using WT coefficients of either 

single wavelet or multi-type wavelets. The activation 

function of the NN is of sigmoidal type, where the outputs 

range from 0 to I . 
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The NN was trained using 36 patterns, where 

there are six various patterns for each signal S l through 

S6. ·White Guassian additive noise was used to generate 

the patterns for each signal. The classification error was 

0.01. The result of the simulation is as follows: 

• 

• 

• 

• 

Single-type (Coiflet-5) wavelet with a total 

number of iterations = 6612. 

Two-type (Coiflet-5 and Symmlet-8) wavelets 

with a total number of iterations = 5628. 

Three-type (Coiflet-5, Symmlet-8, and 

Vaidyanathan) wavelets with a total number of 

iterations = 5898. 

Four-type (Coiflet-5, Symmlet-8, Vaidyanathan, 

and Beylkin) wavelets with a total number of 

iterations = 5700. 
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detection rate in some cases at the expense of higher 

training iterations. In Table VI, the network was not 

efficient in detecting the HeaviSine signal (S 1 ), since the 

shape of this signal is similar to that of the Blocks signal 

(S3). The effect of using multi-type wavelets on the 

number of iterations is illustrated in Figure 7. This figure 

shows that a large number of iterations is needed when a 

single wavelet is used. This number decreases when two or 

more wavelets are used. 

4. Conclusion 

This paper deals with the detection of signal 

features using the multi-type orthogonal wavelets and the 

back-propagation NN. A modified pyramidal algorithm is 

introduced and used to detect the best features of hybrid 

signals using the multi-type orthogonal wavelets. This 
In the multi-type wavelets, we use the E algorithm selects the best coefficients based on E 

calculation to decide on which wavelet coefficients to use 

at each scale of the MRA. 

Based on the above results and depending on the 

number of iterations for training the NN, we conclude that 

the multi-type wavelets are more powerful and better than 

the single wavelet, and the number of the iterations for 

multi-type wavelets are smaller than that for the single 

wavelet. 

Tables 3 through 6 illustrate the results of testing 

the NN using single wavelet and multi-type wavelets with 

SNR = 2 dB. The noise used in the simulation is additive. 

The outputs 1 through 6 are the outputs of a three-layer 

NN, where the values shown in the tables are obtained by 

passing Sl through S6. If the value of the output is close to 

1, e.g., "Output 2" in Table Ill, it means that the NN has 

classified signal "S2" as its desired output. In Table Ill, the 

network was not efficient in detecting the Ramp signal 

(S5) since it shares a number of common features with the 

Blocks signal ($3), especially in the high frequency scales. 

This problem has been solved using the multi-type wavelet 

analysis with Coiflet-5 and Symmlet-8 wavelets as shown 

in Table IV. Its performance was effective in both the 

detection rate and in the reduced number of training 

iterations. The addition of more wavelets to the multi-type 

wavelet analysis, as shown in Table V (Vaidyanathan is 

added) and in Table VI (Beylkin is added), promotes better 
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calculation. It is shown that multi-type orthogonal 

wavelets require less number of iterations for training the 

NN and better classification rate than that of the single 

wavelet. Therefore, higher performance in detecting signal 

features is achieved when using the algorithm presented in 

this paper. 
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Figure 1 The orthogonal wavelets used in the simulation: Coiflet-5, Symmlet-8, Vaidyanathan, and Beylkin 
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Figure 2 The block diagram of the modified pyramidal algorithm. 
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Figure 3 Detection of desired signal best features algorithm. 
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Figure 5 A multi-resolution decomposition for the Doppler signal using a single wavelet (Coi:flet-5). 
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Figure 6 A multi-resolution decomposition for the Doppler signal using multi-type wavelets. 
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Figure 7 The effect of using multi-type wavelets on the number of training iterations, where C, S, V, and B stand 
for Coiflet, Symmlet, Vaidyanathan, and Beylkin, respectively. 
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Scale Number of Number ofEffective 
Coefficients Coefficients 

8 (2"8) 256 2 
7 (2"1) 128 2 
6 (2"()) 64 16 
5 (2"' ) 32 8 
4 (2-") 16 8 
3 (2-J) 8 4 
2 (2"') 4 2 
1 (2"1) 4 2 

Total 256 44 

Table I Blocks distribution of the WT coefficients. 

Scale Coiflet-5 Symmlet-8 Vaid_yanathan Be_ylkin 
8 3.7017 2.4438 5.4041 4.167 
7 11.7399 7.5089 8.6989 9.4484 
6 20.4305 86.2138 23.177 26.326 
5 91.8172 13.0517 231.8203 208.3928 
4 301.3951 477.8957 114.3342 315.6323 
3 778.7992 790.2429 713.4751 450.4604 
2 682.9283 423.8118 33.7709 495.3158 
1 136.6075 261.5702 822.2191 247.2705 

Table ll The entropy calculations for the Doppler signal. 

Signal Type Output 1 OutQ_ut 2 Output 3 Out.l_:)ut 4 Output 5 Output 6 
S1 0.597 0.050 0.004 0.018 0.002 0.004 
S2 0.014 0.962 0.043 0.033 0.005 0.011 
S3 0.001 0.090 0.946 0.010 0.014 0.025 
S4 0.012 0.323 0.153 0.419 0.004 0.001 
ss 0.002 0.005 0.396 0.006 0.483 0.033 
S6 0.004 0.000 0.167 0.000 0.032 0.950 

Table m Neural network testing results using Coiflet-5 wavelet. 

Signal Type Output 1 Output 2 Output 3 Output 4 Output 5 Output 6 
SI 0.800 0.018 0.214 0.035 0.000 0.002 
S2 0.008 0.966 0.046 0.022 0.025 0.005 
S3 0.022 0.077 0.946 0.008 0.000 0.020 
S4 0.016 0.143 0.022 0.833 0.029 0.000 
ss 0.001 0.110 0.003 0.038 0.717 0.008 
S6 0.003 0.001 0.063 0.000 0.042 0.885 

Table IV Neural network testing results using Coiflet-5 and Symmlet-8 wavelets. 
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Sig_nal Type Output 1 Output 2 Output 3 Output 4 Output 5 Output 6 
S1 0.553 0.004 0.473 0.009 0.010 0.002 
S2 0.003 0.968 0.029 0.014 0.029 0.003 
S3 0.011 0.154 0.850 0.049 0.011 0.001 
S4 0.007 0.084 0.126 0.752 0.008 0.001 
ss 0.002 0.061 0.008 0.004 0.890 0.021 
S6 0.007 0.001 0.004 0.001 0.084 0.918 

Table V Neural network testing results using Coi:flet-5, Symmlet-8, and Vaidyanathan wavelets. 

Signal Type Output I Output2 Output 3 Output4 Output 5 Output 6 
SI 0.401 0.003 0.519 0.021 0.019 0.001 
S2 0.003 0.940 0.043 0.018 0.032 0.005 
S3 0.013 0.067 0.931 0.030 0.018 0.001 
S4 0.006 0.107 0.078 0.750 0.013 0.001 
ss 0.002 0.059 0.014 0.007 0.763 0.031 
S6 0.007 0.001 0.009 0.001 0.089 0.925 

Table VI Neural network testing results using Coiflet-5, Symmlet-8, Vaidyanathan, and Beylkin wavelets. 
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