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Preface 

The topic of the thesis is exploring a new method in the field of digital signal processing where two 

types of prevailing techniques are combined together so as to create a new prospective application. I 

have learned and studied in the field of telecommunication for more than 5 years since my 

undergraduate. As this is the thesis concluding my study and for my master degree, I put huge efforts 

and apply all the knowledge and skills I learned to accomplish the thesis. During almost half a year of 

hard-working, I have got much help from my classmates, friends, and my supervisor, Niclas Björsell. I 

really appreciate all those help to me. Without them, the task would have been much more difficult.  
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Abstract  

In this thesis, a method for signal classification has been developed and implemented on the platform 

of Matlab and Libsvm, which combines the techniques of wavelet analysis and support vector machine. 

The whole process is divided into three stages i.e. Signal Generation, Feature Extraction and 

Classification. There are 6 types of modulated signals i.e. BPSK, QPSK, FSK, ASK, 4ASK and QAM 

generated and decomposed by Biorthogonal wavelet to obtain the detail components from each signal. 

The energy level of each detail components are calculated and forms a feature vector representing the 

identification of the signal itself prepared to be classified in the vector space of SVM classifier. The 

classification results shows that the performance of classification works well if the signal to noise ratio 

(SNR) above 13dB in the range from 1dB to 30dB, which indicates it is feasible working under a 

certain noise level to classify those defined 6 types of modulated signals. Furthermore, we analyze the 

reasons that cause the different performance of the signals on the classification test and also discuss 

the limitation and the possible development of the method in the end. 

 

Key Words: Modulation Recognition, Wavelet Analysis, Feature Vector, Support Vector Machine 

  

 

iii 



Qianyi Zhang Signal Classification Implemented by Wavelet Analysis and Support Vector Machine 

Table of contents  

Preface ...................................................................................................................................................... i 

Abstract .................................................................................................................................................. iii 

Table of contents .................................................................................................................................... iv 

1 Introduction ..................................................................................................................................... 1 

1.1 Background .............................................................................................................................. 1 

1.2 Existing Methods of Modulation Recognition Research and Development ............................ 2 

1.2.1 The Maximum-likelihood Method ................................................................................... 2 

1.2.2 The Pattern Recognition Method ...................................................................................... 3 

1.2.3 The High-Order Statistics Method ................................................................................... 3 

1.2.4 The Wavelet Analysis Method ......................................................................................... 4 

1.3 The Method to be Implemented in the Thesis .......................................................................... 4 

1.4 The Outline of the Thesis ......................................................................................................... 5 

2 Theory ............................................................................................................................................. 7 

2.1 The Method of Wavelet Analysis for Feature Extraction ........................................................ 7 

2.1.1 The Characteristics of Wavelet Transform ....................................................................... 7 

2.1.2 Multi-Resolution Analysis ................................................................................................ 8 

2.1.3 Mallat Algorithm ............................................................................................................ 11 

2.1.4 The Selection of Wavelet ............................................................................................... 14 

2.1.5 Detailed Feature Extraction by Wavelet Transform ....................................................... 15 

2.2 Classification by the Support Vector Machine ...................................................................... 16 

2.2.1 Linear Classifier ............................................................................................................. 16 

2.2.2 The Kernel Function ....................................................................................................... 20 

2.2.3 Multiclass Classification ................................................................................................ 22 

3 Process and Results ....................................................................................................................... 24 

3.1 Signal Generation ................................................................................................................... 25 

3.2 Wavelet Analysis ................................................................................................................... 26 

3.2.1 Wavelet Type Selection .................................................................................................. 26 

 

iv 



Qianyi Zhang Signal Classification Implemented by Wavelet Analysis and Support Vector Machine 

3.2.2 Signal Decomposition .................................................................................................... 27 

3.2.3 Detail Extraction ............................................................................................................. 29 

3.3 SVM Classification ................................................................................................................ 30 

3.3.1 Model Training ............................................................................................................... 30 

3.3.2 Parameter Options of SVM ............................................................................................ 30 

3.3.3 Classification Test under Noise Condition ..................................................................... 30 

3.4 The Analysis of the Classification Results ............................................................................. 33 

3.4.1 The Measurement and Analysis of the Energy Distribution .......................................... 33 

3.4.2 The Measurement and Analysis of the Mutual 2-norm Distance ................................... 44 

4 Conclusions and Discussion .......................................................................................................... 47 

References ............................................................................................................................................. 49 

Appendix A ............................................................................................................................................. 1 

 

 

  

 

v 



Qianyi Zhang Signal Classification Implemented by Wavelet Analysis and Support Vector Machine 

1 Introduction 

1.1 Background 

The purpose of communication is to convey the information accurately, rapidly and safely through a 

certain channel. Since the base band signal hardly satisfy these requirements, it is quite necessary that 

the base band signal must be modulated i.e. alter some characteristics of a signal to make it better 

couple with the characteristics of the channel so that a more efficient usage of spectrum and a higher 

rate of communication can be obtained to meet the demands from all kinds of users [1]. 

 

In order to differentiate a signal from the spectrum, it is significant to recognize different kinds of 

modulation which represents one of the basic features of the signal. Modulation recognition means 

judge the kind of modulation, estimate the parameters of the modulation and also provides the 

demodulator with proper parameters for a correct algorithm of demodulation under the circumstance 

that the characteristics and parameters of the modulation remain unknown [2]. Therefore, modulation 

recognition has to be accomplished by little apriori information acquired, which indicates a broadly 

adaptive and flexible algorithm is more likely to be adopted in the later design. 

 

The most important application of modulation recognition is in the military service such as electronic 

warfare. Modulation recognition is a key issue in the communication combat. In the modern warfare, 

winning the combat on the communication will gain a huge advantage towards a decisive victory to 

the whole war. The prerequisite of winning the communication combat is making a good 

reconnaissance of the communication itself. First of all, the receiver must search and capture the valid 

signals from the opponent by a type of machine called panoramic display receiver which is able to 

search and capture the communication signal in a specific band. Next, by analyzing the captured signal, 

some features of modulation such as carrier frequency, symbol rate can be obtained for further correct 

demodulation and further analysis. With a proper acknowledgement of the opponent’s communication, 

an effective counter measurement that could probably jam, disrupt or cancel the opponent’s signal will 

be implemented to dominate the electronic battlefield [3]. 

 

In the civil service of communication, the recognition of modulation also plays an important role. As 

the basic responsibility of a radio management department, they have to manage the utility of radio 

spectral resource and also to prevent the usage and disruption from illegal users to ensure legal users 

proceed normally [4]. In this case the radio management department requires the surveillance over the 

radio spectrum. This type of surveillance includes the measurement of parameters such as transmit 

frequency, frequency error and transmit bandwidth etc from communication equipments, the 
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surveillance to locating illegal transmitters and the source of disruption. Enhancing the recognition 

technique will improve the capability of authentication to different types of users and that of features 

of disruptive signals, which provides the administrator with more reliable solutions. 

 

As all mentioned above, the technique of modulation recognition has its practical value with a 

prospect of wide application, inferring that it is worthy of putting more efforts on this field of research. 

 

1.2 Existing Methods of Modulation Recognition Research and 

Development 

In April, 1969, C. S. Weaver etc, as the forerunners of automatic modulation recognition, published 

“using pattern recognition technology to achieve the automatic classification of modulation” as the 

first attempt to resolve this issue [5]. Ever since that, this field attracts researchers get more and more 

attention. The related works are incessantly published and those results are gradually applied in 

practical situation. 

 

According to the works published in latest 30 years, the method of modulation recognition has been 

developed into several major methods, such as the maximum-likelihood method, the pattern 

recognition method, the high-order statistics method, the wavelet analysis method etc. Mainly, the 

content and development of these four methods are to be introduced briefly below. 

 

1.2.1 The Maximum-likelihood Method  

The basic frame of the maximum-likelihood method is based on the knowledge of probability theory 

and hypothesis test [6]. First, the researcher has to make the statistical result for the characteristics of 

the sample signals. And then according to the result, a decisive function that generalizes the difference 

of the characteristics will be hypothesized by the researcher as the decisive threshold which 

automatically classifies the signals. 

 

There are some examples of results of the research. K. Kim and A. Polydoros proposed a classifier 

derived by an approximation of the likelihood-ratio function of phase modulated digital signals in 

white Gaussian noise where the classifier is also called quasi-log-likelihood-ratio (qLLR) rule [7]. The 

recognition rate between BPSK and QPSK achieves 100% at 0dB. And furthermore, this method could 

extend to signals with multiple phases and levels like MPSK or MQAM. W. Wei and J. M. Mendel 

studied that the maximum-likelihood classifier is capable of classifying any finite set of distinctive 
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constellations with zero error rate when the size of samples goes to infinity [8]. They also proposed the 

relation between the statistical parameters and error rate, indicating the required SNR and the size of 

samples given a constant error rate.  

 

1.2.2 The Pattern Recognition Method  

The basic frame of pattern recognition is to extract the predetermined features from a signal and 

recognize the patterns of the features where the patterns correspond to the types of modulation [9]. 

Accordingly the method includes two major parts i.e. the feature extraction and the pattern recognition. 

The purpose of the feature extraction is to extract the feature vectors from an unknown signal such as 

instantaneous frequency, phase, amplitude and spectrum etc. Then the purpose of the pattern 

recognition is to judge the type of modulation according to the pattern of the feature vector. 

 

The pioneer of the pattern recognition method is F. F. Liedtke, who implemented a general classifier 

which was able to recognize unknown types of modulation with the prerequisite that only the carrier 

frequency and symbol rate are roughly known [9]. The classifier successfully demonstrates its 

capability in recognizing 2ASK, 2FSK, BPSK, QPSK, 8PSK and Continuous Wave. After that, A. K. 

Nandi and E. E. Azzouz use the non-linear part of phase, the absolute value of the non-linear phase, 

the standard value of the normalized instantaneous amplitude and frequency etc as a set of feature 

vectors, at the same time introduce ANN (Artificial Neural Network) as the classifier, which achieves 

the overall success rate 96% at the signal-to-noise ratio of 15dB under the computer simulation of 

band-limited Gaussian noise [10]. 

 

1.2.3 The High-Order Statistics Method 

High-order statistics is to utilize the statistical results of high-order cumulants to determine the 

characteristics of the signal. Since J. Reichert tries to exploit different nonlinearities of the complex 

envelope of the signal in the higher-order moment space, his method successfully finds out the robust 

feature vectors for separating 2ASK, BPSK, DPSK, MPSK and 2FSK [11]. Later, A. Swami proposes 

a method based on elementary fourth-order cumulants, forming the features which characterize the 

shape of the distribution of constellation samples, making it possible to classify the signals at low SNR 

with small sample size [12]. The result demonstrates the overall successful rate is above 95% for 

BPSK, DPSK, 16QAM and 8PSK at SNR 10dB. C. M. Spooner achieves even higher to the six-order 

cumulants, proposing the features of the six-order cyclo-stationary cumulants of signal as the feature 

vectors [13]. The method proves to be feasible. For 16QAM and 64QAM, the successful recognition 
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rate are 81% and 90% at SNR 9dB. For QPSK and 16QAM, the successful rates are 97% and 100% at 

SNR 9dB. 

 

1.2.4 The Wavelet Analysis Method 

In recent years, the research about the application of wavelet analysis on modulation recognition is 

increasing rapidly. In 1995, K. C. Ho uses wavelet transform to obtain the wavelet coefficients on 

MPSK and MFSK, tries to classify several types modulation inside MPSK subclass and also recognize 

the difference between MFSK and MPSK, validating the feasibility of this method [14]. H. Liang in 

1999 goes further on that basis, taking the variation of the coefficient of wavelet transform to classify 

FSK, PSK and QAM signals [15]. In this experiment, the selection of wavelet focuses on the 

capability of detecting the impulse of phase-shifting where the wavelet Haar fits this objective 

properly. Under the condition of CNR above 5dB, the successful recognition rate among 16QAM, 

QPSK and 4FSK could reach as high as 97.6%. Later K. C. Ho calculates the amplitude of wavelet 

transform at a certain scale on the basis of the detailed coefficients [16]. According to the number of 

types of the amplitude distribution on the histogram, MFSK and MPSK are successfully separated. By 

adding the estimation of symbol period and synchronization to the classifier, the recognition rate 

becomes better under low CNR (carrier to noise ratio) situation. The rate of MPSK achieves above 

90.2% under CNR 6dB and the rate of MFSK achieves above 91.9% under CNR 15dB.  

 

1.3 The Method to be Implemented in the Thesis 

Those methods mentioned above deals with signals on the basis of different aspects of modulation 

classification. They utilize the probability theory and the hypothesis test to identify signals like the 

maximum likelihood method or find out distinct patterns among the signals like the pattern recognition 

method, or apply a certain type of mathematical conversion on the signals to obtain some 

distinguishable features of the signals like the high-order statistics method or the wavelet method. 

However, the method we plan to implement here is different from the methods mentioned above, 

which is the combinative solution of wavelet analysis and SVM (Support Vector Machine) classifier. 

For wavelet analysis, it is not merely to transform the signals to obtain the coefficients, but also 

reconstruct the signals especially on the detail component for the calculation of the energy level. After 

the energy levels of each detail components are obtained, they forms a feature vector representing the 

identification of a signal and a group of feature vectors from different signals are mapped into the 

vector space for SVM classification. The point of the method is that the difference of the feature 
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vector obtained by wavelet process could demonstrate the characteristics of the corresponding type of 

modulation of a signal in the vector space of SVM classifier.  

 

The procedure of the method can be divided into three major stages as it is illustrated below. 

 
Fig.1 The General Procedure of Signal Classification 

 

1. Signal Pre-processing 

In this experiment, in order to simulate the full process of signal classification, totally there are 6 types 

of modulated signal which are BPSK, QPSK, ASK, FSK, 4ASK and QAM to be generated on the 

Matlab platform where all the amplitudes and frequencies are normalized.  

 

2. Feature Extraction 

Mallat algorithm, the multi-resolution decomposing method of wavelet analysis is implemented on the 

generated signals to decompose a signal into one main component and 8 detailed components. Then 

the energy level of each component is calculated by the sum of squares, obtaining a group of number 

which forms a feature vector for the signal. 

 

3. Signal Classification 

The feature vectors are delivered into a set of trained one-versus-one SVMs (The SVMs are supported 

by the Libsvm software on the Matlab platform) to do the multiclass classification. The SVM classifier 

adopts the majority vote method to recognize the type of modulation from each other. The signal 

gained the highest number of votes from the classifiers will be deemed as the results. For the 

evaluation of the performance under different noise condition, the whole procedure recurs from SNR 

0dB to 30dB of the additive Gaussian noise. 

 

1.4 The Outline of the Thesis 

In the 1st chapter, the purpose and the development of modulation recognition are briefly introduced 

first. Then there is a comparison between different types of recognition methods, indicating the 

advantages and the drawbacks of each method that lays the foundation of the direction of further 

research. Later we introduce the wavelet analysis and the support vector machine as the core technique 

of the method implemented in the thesis and also introduce the basic principle of the whole procedure. 
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In the first half of the 2nd chapter, we first briefly introduce the background knowledge of the time-

frequency analysis, analyzing the drawbacks of this traditional method and demonstrating the reason 

why it has to be substituted by wavelet analysis. Then the principle of Multi-resolution analysis and 

the Mallat Algorithm as the core of the feature extraction is fully explained. Moreover, we also explain 

how the feature vector is calculated and formed. 

 

In the second half of the 2nd, the background knowledge of SVM and the mechanism of SVM 

Multiclass Classifier are introduced and explained. 

 

In the 3rd chapter, the main procedure of the project including 6 steps from signal generation to results 

analysis is sequentially introduced according to the flow chart. In the results analysis, we analyze the 

factors that affect the performance of different signals. 

 

In the last chapter, given the performance and the results of the project, a full assessment of the project 

has been made. Meanwhile the possible development and the prospect of development of this method 

are also discussed. 
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2 Theory 

2.1 The Method of Wavelet Analysis for Feature Extraction 

2.1.1 The Characteristics of Wavelet Transform 

Wavelet transform is the first step dealing with the pre-processed signals. It is necessary to take a brief 

review to understand the function of wavelet. Wavelet analysis was brought out by a French earth 

physicist J. Morlet in 1984 when he was analyzing the experimental material [17]. After years of 

development of wavelet theory by other scientists, especially the invention of Multi-resolution 

Analysis by S. Mallat, Wavelet Transform has become completely applicable [18]. 

 

Simply put, the method of wavelet analysis has the flexibility to be made adaptive to the 

characteristics of a signal where the analysis of time and frequency are interchangeable i.e. a high 

resolution on time and a relatively low resolution on frequency in the research of a high frequent part 

of a signal, and vice versa, a low resolution on time and a relatively high resolution on frequency in 

the research of a low frequent part, which is also known as self-adaptive analysis, demonstrated in the 

formula [18] 

WT(α, τ) = 1
√α
∫ x(t)Ψ(t−τ

α
)dt+∞

−∞  (4) 

 

which means that after the wavelet function Ψ(t) has been displaced for τ, then rescale by the scale 

coefficient α and make the inner product with signal x(t). 

The equivalent expression in the frequency domain is 

WT(α, τ) = √α
2π ∫ X(ω)Ψ∗(αω)ejωτdτ+∞

−∞   (5) 

 

X(ω) and Ψ(ω) denote Fourier Transform of x(t) and Ψ(t). 
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Fig.2 The window function corresponding to the features of frequency  

 

There is a rough illustration about the effect of Wavelet Transform. When the object x(t) is being 

observed through the lens Ψ(t), τ corresponds to a parallel displacement of the lens along the object 

and α corresponds to zoom-in or zoom-out of the lens. 

 

Therefore, the captured length of a signal on the time axis is adjustable according to the frequency i.e. 

a longer time for low frequency part in exchange for a higher frequency resolution and a short time for 

high frequency part in exchange for a higher time resolution. This feature gives us a huge convenience 

for just focusing on some necessary details of a signal  

 

2.1.2 Multi-Resolution Analysis 

Since, S. Mallat and Y. Meyer proposed a Multi-Resolution Analysis (MRA) concept, Multi-

Resolution Analysis is a systematic way to decompose a signal on the basis of wavelet transform, 

which largely enhance the applicability of wavelet analysis in the history [18][19]. The characteristics 

of MRA is illustrated by the concept of orthogonal space, which unifies the construction method of all 

the wavelet bases by proposing the construction method of the orthogonal wavelet and the fast 

algorithm of the orthogonal wavelet transformation known as Mallat Algorithm, which is equivalent to 

the Fast Fourier Transform in the Fourier Analysis. 

 

τ

α

Higher Resolution in the 
Time-domain

Higher Resolution in the 
Frequency-domain
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To fully comprehend MRA, it is illustrated by the tree of 3-level wavelet decomposition as an example. 

S denotes Signal. A denotes Approximation and D denotes Detail. When a signal is in the process of 

decomposition, the high frequency Detail D1 will be separated from the original signal, leaving 

Approximation A1 which has the rest of the signal. From A1, the further level of Detail D2 can be 

reached, leaving Approximation A2. The 3-level decomposition can be reached by the same token. 

The expression of this decomposition is S = A3 + D3 + D2 + D1. 

 

S = An + � Di

n−1

i=1

 

 

The ultimate purpose of decomposition is to construct a set of orthogonal wavelet bases highly 

approximate in the L2(R) space. These wavelet bases are like a set of bandpass filters, just 

decomposing the lower frequency space making the frequency resolution higher and higher. Next, it is 

time to explain how the wavelet bases are constructed by MRA. 

 

L2(R) space is also known as Euclidean space where a vector x is defined as 

‖x‖2 = (x1
2 + x2

2 + x3
2 +∙∙⋅ xn

2)
1
2 (6) 

Definition 1 

MRA of the L2(R) refers to a sequence {Vj}j∈Z  which satisfies all the conditions below: 

(1) Monotony, Vj ⊂ Vj+1, for any j ∈ Z; 

(2) Completeness, ⋂ Vj = {0}j∈Z , close�⋃ Vj
∞
−∞ � = L2(R); 

(3) Self-scaling, s(t) ∈ Vj ⇔ s(2t) ∈ Vj+1, which indicates the varied value of the approximate 

orthogonal wavelet function is consistent with the variation of space. 

(4) Constant in time-shifting, ∀n ∈ Z,ϕj(2jt) ∈ Vj ⟹ϕj(2jt − n) ∈ Vj; 

(5) Existence of Riesz basis. The existence of ϕj ∈ V0, which makes {ϕj�2jt − n�|n ∈ Z} construct 

Riesz base of Vj  [20] 

 

For the fifth condition, it can be proven that there exists ϕj(t) ∈ V0 which makes �ϕj�2jt − n��n ∈ Z� 

construct the regular orthogonal base of Vj . The ϕ(t) is called Scaling Function, which is defined: 

ϕj,n (t) = 2
j
2ϕ(2tt − n)         j, n ∈ Z (7) 

If Vj  denotes Aj and Wj denotes Dj , Wj is the orthogonal complement of Vj+1, 

Vj ⊕ Wj = Vj+1     j ∈ Z  (8) 

which can be deduced that 

Vj ⊕ Wj ⊕ Wj+1 ⊕⋅⋅⋅⊕ Wj+m = Vj+m   (9) 
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Thus, the subspace VN  of MRA can be approximated by finite subspace that 

VN = V0 ⊕ WN−1 ⊕⋅⋅⋅⋅⊕ W1 ⊕ W0 (10) 

 

The sequence {Wj|j ∈ Z} has such properties that 

(1) s(t) ∈ Wj ⟹ s(t − 2tn) ∈ Wj   j, n ∈ Z; 

(2) s(t) ∈ Wj ⟺ s(2t) ∈ Wj+1    j ∈ Z; 

 

If we say sj ∈ Vj  denotes the approximation of the function s ∈ L2(R) by the resolution of 2j  (the low 

frequency part of the function s or the ‘rough’ image), while wj ∈ Wj denotes the error of the 

approximation () the high frequency part. Therefore, the formula indicates: 

sN+1 = sN + sw = sN−2 + wN + wN−1 =⋅⋅⋅= s0 + wN + wN−1 +⋅⋅⋅⋅ +w0 (11) 

 

which can also simplified into 

 

sN+1 = s0 + ∑ win
i=1   (12) 

This indicates that any function s ∈ L2(R) can be fully reconstructed by being divided into a direct 

summation of a number of sub-bands without overlapping. In the other way of saying, any local 

frequency component of a signal s(t) will be decomposed and demonstrated in the corresponding 

wavelet subspace under the structure of MRA. 

 

From the inclusive relation V0 ⊂ V1, As is known ϕ0,0(t) ∈ V0 ⊂ V1, ϕ(t) could be expanded by the 

function ϕ1,n = 2
1
2ϕ(2t − n) in the subspace of Vi . If we set the expansion coefficient hn , 

 

ϕ(t) = ∑ hnϕ(2t − n)+∞
n=−∞   (13) 

 

On the other hand, since V1 = V0 ⊕ W0, ψ(t) = ψ0,0(t) ∈ W0 ∈ W1, the wavelet base function ψ(t) 

can be expanded by the function ψ1,n (t) = 2
1
2ψ(2t − n). If we set the expansion coefficient gn , 

 

ψ(t) = ∑ gnψ(2t − n)+∞
n=−∞   (14) 

 

The two formulae above are called two-scale equation of the wavelet function. It is noticed that the 

coefficient hn  and gn  have such a relation, 

 

gn = (−1)n h1−n  (15) 
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From this relation, the wavelet base ψj,k(t) can be obtained by the linear combination of the shifted 

and rescaled ϕ(t), which has structure of the filter H(ω) and G(ω) (the frequency domain presentation 

of gn  and hn , respectively). 

 

Comparing to the admissible condition of scaling function ∫ ϕ(t)dt = 1+∞
+∞  and the wavelet function 

∫ ψ(t)dt = 0+∞
+∞ , after Fourier Transform of ϕ(t) and ψ(t), ϕ�(ω) and ψ�(ω) are equivalent to a 

lowpass filter and a bandpass filter respectively. 

 

2.1.3 Mallat Algorithm 

MRA gives us a good structure to understand the principle and the construction of the wavelet [18]. 

What is going to be discussed about a fast algorithm for calculating the coefficients of wavelet 

transform and reconstruction of the detail signals from the coefficients, which only needs {hn } ,{gn } 

and the transferred coefficient during calculation without knowing the specific expression of ϕ(t) and 

ψ(t). 

 

2.1.3.1 The Finite Decomposition 

MRA indicates that s(t) ∈ L2(R) can be decomposed into infinite wavelet components [18]. However, 

the approximation of s(t), sN+1(t) is actually known in practical consideration. When sN+1(t) ∈ VN+1 

is allowed under the structure of MRA, we have the expression of the finite decomposition: 

VN+1 = V0 ⊕ WN ⊕⋅⋅⋅⋅⊕ W1 ⊕ W0 (16) 

 

And the subspace component can be expressed by [18]: 

 

sj(t) = ∑ ck
j ϕj,k(t),    st(t) ∈ Vjk  (17) 

wj(t) = ∑ dk
j ϕj,k(t),    wt(t) ∈ Wjk  (18) 

ϕ(t) = ∑ hnϕ(2t − n),    ϕt(t) ∈ V0n  (19) 

ψ(t) = ∑ gnϕ(2t − n),    ψt(t) ∈ V0n  (20) 

For the convenience of practical calculation and analysis, sj(t) and wj(t) are considered to be 

expressed in discrete form. 

 

2.1.3.2 The Decomposition Algorithm 

The objective of the decomposition algorithm is to calculate {ck
j } and {dk

j } if {ck
j+1}, {hn } and {gn } are 

known under the condition that {ϕ(t − n)} is a set of standard orthogonal bases. 
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When V1 = V0 ⊕ W0, and all the conditions before, 

 

cn
0 = �f 0,ϕ0,n� = 2−1/2 ∑ ck

1hk−2nk  (21) 

By the same token, 

 

dn
0 = 2−1/2 ∑ ck

1
k gk−2n  (22) 

As Vj+1 = Vj ⊕ Wj has the relation to the equation V1 = V0 ⊕ W0, the general decomposition 

equations are  

 

cn
j = 2−1/2 ∑ ck

j+1hk−2nk  (23) 

dn
j = 2−1/2 ∑ ck

j+1gk−2nk  (24) 

 

Here is the explanation of the general decomposition equations. For data {cn
j } of each scale has been 

assigned an integer number j. The data of the j+1 scale level could be observed by the j scale level. 

And accordingly, the sampling point of n on the j scale level corresponds to the sampling points of 2n 

on the j+1 scale level. In the other way of saying, each point taken from j+1 scale level by one point 

interval represents j scale level. The figure below demonstrates the process.  
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Fig.3 The decomposition of 𝑐𝑐𝑛𝑛
𝑗𝑗  

 

Suppose {hn } has six elements which are (h−2, h−1, h0, h1, h2, h3), then cn
j  can be obtained by 

cn
j = 2−

1
2(h−2c2n−2

j+1 + h−1c2n−1
j+1 + h0c2n

j+1 + h1c2n+1
j+1 + h2c2n+2

j+1 + h3c2n+3
j+1 ) (25) 

This method also is also suitable from {cn
j+1} to calculate {dn

j }. The only difference is to replace {hn } 

for {gn }. For an orthogonal wavelet, {hn } is simply decided by the relation gn = (−1)n h1−n  
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2.1.3.3 Reconstruction Algorithm 

Reconstruction Algorithm is an inverse process of Decomposition. As now the data {ck
j } and {dk

j } are 

known, {0 ≤ j ≤ J − 1}, it is easy to reconstruct the data {ck
j } fast and accurately. Here come the 

formulae for reconstruction. 

 

c�n
j+1 = 2−1/2 ∑ c(n−l)/2

j
l hl   (26) 

c��n
j+1 = 2−1/2 ∑ d(n−l)/2

j
l gl   (27) 

cn
j+1 = c�n

j+1 + c��n
j+1  (28) 

 

The fig.4 indicates the calculation process of c�n
j+1. To understand this process, there are two points to 

be noticed. First, as is mentioned before, the sampling points of even number on the j+1 scale level 

corresponds to the sampling points on the j scale level. Second, the number of elements of {hn } is 

supposed to be 6, which are {h−2, h−1, h0, h1, h2, h3}. 

Then {c�n
j+1} can be calculated by two steps. 

First, calculate the sampling point of the even number c�n
j+1 by the coefficients{h−2, h0, h2}, according 

to the formula, 

 

c�n
j+1 = h−2c�n

2�+1 + h0cn/2 + h2c�n
2�−1 (29) 

Second, calculate the sampling point of the odd number c�n+1
j+1  by the coefficients{h−1, h1, h3}, 

according to the formula, 

 

c�n+1
j+1 = h−1c�n

2�+1 + h1cn/2 + h3c�n
2�−1 (30) 

Here is the illustration about the reconstruction algorithm. 
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Fig.4 The reconstruction of �̃�𝑐𝑛𝑛
𝑗𝑗+1 
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By the same token, we can also get the method of calculating �c��n
j+1� by {dk

j }, {hn } is replaced by {gn } 

though 

 

c��n
j+1 = g−2c�n

2�+1 + g0cn/2 + g2c�n
2�−1 (31) 

c��n+1
j+1 = g−1c�n

2�+1 + g1cn/2 + g3c�n
2�−1 (32) 

 

It is called Mallat algorithm that a signal is decomposed and reconstructed by the orthogonal wavelet 

bases. Mallat algorithm is a purely digital fast recursive algorithm. Mallat algorithm contains two 

types of crucial relations. The first one is about MRA and the second one is based on the time-shifting 

of the scale function ϕ(t). Mallat algorithm actually utilizes these two types of relations so that there 

is no need to know the specific expression of ϕ(t) and ψ(t) during the process. As long as the transfer 

coefficients {hn } are known, the signal could be decomposed and reconstructed conveniently. 

 

2.1.4 The Selection of Wavelet 

The main feature of Biorthogonal Wavelet is the linear phase where this factor has been widely 

considered in the field of image signal reconstruction where the precision of restoration is highly 

required [21]. The reason it is named Biorthogonal is that two pairs of wavelet functions are used in 

this method instead of one. If there is only one pair of wavelet function is used, there will be an 

incompatible situation between symmetry and precision of reconstruction. However, by using two 

functions, the problem will be effectively solved. 

 

If the function ψ�  is for decomposition and the function ψ�  is for reconstruction, the relation between 

them can be expressed as [21] 

 

ψ� j,k(x)ψj′ ,(x)dx = 0 (33) 

ϕ�0,k(x)ϕ�0,k ′ (x)dx = 0    where   j = j′   k = k′  (34) 

 

Thus, by taking the characteristics of ψ�  and ψ, some good properties of signal decomposition and 

reconstruction can be both obtained. The series of Biorthogonal wavelet usually denotes as the form of 

‘biorNr.Nd’ where Nr represents the order of reconstruction and Nd represents the order of 

decomposition. 
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2.1.5 Detailed Feature Extraction by Wavelet Transform 

For utilizing different wavelets for decomposition, different explanations can be obtained even for the 

same signal. Therefore, a proper type of wavelets needs to be decided to apply. According to the 

previous analysis, bior3.1 is chosen for the experiment.  

 

When a type of wavelet is appointed to decompose the signal into several different signals on detailed 

levels, these decomposed signals for different type of modulation are different on corresponding 

detailed levels, which is a major source of classification. 

 

Suppose there is a finite length of a signal sequence s = {sn|n = 1,2 ∙∙∙ N} where N is the maximal 

number of the sampling points which usually takes the power of 2. When the signal is decomposed 

according to the formula (23)(24), cj and dj represent the discrete approximation and detail on the j 

scale level. 

 

With the increasing j scale level of decomposition, the frequency resolution will be higher and higher. 

As a modulated signal is band-limited, it is determined that there will be a huge difference on the 

corresponding j scale level for signals of different modulation. Therefore, their energy on the 

corresponding j scale level will also be different. The characteristics can be expressed by the formula 

below: 

 

tj = �dj,n�2
= �∑ dj,n

2
n     j = 1,2 ∙∙∙ J, n = 1,2 ∙∙∙ N/2j   (35) 

 

All the characteristics can be gathered into the vector T = (t1, t2,∙∙∙ tj) where the data has been hugely 

compressed and still sufficient properties for classification remain. 

 

Another prominent feature of the vector is insensitive to the AWGN (Additive White Gaussian Noise). 

For a receiving signal s̅ = s + n, if we suppose s is the original signal and n is AWGN, the relation  

 

�T� − T�2 ≤ ‖n‖2 (36) 

 

exists. In the expression, T� = (t1, t2,⋅⋅⋅ tj) and T = (t1, t2,⋅⋅⋅ tj) represents the vectors of 

characteristics of s� and s.  
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Here is the demonstration. Suppose the wavelet decompositions of s�, s and n are ws�
j , ws

j  and wn
j , 

j = 1,2,⋅⋅⋅ J, according to the linear properties of wavelet transform and basic properties of vector 

operation, it can be obtained, 

�tj� − tj� = ��ws
j + wn

j �
2
− �ws

j�
2
� ≤ �ws

j + wn
j − ws

j�
2

= �wn
j �

2
 (37) 

Thus, 

�T� − T�2 = �∑ (tj� − tj)2J
j=1 ≤ �∑ �wn

j �
2

2J
j=1 = ‖n‖2 (38) 

 

This formula indicates that the difference between the vector obtained under low SNR circumstance 

and the vector obtained without noise is no larger than the sum of noise from every detail level. In the 

other way of saying, the characteristic vector, which is suitable for classification of modulation, is 

limitedly affected by the Additive White Gaussian Noise (AWGN). Furthermore, for a classifier 

trained under low SNR circumstance, it still could have a good performance under high SNR 

circumstance. The amount of training could largely be diminished then. 

 

2.2 Classification by the Support Vector Machine 

Support Vector Machine (SVM), which is presented by Cortes and Vapnik in 1995 [17], has a great 

advantage in solving the type of problems which has the features of a small sample, nonlinear and high 

dimensions. According to finite information of a sample, the method of SVM can build a good 

reconciliation between the accuracy of classification and learning ability of the model so it can be 

extended to further application based on the theory of VC-dimension and minimization of structural 

risk [22]. In this thesis, we are going to use SVM to separate the feature vectors in the vector space. 

 

2.2.1 Linear Classifier 

The core technique of SVM uses the linear classifier to separate different groups in the vector space. 

Suppose we have two clusters of data, C1 and C2, in the two dimensional space as it is illustrated. 

There is a linear function separating two clusters of samples. Generally, if the two samples can be 

correctly separated by a linear function, these samples are called linear separable. If the linear function 

exists in a higher dimension space, it has a general name called the hyperplane. 

 

The linear function has a continuous value for the output. To deal with the problem of classification, 

we want it to have discrete results e.g. ‘1’ represents C1 and ‘0’ represents not ‘C1’. So at this time we 
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need add threshold for the output of the linear function. By checking the output whether it is above or 

below the threshold, the classification can be settled. Suppose a linear function 

 

g(xi) = wxi + b (40) 

 

First we set the threshold as 0, if g(xi) is above 0, xi  will be classified as ‘1’, or otherwise xi  will be 

classified as ‘0’. Equivalently, the signal function sgn() has added to g(x) to get a discrete result. 

Notice that ‘x’ represents an individual in the vector form while not only the figure on the x-axis. 

Suppose in a 2 dimensional space, xi = (m1, m2). And obviously, this form can be extended into n-

dimensional form. 

 

Therefore, after classification, an individual can be denoted as Di = (xi, yi). Here xi  is the vector of 

the individual, yi  is the label for classification. 

 

In two-class SVM, if ‘1’ and ‘-1’ are used as labels to represent two classes, we can define the 

distance for an individual to the hyperplane as [23] 

 

di = yi(wxi + b) (41) 

As we know yi  has an identical sign with wxi + b and yi  is either 1 or -1, so δi  is actually |wxi + b|. If 

we normalize w and b by dividing ‖w‖, 

 

δi = 1
‖w‖

|g(xi)| (42) 

 

This is the distance for an individual to the hyperplane g(x) = 0 which is used to classify the sample. 

‖w‖ represents the norm where its form is ‖w‖p = �w1
p + w2

p + w3
p … wn

pp . Usually, the value of 

p is 2 indicating the length of the vector. δi  is also called the geometric interval, which is illustrated 

below. 
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Fig.5 The sample are divided by the hyperplane. 

 

H is the hyperplane for classification, H1 and H2 are parallel to H crossing two individuals 

respectively. The distance from H to H1 and H to H2 is the geometrical interval. The reason why the 

geometrical interval is so concerned is that the number of misclassified individual is limited by the 

boundary [24] 

 

The number of misclassified individuals ≤ (
2R
δ

)2 

 

R=max‖xi‖ i = 1,2, … , n, the longest vector among all individuals and δ is the geometrical interval. 

Therefore, our goal is to maximize the geometrical interval.  

 

From the previous relation (formula 42), δ is inversely proportional to ‖w‖. Usually, we seek the 

minimal ‖w‖ by fixing the geometrical interval, which is 

 

min‖w‖ 

However, this objective is often replaced by another equivalent one, which is 

 

min
1
2
‖w‖2 

When 1
2
‖w‖2 reaches the minimal value, ‖w‖ is also the minimal. The reason why we use 1

2
‖w‖2 is 

that it is much easier for the calculation later. 

 

Now the next question is whether the objective meets our requirement for classification. It is quite 

clear that if the ‖w‖ is 0, we get the widest interval δ. But in this situation, all the individuals stay out 
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of the possible classes i.e. in the ‘grey area’ which is not able to be classified. The reason is that we 

fail to consider a proper constraint condition that individuals have to be on either side of H1 or H2 to 

make sure they are separated. Remember what is mentioned before is that the interval has to be fixed 

to 1 where it is the distance of the closest two individuals from different classes. Also it means that 

any other two individuals from different classes will have the distance above 1. According to this 

definition, the constraint condition is shown below, 

 

yi[wxi + b] ≥ 1 (i = 1,2, … , l) (l is the number of total individuals) (43) 

 

Thus, the total objective with the constraint condition is going to be, 

 

yi[wxi + b] − 1 ≥ 0 (i = 1,2, … , l) (44) 
1
2

min‖w‖2  (45) 

 

Now if going back to the fig.5, our purpose for classification is to get a function, which makes all the 

individuals above the line of red point greater than 1 and those below the line of blue less than -1. And 

if the value of the function lies between -1 to 1, it has to be ignored. It has the form which is, 

 

g(x) = wx + b (46) 

 

Therefore, our task is to find the value of w and b. w is an n-dimensional vector and b is a real number 

parameter. And if w is worked out, b is very easy to be done since wx + b = 0 is already known. 

 

The whole sample consists of all the individuals and also determines the value of w which as the form, 

 

w = a1x1 + a2x2 + ⋯+ an xn  (47) 

 

ai  is the coefficient of xi  vector. Thus, w is a vector and n is the total number of individuals in the 

sample. g(x) therefore has a more strict expression, which is 

 

g(x) = 〈w, x〉 + b (48) 

 

where 〈w, x〉 means the inner product of the two vectors. 
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Actually, the function is not completed since it fails to include the label of each individual. If the label 

of any individual from the fig.5 is changed, the function will be changed dramatically. By considering 

adding the parameters of label into the function, w will be 

 

w = a1y1x1 + a2y2x2 + ⋯+ an yn xn  (49) 

 

where yi  is the label for xi , which could either be 1 or -1. The values of the most of terms are equal to 

0, while the rest minorities are not, of which individuals actually lies on the line H1 or H2. The vectors 

representing those minorities support a classifier is called support vector. w can be simplified into 

 

w = ∑ (aiyixi)n
i=1  (50) 

g(x) = 〈w, x〉 + b = 〈∑ (aiyixi)n
i=1 , x〉 + b  (51) 

 

As is known that ai  and yi  are constant, it also can be rewritten as, 

 

g(x) = ∑ (aiyi)n
i=1 〈xi, x〉 + b  (52) 

 

Here w disappears and the relation between the known samples and unknown samples is clear in the 

function. Moreover, this form is easy to be implemented by the kernel, which is going to be discussed 

in the next segment. 

 

2.2.2 The Kernel Function 

Previously we talked about how to get a linear classifier model of support vector. In practice, there are 

a lot of cases which the linear classifier cannot deal with or are called linear inseparable. This 

drawback will largely reduce the applicable range of support vector machine. Fortunately, by adding a 

mathematic transformation, a linear inseparable problem can be transformed into a linear separable 

problem [23]. 
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Fig.6 A linear inseparable case in 2 dimensions space 

 

For example, from the fig.6, it is obvious that the red line segment on the x-axis cannot be separated 

by a line in two dimensions. However, from the fig.7 below, this segment can actually be separated by 

a curve, the general expression of which is 

g(x) = c0 + c1x + c2x2 

 

Fig.7 A linear inseparable case becomes separable in a higher dimension 

 

the only problem is that it is no longer a linear function, but if it is decomposed into a certain vector 

form, which is 

 

y = �
y1
y2
y3

� = �
1
x

x2
� , a = �

a1
a2
a3

� = �
c1
c2
c3

� (53) 

 

Now, g(x) = c0 + c1x + c2x2 has converted into f(y) = ay. Since a and y are the vectors, it should be 

written formally, which is 

g(x) =  f(y) = 〈a, y〉 (54) 

 

Considered the individual x only has one dimension, in this case if g(x) is converted from 2 

dimensions space into 4 dimensions space, the sample becomes linear separable. 

 

What we really concern about is whether there is a conversion function, which can be presumed as 

K(w, x), from which we can input 〈w, x〉 low dimensional space converting into a high dimensional 

space such as 〈w′ , x′ 〉, 

g(x) = K(w, x) + b (55) 

f(x′) = 〈w′ , x′ 〉 + b (56) 
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Fortunately, this type of function K does exist. In fact, if a function satisfies Mercer Condition, it can 

be used as the kernel [24]. The main principle of the kernel is to map the inner product of two vectors 

into a higher dimensional space. So back to the formula (55)(56), it can be written as 

 

f(x′) = ∑ (aiyi)n
i=1 〈xi

′ , x′ 〉 + b (57) 

g(x) = ∑ (aiyi)n
i=1 K(w, x) + b (58) 

 

where ai , yi  and b remain the same. Most of the linear inseparable problem in the lower space could be 

separated in a higher dimensional space. 

 

2.2.3 Multiclass Classification 

SVM is not designed to classify the data into more than two groups originally since there is only one 

hyperplane for a classifier which makes it only possible to divide a space into two regions. However, 

our task is to differentiate one type of signal among several others. Since one SVM is designed for 

classifying two groups, we consider use several SVMs jointly to classify all the signals. One of 

popular methods is to construct one-versus-one SVMs, taking any two samples to make a SVM. So the 

number of total SVMs to be constructed is [25] 

 

N = k(k−1)
2

(k is the number of types of the signals) (64) 

 

When classification is performed, a sample will be tested through all the SVMs. All the SVMs have 

the equal weight to vote. The most voted type is the result of classification for this sample. Suppose 

there are A, B, C and D, four types of signals which could construct 6 one-versus-one SVMs. If a 

sample of signal A pass through all the tests, normally it will be like 
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Fig.8 An example of multi-class classification 

 

Therefore, the mechanism for verdict is that if the votes for a certain type reach the highest count, the 

sample will be considered as that type. The top three SVMs are relevant to A while the rest are not. If 

the top three can classify A correctly, the results from the rest are trivial. However, if any one of the 

top three makes a mistake, for example, (A,B) outputs B instead of A provided that (B,C) outputs B 

and (B,D) also outputs B, A will fall into an incorrect category. Here we can say the weakest block 

decides the total accuracy of classification. But comparing to other multiclass methods, this is the most 

unbiased one regarding no presumption of possibility is made before classification. 

 

(A,B)

(A,C)

(A,D)

(B,C)

(B,D)

(C,D)

A

A

A

A

B or C

B or D

C or D

3 votes for A 
reached the 
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A
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3 Process and Results 

The process is going to be implemented in six major steps, which are Signal Generation, Wavelet 

Decomposition, Detail Extraction, Classification Model Training, Classification Test, and Results 

Analysis It is shown below. 

Signal Generation

Signal Decomposition

Detail Extraction

Model Training

Classification Test

Results Analysis

Supported by 
Biorthogonal

Wavelet 
Analysis

Supported by Multiclass 
one-versus-one        

Support Vector Machine

 

Fig.9 the main procedure of the project 
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3.1 Signal Generation 

6 types of commonly used modulated signals are generated for this experiment i.e. BPSK, QPSK, FSK, 

ASK, 4ASK, QAM. All the amplitude has been normalized to ‘1’. The amplitude coefficient for ASK 

is 0.5 and for 4ASK is 0.25. The frequency coefficient for FSK is 0.5. For QAM, the amplitude 

coefficient is 0.25. Here are the samples for 6 types of signals respectively (by taking initial 1000 

points). 

 

BPSK and QPSK: 

It is clear to observe 180 degree phase-shifting on the BPSK signal and 90 degree phase-shifting on 

the QPSK signal. 

 

Fig.10 BPSK and QPSK 

 

FSK and ASK: 

Apparently, there is a sudden change of frequency on the FSK signal and that of amplitude on the 

ASK signal. 

 
 

Fig.11 FSK and ASK 

 

4ASK and QAM: 

There are four levels of amplitude change on the 4ASK signal. For QAM signal, the modulation result 

is the product of four phase-shifting and four levels of amplitude change. 
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Fig.12 4ASK and QAM 

 

All the signals are ideal without any noise or interference. However, in subsequent tests, White 

additive Gaussian noise from SNR 0dB to 30dB will add to the signals in order to test the performance 

under the different noise condition. 

3.2 Wavelet Analysis 

3.2.1 Wavelet Type Selection 

Biorthogonal Wavelet is appropriate choice for signal decomposition. Because first of all, in order to 

measure the energy level of each detail of a signal accurately, it is vital for a wavelet having the 

characteristics of exact reconstruction after decomposition. Thus, the range has been narrowed down 

to either the Haar or biorthogonal. For the Haar, which is a simplest form of wavelet, the vanishing 

moment is too low to represent the features of a signal in first several detail levels. While for 

biorthogonal, there is a wide range of selection from the biorthogonal family, which is in the form of 

bior(Nr,Nd). Nr denotes the order of reconstruction and Nd denotes the order of decomposition. 

Considering relatively simple features of signals, the wavelet bior3.1 is enough to fulfill the 

requirement, which means the features of the signals can be well displayed in first several detail levels 

by decomposition and reconstruction. 

Here is the specification of Bior3.1 where the subtitles correspond to 8 plots respectively [26]. 

Decomposition Scaling Function Phi Decomposition Wavelet Function Psi 

Decomposition Low-pass Filter Decomposition High-pass Filter 

Reconstruction Scaling Function Phi Reconstruction Wavelet Function Psi 

Reconstruction Low-pass Filter Reconstruction High-pass filter 
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Fig.13 The illustration of the specification of the wavelet Bior3.1 

 

3.2.2 Signal Decomposition 

When the signal is generated, it will be then decomposed and reconstructed by the wavelet bior3.1. 

The procedure has been well presented in the theory part. As we want to get 8-level details of signal. 

The signal s = a8 + d8 + d7 + d6 + d5 + d4 + d3 + d2 + d1. Or it can be illustrated in the tree form. 

 

27 



Qianyi Zhang Signal Classification Implemented by Wavelet Analysis and Support Vector Machine 

 

Fig.14 The tree diagram of the decomposition of a signal 

 

This kind of structure helps us a better understanding of the decomposing process. The original signal 

look likes ‘striped-off’ layer by layer. For the detail components, the lower number of subscript it has, 

the high frequency it will have. With the high frequency is gradually ‘striped-off’ more and more, the 

average component only contains the low frequency part which is irrelevant to the features of a signal. 

Then the features of the signal are stored in a group of detail components where the different of 

weights on the group of detail components demonstrates their unique identification from the others. 

 

And a possible result for a signal looks like the figure below. 
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Fig.15 The results of the decomposition of the signal 

 

As the average component of the signal a8 actually does not contain most of the features which will be 

used for classification for next steps, it should be discarded. The detail components of d1 to d8 are the 

key features which indicate the difference of a signal from one to another. 

 

3.2.3 Detail Extraction 

After the components of the signal are obtained, the signal energy (where its calculation is defined in 

the theory part) of each detail level can be extracted and calculated. All the sampling points will take 

the square of them and then make a summation. Then di  for a certain detail level of the signal will be 

obtained. When di  is calculated for i from 1 to 8, the characteristics vector t will get as the form of 

t = (d1, d2, … , d8). The vector contains a set of eight numbers includes all the features which can be 

used for classification. 
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3.3 SVM Classification 

3.3.1 Model Training 

The reliability of the classification model needs large number of individuals in a sample. Considering 

the statistical significance, we decide to create 100,000 individuals of the feature vector for each type 

of signal modulation for model training. For the total six types of modulated signals, there are 600,000 

feature vectors generated and stored preparing for the model training. At the same time, the labels for 

corresponding type of signal have also been assigned making the SVM classifier first has to learn from 

the given samples. According to the theory of multiclass classification in the 2nd chapter, six types of 

signals require 15 (k(k−1)
2

) one-versus-one SVM classifiers to meet the demand. 

 

3.3.2 Parameter Options of SVM 

First two important parameters are to be discussed, svm_type and kernel_type, respectively. Svm_type 

represents the type of SVM lying on different principles of mathematics. There are five types of SVM 

in the option. But in this project, we decide to use C-SVM (The cost factor C allows to be set from 1 to 

infinite and the default value is 1 [29]) as its structure which is well-explained in the theory meets our 

requirement for classification. Kernel_type represents the type of kernel function. The key point of the 

choice of the kernel function is the comparison between the number of individuals and the number of 

features. In this case, the number of individuals is 100,000 and the number of features is 8, thus that of 

individuals is much higher than that of features. From the instruction of Libsvm, the linear core is 

recommended as the reason is that if a sample can be classified in the original dimension space where 

it is not necessary to transform and map it into higher dimension space by using other non-linear core 

[26].  

 

3.3.3 Classification Test under Noise Condition 

Let’s review the signals to be classified: BPSK, QPSK, FSK, ASK, 4ASK, QAM, six types of signals. 

By using one-versus-one SVM, there has to be 15 models (k(k−1)
2

) to be generated. And also the noise 

interference to the model is considered since for practical sense the sample for generating the model is 

not guaranteed to be clear. Thus, we select 4 levels of white noise SNR condition to the model for 

testing the performance of classification from 1dB to 30dB. The vertical axis is the accuracy of 

classification and the horizontal axis is SNR from 1dB to 30dB. 

The accuracy of classification under the 5dB Model: 
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Fig.16 The performance under the 5dB model 

 

The accuracy of classification under the 10dB Model: 

 

Fig.17 The performance under the 10dB model 

 

The accuracy of classification under the 15dB Model: 
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Fig.18 The performance under the 15dB model 

 

The accuracy of classification under 30dB Model: 

 

Fig.19 The performance under the 30dB model 

 

Here we set an understandable criterion for performance evaluation. If the accuracy in a consistent 

range on the horizontal axis is longer than 10dB above 0.9, it will be deemed as ‘Good’. While if the 

range is shorter than that, it will be deemed as ‘Bad’. If the accuracy in a consistent range on the 

horizontal axis is longer than 20dB above 0.9, it will be deemed as ‘Excellent’. Then a performance 

table is obtained. 

 5dB 10dB 15dB 30dB 
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BPSK Bad Bad Good Good 

QPSK Bad Bad Good Excellent 

FSK Bad Excellent Excellent Excellent 

ASK Bad Excellent Excellent Excellent 

4ASK Bad Excellent Good Good 

QAM Excellent Excellent Excellent Excellent 

Table.1 The evaluation of the classification results of the signals 

 

For the noise interference to the model, the main trend is like always i.e. the higher SNR, the better 

performance it will have. In order to have a practical model, the SNR is required to be higher than 

15dB. 

 

In 5dB model condition, it is almost impossible to do any classification since all the detail components 

has been overwhelmed by the noise where their actual difference is so small which makes it hardly to 

extract the correct characteristics. All the signals performs poor in the high SNR range except QAM 

since QAM has both significant phase and amplitude variation which makes it easy to be outstanding 

among others. 

 

In 10dB model condition, the situation becomes much better. FSK, ASK and 4ASK are recognizable 

in the high SNR range. But for BPSK and QPSK, the accuracy is still poor because the difference on 

the detail between them is small. This is also a drawback of one-versus-one SVM that if any pair of 

signals is too similar with each other, that pair of signal are not recognizable. 

In 15dB and 30dB model condition, the performance is close to the ideal situation. The accuracy 

increases and keeps stable at 100% with increasing SNR despite QPSK has some slight falls in the 

15dB models. 

3.4 The Analysis of the Classification Results 

3.4.1 The Measurement and Analysis of the Energy Distribution 

To have a better understanding of the classification result, it is necessary to find out the reason that 

makes the signals perform differently based on the feature vectors. Since the feature vectors were 

generated before the classification, now we can take the sample of the feature vectors to illustrate the 

characteristics of each signal. For each signal, the average value of the detail component from d1 to d8 

with the corresponding noise level will be illustrated respectively in the charts below. At the same 
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time, the detail component of 5dB and 15dB representing a low noise condition and a high noise 

condition are taken out specifically to analyze the weight and effect of each detail component. 

 

BPSK: 

 

Fig.20 The detail components of BPSK from SNR 1dB to 30dB 

 

 

Fig.21 The percentage of energy level of BPSK at 5dB 
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Fig.22 The percentage of energy level of BPSK at 15dB 

 

QPSK: 

 

Fig.23 The detail component of QPSK from SNR 1dB to 30dB 
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Fig.24 The percentage of energy level of QPSK at 5dB 

 

 

Fig.25 The percentage of energy level of QPSK at 15dB 
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Fig.26 The detail component of ASK from SNR 1dB to 30dB 

 

 

Fig.27 The percentage of energy level of ASK at 5dB 
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Fig.28 The percentage of energy level of ASK at 15dB 

 

4ASK: 

 

Fig.29 The detail components of 4ASK from SNR 1dB to 30dB 
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Fig.30 The percentage of energy level of ASK at 5dB 

 

 

Fig.31 The percentage of energy level of 4ASK at 15dB 
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Fig.32 The detail components of QAM from SNR 1dB to 30dB 

 

 

Fig.33 The percentage of energy level of QAM at 5dB 
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Fig.34 The percentage of energy level of QAM at 15dB 

 

FSK: 

 

Fig.35 The detail components of QAM from SNR 1dB to 30dB 
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Fig.36 The percentage of energy level of FSK at 5dB 

 

 

Fig.37 The percentage of energy level of FSK at 15dB 
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signals. By taking the detail components of 5dB and 15dB SNR, the evidence can be concluded from 

the table below. 

 5dB 15dB 

D6 D7 D8 Sum D6 D7 D8 Sum 

BPSK 19% 25% 26% 70% 24% 35% 33% 92% 

QPSK 20% 23% 25% 69% 27% 31% 31% 89% 

ASK 18% 30% 25% 72% 22% 42% 30% 94% 

4ASK 17% 27% 24% 68% 22% 41% 30% 93% 

QAM 18% 20% 23% 60% 25% 29% 30% 84% 

FSK 16% 24% 23% 63% 19% 31% 27% 76% 

Table.2 The percentage distribution of D6 to D8 under 5dB and 15dB SNR 

 

Even under the low SNR circumstance as low as 5dB, the energy level of D6 to D8 comprises at least 

60% of total energy from D1 to D8. On the other side, under the higher SNR circumstance as high as 

15dB, the energy level of D6 to D8 comprises at least 76% of that. This is a crucial finding that the 

detail components D6 to D8 remain relatively stable regardless of noise circumstance, which also 

means that these detail components largely represents the characteristics of a signal for classification. 

 

Next, if we take D4 and D5 which are not major but still significant to be observed into consideration 

too, the distribution of energy level of the detail components demonstrate the level of affinity among 

the signals. First, the table below shows the distribution under 15dB SNR. 

 D4 D5 Sum D6 D7 D8 Sum 

BPSK 1% 4% 5% 24% 35% 33% 92% 

QPSK 2% 6% 8% 27% 31% 31% 89% 

ASK 1% 2% 3% 22% 42% 30% 94% 

4ASK 2% 2% 4% 22% 41% 30% 93% 

QAM 3% 7% 10% 25% 29% 30% 84% 

FSK 6% 14% 20% 19% 31% 27% 76% 

Table.3 The percentage distribution of D4 to D8 

 

According to the distribution of the percentage, these 6 types of signals fall into 4 groups, i.e. BPSK 

and QPSK, ASK and 4ASK, QAM, FSK. The main features that distinguish a group from the others 

are listed below. 

 The Main Features according to the Distribution of the Energy Level 
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BPSK and QPSK D7 and D8 are almost evenly distributed, at the interval from 30% to 35%. The 

summation of D6 to D8 is up to around 90%. D5 is triple or quadruple than D6. 

The summation of D4 and D5 is around 6.5%. 

ASK and 4ASK The distribution of D6 to D8 is almost identical. D7 is the highest, around 

41.5%, then D8 is 30% and D6 is 22%. The summation of D6 to D8 is up to 

93.5%. For ASK, D5 is double than D4. For 4ASK, D5 is equal to D4.The 

summation of D4 and D5 is around 3.5%. 

QAM D7 and D8 are around 30%. D6 is 25%. The summation of D6 to D8 is around 

84%. D5 is double than D4. The summation of D4 and D5 is up to 10%. 

FSK D7 is 31% and D8 is 27%. D6 is as low as 19%. The summation of D6 to D8 is 

up to 76%. D5 is double more than D4. The summation of D5 and D4 is up to 

20%. 

Table.4 The brief summary of the main features 

 

The explanation of the classification results can be concluded here. Since the mechanism of SVM 

decides the lowest distinguishable pair of signals represents the recognizable rate as it is explained 

before, QAM and FSK are distinguishable, as they are grouped individually, which has the lowest 

affinity on the energy level of the detail components comparing to the other four signals, demonstrates 

the best performance among classification results. While the pair of BPSK and QPSK, and the pair of 

ASK and 4ASK, as is grouped above, which has some affinity with each other, demonstrates 

comparative poorer performance of classification. Comparing between the two pairs (BPSK and 

QPSK, ASK and 4ASK), the pair of BPSK and QPSK is much worse than the other one. Here it is 

looking for a new reason for an explanation. 

 

3.4.2 The Measurement and Analysis of the Mutual 2-norm Distance 

As is mentioned in the theory part, the detail components D1 to D8 form the feature vector in the 

vector space for classification. The 2-norm distance a.k.a. the Euclidian distance decides the capability 

of separation from different vectors of signals in the vector space. The longer distance, the more 

distinguishable a signal will be. Here is the measurement of the mutual 2-norm distance below. The 

data of the shaded grey area is symmetric merely for the convenience of calculation. 

 
BPSK QPSK ASK 4ASK FSK QAM Sum 

BPSK 
 

9023.971 24938.54 15714.7 23458.21 46762.91 119898.3296 

QPSK 9023.971 
 

30285.29 22206.85 23082.91 47122.66 131721.6737 
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ASK 24938.54 30285.29 
 

29842.07 38440.94 68285.05 191791.8934 

4ASK 15714.7 22206.85 29842.07 
 

24168.5 38912.89 130845.0021 

FSK 23458.21 23082.91 38440.94 24168.5 
 

43070.54 152221.0996 

QAM 46762.91 47122.66 68285.05 38912.89 43070.54  244154.0379 

Table.5 the measurement results of the mutual 2-norm distance 

 

 

Fig.38 the chart of the mutual 2-norm distance 
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classification that ‘the shortest link decides the strength of the chain’ as is mentioned before, neither 

BPSK nor QPSK performs well in the test. In fact, from the table we can see that BPSK is the lowest 

summation of the distance and QPSK is just slightly better. As for ASK and 4ASK, previously, it is 

mentioned that the percentage of the energy distribution is quite similar with each other where this 

cannot explain the reason why ASK performs better than 4ASK. The shortest distance of ASK and 

4ASK are 24939 and 15714, both with BPSK, but ASK is 59% higher than 4ASK. And also the 

summation of ASK is 191791 and that of 4ASK is 130845, which ASK is 47% higher. Therefore, 
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apart from the percentage distribution of the major detail component, the mutual 2-norm distance 

provides a further explanation on the different performance of classification test. 
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4 Conclusions and Discussion 

In this project we implement a method thoroughly from signal generation to classification by the 

support of wavelet analysis and SVM technique. The whole process can be divided into two major 

parts, wavelet analysis for the features’ extraction and SVM for the signal classification, which is also 

divided into six consecutive sections i.e. Signal Generation, Wavelet Decomposition, Signal Detail 

Extraction, Classification Model Training, Classification Test and Results Analysis. In the first step, 

six types of modulated signals are generated and normalized i.e. BPSK, QPSK, FSK, ASK, 4ASK, 

QAM with a certain level of white additive Gaussian noise. After the segments of all the signals have 

been generated and stored, they are decomposed by the biorthogonal wavelet (Bior3.1) into one 

average component and 8 detail components where the detail components are actually needed as 

extraction of the features. Each detail level of a signal has to be calculated by the formula (35) to get a 

figure. Those 8 figures representing 8 detail components is the characteristics vector for classification. 

In order to start the classification, a proper model of SVM needs to be selected and trained. At this 

time we choose C-SVM with the linear kernel, which later has been proved a good results. Moreover, 

in order to make this simulation close to the real environment, the noise has been always considered in 

the whole process. We generate 4 models under the SNR of 5dB, 10dB, 15dB and 30dB respectively. 

The signals from 1dB to 30dB are used to test the performance under these 4 models. It turns out to be 

that the minimal SNR for model is at least 10dB and for all the signals it has to be more than about 

13dB.  

 

According to the classification results, it is noticeable that the 6 types of signals are quite different on 

the performance. Therefore, we go back to the analysis of the feature vectors which represents the 

characteristics of a signal. First, on the Energy-SNR charts, the energy level of the entire detail 

components are increasing with the SNR decreasing whatever a signal is since the noise has been 

adding on the signals, but the detail components D6 to D8 of any signal are still remains the major 

components i.e. takes up to more 60% of the whole energy even under 5dB low SNR condition, which 

means that these components largely representing the identification of a signal has dominant effects on 

the classification. Second, we further compare the percentage distribution of the energy level of all the 

signals. They are regrouped into 4 groups by the affinity of the distribution. QAM and FSK 

demonstrate low affinity with any other signals where their distributions are obviously different than 

others, which explain the reason why they both have comparatively good performance on the 

classification. The distribution of BPSK and QPSK is similar with each other which demonstrate high 

affinity, so no wonder they are difficult to be separated resulting in bad performance in classification. 

Third, As for ASK and 4ASK, although they also seems to be similar to each other, ASK has a better 

performance than 4ASK. To find out the reason lies behind, we measure the mutual 2-norm distance 
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of each signals. The results show that the summation of the distance of ASK is much higher than 

4ASK, indicating the feature vectors of ASK are more separable than that of 4ASK. The measurement 

of the distance of all the signals provides the evidence to explain the different performance on the 

classification test too. The top five longest distances are related to QAM thus QAM has the best 

performance in the classification. The shortest distance happens between BPSK and QPSK, so they 

both perform poor in the test. The correlation between the distance and the performance can also be 

found on other signals. 

 

The performance of BPSK and QPSK exposes the limitation of the method. Since the core of the 

method is based on the classification of the feature vectors, the composition of the feature vectors 

decides the identification of a signal. In this project, only the energy level of the detail components is 

considered and applied. As for BPSK and QPSK, this is not a sufficient condition to recognize them 

clearly. Therefore, if it is possible to do further work based on this, there are several aspects possible 

to be considered. First, on the wavelet decomposition, the selection of the wavelet could be more 

suitable to certain type of signal, especially if it is helpful to extract new critical features that 

distinguish a group of signals which had similar features before. Second, according to the energy 

distribution analysis, while most of the energy concentrates on the detail component D6 to D8, making 

further decomposition on that probably will obtain more useful features about signals, which increases 

the number of components in the feature vectors making them more separable in the vector space. 

Finally, if the relevance of each component on the time-domain is considered, the detail information 

concealed in the energy level could be detected and extracted, which is promising for the classification 

of a group of more similar signals.
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Appendix A 

SVM_Generation.m 
%%%%%%%%%%%%% SVM (Feature Vector Generation)%%%%%%%%%%%%%%%%%%% 
global N_level 
N_level=30;% Additive White Gaussian Noise SNR in dB 
W_type='bior3.1';%Wavelet Type 

  

S_BPSK=zeros(100,8,N_level);%Preallocate Memory 
D_BPSK=zeros(100000,8);%Preallocate Memory 
S_QPSK=zeros(100,8,N_level);%Preallocate Memory 
D_QPSK=zeros(100000,8);%Preallocate Memory 
S_ASK=zeros(100,8,N_level);%Preallocate Memory 
D_ASK=zeros(100000,8);%Preallocate Memory 
S_FSK=zeros(100,8,N_level);%Preallocate Memory 
D_FSK=zeros(100000,8);%Preallocate Memory 
S_4ASK=zeros(100,8,N_level);%Preallocate Memory 
D_4ASK=zeros(100000,8);%Preallocate Memory 
S_QAM=zeros(100,8,N_level);%Preallocate Memory 
D_QAM=zeros(100000,8);%Preallocate Memory 

  

N_level=1;% Additive White Gaussian Noise SNR in dB 

  

for N_level=1:2 

  

k=1; 
for k=1:100 
%%%%%%%%%%%%generate BPSK%%%%%%%%%%%%%% 
Fs=100;%Sampling Frequency 
Max=1000;%The Number of Symbols 
Fc=1;%Carrier Frequency 

  

t=[1/Fs:1/Fs:Max]; 

  

phi=rand(Max,1)>0.5; 

  

Multi=repmat(pi,1,Fs/Fc); 
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phi_m=(phi*Multi)'; 

  

phi_m=reshape(phi_m,1,[]); 

  

signal=sin(2*pi*Fc*t+phi_m); 

  

signal=awgn(signal,N_level); 
%%%%%%%%%%%%%Decomposition%%%%%%%%%%%%% 
[C,L]=wavedec(signal,8,W_type); 
D_BPSK=zeros(100000,8);%Preallocate Memory 

  

for i=1:8 
D_BPSK(:,i)=wrcoef('d',C,L,W_type,i); 
end; 
%%%%%%%%%%%%%%Detail Energy%%%%%%%%%%%%%% 
S_BPSK(k,:,N_level)=sum(D_BPSK.^2); 
end; 

  

  

%################## Signal Generation for QPSK %%%%%%%%%%%%%%%%%%%% 

  

k=1; 
for k=1:100 
Fs=100; 
Max=1000; 
Fc=1; 

  

t=[1/Fs:1/Fs:Max]; 

  

phi=(unidrnd(4,Max,1)-1)/2; 

  

Multi=repmat(pi,1,Fs/Fc); 

  

phi_m=(phi*Multi)'; 

  

phi_m=reshape(phi_m,1,[]); 

  

signal=sin(2*pi*Fc*t+phi_m); 
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signal=awgn(signal,N_level); 

  

%%%%%%%%%%%%%Decomposition%%%%%%%%%%%%% 
[C,L]=wavedec(signal,8,W_type); 
D_QPSK=zeros(100000,8);%Preallocate Memory 

  

for i=1:8 
D_QPSK(:,i)=wrcoef('d',C,L,W_type,i); 
end; 
%%%%%%%%%%%%%%Detail Energy%%%%%%%%%%%%%% 
S_QPSK(k,:,N_level)=sum(D_QPSK.^2); 
end; 

  

  

  

%################## Signal Generation for ASK %%%%%%%%%%%%%%%%%%%% 

  

S_ASK=zeros(100,8,N_level);%Preallocate Memory 
k=1; 
for k=1:100 
Fs=100; 
Max=1000; 
Fc=1; 
AM_coeff=0.5; 

  

t=1/Fs:1/Fs:Max; 

  

A=double(rand(Max,1)>0.5); 

  

A(A==0)=AM_coeff; 

  

Multi=ones(1,Fs/Fc); 

  

A_m=(A*Multi)'; 

  

A_m=reshape(A_m,1,[]); 
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signal=A_m.*sin(2*pi*Fc*t); 

  

signal=awgn(signal,N_level); 

  

%%%%%%%%%%%%%Decomposition%%%%%%%%%%%%% 
[C,L]=wavedec(signal,8,W_type); 

  

  

for i=1:8 

     

D_ASK(:,i)=wrcoef('d',C,L,W_type,i); 
end; 
%%%%%%%%%%%%%%Detail Energy%%%%%%%%%%%%%% 
S_ASK(k,:,N_level)=sum(D_ASK.^2); 
end; 

  

%################## Signal Generation for FSK %%%%%%%%%%%%%%%%%%%% 
k=1; 
for k=1:100 
Fs=100; 
Max=1000; 
Fc=1; 
Fm_coeff=0.5; 

  

t=1/Fs:1/Fs:Max; 

  

Fm_coeff_m=(rand(Max,1)>0.5)*(1/Fm_coeff); 

  

Multi=ones(1,Fs/Fc); 

  

Fm_coeff_m=(Fm_coeff_m*Multi)'; 

  

Fm_coeff_m=reshape(Fm_coeff_m,1,[]); 

  

Fc_m=ones(1,Fs*Max*Fc); 

  

signal=sin(2*pi*(Fc_m+Fm_coeff_m).*t); 
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signal=awgn(signal,N_level); 

  

%%%%%%%%%%%%%Decomposition%%%%%%%%%%%%% 
[C,L]=wavedec(signal,8,W_type); 

  

  

for i=1:8 

     

D_FSK(:,i)=wrcoef('d',C,L,W_type,i); 
end; 
%%%%%%%%%%%%%%Detail Energy%%%%%%%%%%%%%% 
S_FSK(k,:,N_level)=sum(D_FSK.^2); 
end 

  

%################## Signal Generation for 4ASK %%%%%%%%%%%%%%%%%%%% 

  

k=1; 
for k=1:100 
Fs=100; 
Max=1000; 
Fc=1; 
%AM_coeff=0.25; 

  

t=[1/Fs:1/Fs:Max]; 

  

A=unidrnd(4,Max,1)/4; 

  

Multi=ones(1,Fs/Fc); 

  

A_m=(A*Multi)'; 

  

A_m=reshape(A_m,1,[]); 

  

signal=A_m.*sin(2*pi*Fc*t); 

  

signal=awgn(signal,N_level); 

  

%%%%%%%%%%%%%Decomposition%%%%%%%%%%%%% 
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[C,L]=wavedec(signal,8,W_type); 

  

for i=1:8 

     

D_4ASK(:,i)=wrcoef('d',C,L,W_type,i); 
end; 
%%%%%%%%%%%%%%Detail Energy%%%%%%%%%%%%%% 
S_4ASK(k,:,N_level)=sum(D_4ASK.^2); 
end 

  

%################## Signal Generation for QAM %%%%%%%%%%%%%%%%%%%% 

  

k=1; 
for k=1:100 
Fs=100; 
Max=1000; 
Fc=1; 
%AM_coeff=0.25; 

  

t=[1/Fs:1/Fs:Max]; 

  

A=unidrnd(4,Max,1)/4; 

  

Multi=ones(1,Fs/Fc); 

  

A_m=(A*Multi)'; 

  

A_m=reshape(A_m,1,[]); 

  

phi=(unidrnd(4,Max,1)-1)/2; 

  

Multi=repmat(pi,1,Fs/Fc); 

  

phi_m=(phi*Multi)'; 

  

phi_m=reshape(phi_m,1,[]); 

  

signal=A_m.*sin(2*pi*Fc*t+phi_m); 
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signal=awgn(signal,N_level); 

  

%%%%%%%%%%%%%Decomposition%%%%%%%%%%%%% 
[C,L]=wavedec(signal,8,W_type); 

  

for i=1:8 

     

D_QAM(:,i)=wrcoef('d',C,L,W_type,i); 
end; 
%%%%%%%%%%%%%%Detail Energy%%%%%%%%%%%%%% 
S_QAM(k,:,N_level)=sum(D_QAM.^2); 
end; 
end; 

 

SVM_Model.m 
%%%%%%%%%%%%% L_BPSK=1, L_QPSK=2, L_8PSK=3 L_16PSK=4 L_ASK=5 L_FSK=6 

L_4ASK=7 L_QAM=8%%%%%%%%%%%% 

  

N_level_model=30; %Noise Level for Model 

  

L_BPSK=ones(100,1); 
L_QPSK=ones(100,1)+1; 
L_8PSK=ones(100,1)+2; 
L_16PSK=ones(100,1)+3; 
L_ASK=ones(100,1)+4; 
L_FSK=ones(100,1)+5; 
L_4ASK=ones(100,1)+6; 
L_QAM=ones(100,1)+7; 

  

L_m=[L_BPSK,L_QPSK,L_ASK,L_FSK,L_4ASK,L_QAM]; 

  

S_m=[S_BPSK(:,:,N_level_model),S_QPSK(:,:,N_level_model),S_ASK(:,:,N_level_

model),S_FSK(:,:,N_level_model),S_4ASK(:,:,N_level_model),S_QAM(:,:,N_level

_model)]; 

  

N=6;% The Number of Types of Signal %%%%%%%%%%% 
i=1; 
j=1; 
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reg_model=1;%Regeneration 
if (reg_model==1) 
for i=1:(N-1) 
for j=(i+1):N 

  

S=[S_m(:,((i-1)*8+1):((i-1)*8+8));S_m(:,((j-1)*8+1):((j-1)*8+8))]; 
L=[L_m(:,i);L_m(:,j)]; 

  

model=svmtrain(L,S,'-s 0 -t 0'); 

  

model_ij=['model_',num2str(i),num2str(j)]; 

  

assignin('base',model_ij,model); 
end; 
end; 
disp('The model has been generated successfully!') 
clearvars model_ij 
end 

 

SVM_Classification.m 
N_level_max=30; 
Sig_type_max=6; 
N_level=1; 
global Pred_ij 
global Pred_L_m 
global L_test 
global S_test 
Accu=zeros(Sig_type_max,N_level_max); 

  

for Sig_type=1:Sig_type_max 
for N_level=1:N_level_max 

  

switch Sig_type 
    case 1 
        L_test=L_BPSK; 
        S_test=S_BPSK(:,:,N_level); 
    case 2 
        L_test=L_QPSK; 
        S_test=S_QPSK(:,:,N_level); 
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    case 3 
        L_test=L_FSK; 
        S_test=S_FSK(:,:,N_level); 
    case 4 
        L_test=L_ASK; 
        S_test=S_ASK(:,:,N_level); 
    case 5 
        L_test=L_4ASK; 
        S_test=S_4ASK(:,:,N_level); 
    case 6 
        L_test=L_QAM; 
        S_test=S_QAM(:,:,N_level); 
    otherwise 
        error('The signal type is not available!') 
end; 
i=1; 
j=1; 
t=1;%for Pred_L storage index 
for i=1:(N-1) 
for j=(i+1):N 

  

    model=['model_',num2str(i),num2str(j)]; 
[Pred_L_temp,Acc,c]=svmpredict(L_test,S_test,eval(model)); 
Pred_L_ij=['Pred_L_',num2str(i),num2str(j)]; 
assignin('base',Pred_L_ij,Pred_L_temp); 
Pred_L_m(t,:)=eval(Pred_L_ij); 
t=t+1; 
end; 
end; 

  

Pred_L=mode(Pred_L_m); 

  

Accu(Sig_type,N_level)=sum(Pred_L'==L_test)/length(L_test); 
end; 
end; 
plot_title=['The ',num2str(N_level_model),'dB Model']; 
plot(1:1:N_level_max,Accu),axis([0 30 0 

1.1]),legend('BPSK','QPSK','FSK','ASK','4ASK','QAM'),title(plot_title); 
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