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Abstract  Multitaper method (MTM) is an unpopular 

method that used for spectrum detection. MTM is a good 

candidate to detect spectrum holes in cognitive radio 

networks. MTM is accurate, efficient and reliable 

technique. Cepstrum MTM is described as an effective tool 

for variance reduction beside its ability in increasing 

spectrum dynamic range (SDR) due to its isolation 

property which can be applied to the multiplied mixed 

signals. As a matter of fact, introducing cepstrum with 

MTM has achieved better detection performance with the 

available constraints. In this paper, an algorithm is 

prepared as a cepstrum MTM for optimal detection and 

applied to cognitive radio networks. Simple and 

computationally efficient mathematical expressions of the 

mean and variance were derived. A closed form expression 

for the probability of detection (Pd) and false detection (Pf) 

were obtained accordingly. Analysis of the suggested 

MTM based cepstrum detection is provided. Different 

aspects of spectrum sensing parameters were considered in 

the simulation. A receiver operating characteristic curve is 

tested where there is a relation between Pd and Pf. The 

required sample size to achieve certain detection, and the 

relation of Pd versus signal to noise ratio were also verified. 

Simulation results were obtained under different affecting 

factors of the proposed scheme such as probability of false 

alarm, number of sample points (N), and number of tapers 

(K). Simulation results reveal that the proposed detector 

outperforms conventional available tools at the worst 

scenario operating conditions. The proposed scheme 

outperforms convention MTM and energy detection by  

20% and 45% respectively. 

Keywords Cognitive Radio Networks, Spectrum 

Detection, Multitaper, Cepstrum, Optimal Detection 

1. Introduction

Users predict high incoming solutions from 5G to satisfy 

the highest demands on the required application. Cognitive 

Radio [1-4] is a good solution to satisfy those requirements, 

through finding an efficient under-utilized spectrum to use 

with the cognitive user. Due to these crucial requirements, 

spectrum detection [2-5] has been introduced to detect an 

efficient underutilized spectrum. 

Basically, there are many approaches that have been 

introduced to perform this subtask. They are actually 

divided into parametric methods and non-parametric 

methods [2], [6]. 

Based on this point of view, a parametric method [2], [5] 

requires a specified statistical model to detect a signal, such 

as a cyclostationary detector and a matched filter. 

Furthermore, they need prior information and they are built 

on the assumption of periodicity of that signal. However, 

those are deemed as difficult requirements in a cognitive 

radio. Therefore, the nonparametric method is much 

applicable to this kind of communication since it does not 

require a specific statistical model to build a detection 

model. 

In fact, a nonparametric method directly passes the 

signal to a stochastic model which is capable of giving high 

resolution without relying on data that belongs to any 

particular distribution. In other words, it is concerned with 

the hypothesis of the observed random variables such as 

wavelet detection, energy detector and multitaper detector. 

The energy detection (i.e., periodogram) and wavelet 

detection, they both suffer from a low SDR, which is 

defined as the ratio between high power spectrum and low 

power spectrum, where the estimators are concerned with 

the differentiation between the presence and absence user. 

Therefore, from the previous non-parametric approaches, 

MTM method has been chosen as an optimal detector to 

satisfy detection requirements [2]. 
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It uses a set of an orthogonal discrete Prolate Slepian 

sequence which compromises the bad detection impact 

resulting from bias variance influence. On the other hand, 

the Fourier transform of Slepian sequence has a higher 

energy concentration in the main lobe and a higher 

reduction in the side lobes. Subsequently, it has a good 

detection influence. Moreover, Slepian sequence has 

different variance properties due to its orthogonality 

property. This means that by averaging all of these 

sequences, it leads to a low variance rate; consequently, it 

also has a good detection impact [7], [8]. 

The following papers [9-14] discussed the set of 

workable optimization parameters which controls the 

detection performance. In [10], the author found the 

applicable range of parameters to achieve the highest 

probability of detection. In [9], a simple and quick 

detection algorithm to sense OFDMA signals in a 

frequency selective fading environment is provided. A 

closed form of probability of detection, missed detection 

and false detection are derived to study the impacts of 

various parameters on the detected performance level. The 

threshold is not a straightforward equation of probability of 

false alarm.  

In [11], an adaptive threshold for optimal MTM is 

proposed. Systematic multiple input multiple output 

MIMO based singular value decomposition is employed. A 

quadrature form approximation is applied to calculate the 

estimation equation for MIMO based MTM. The closed 

form expression of probability of detection and false 

detection is obtained from Neyman-Pearson hypothesis test. 

The derived analysis, however, opposes MTM concepts as 

the mean is not a linear function of tapers and variance does 

not increase with the number of tapers. 

In [12] A cooperative MTM of two-stage spectrum 

sensing is investigated. For an optimal number of CR users, 

the analytical expressions are derived to reduce 

communication overheads. Although it provides enhanced 

detection accuracy, implementing a cooperative sensing 

brings numerous drawbacks besides its unreliable 

implementation in next generation network.  

In [13], an optimal detection algorithm for MTM based 

on Neyman-Pearson theorem and likelihood test ratio is 

proposed. The proposed detector outperforms and exceeds 

both conventional energy detection and the cooperative 

autocorrelation technique. However, it needs large sample 

size to achieve desired sensing accuracy besides its 

implementation complexity. 

From the previous literature, some models contain 

unreliable implementation for spectrum sensing in CR 

network. Other models, on the other hand, provide a 

reliable implementation and level of performance detection, 

but the MTM detector faces performance degradation in 

the worst environmental conditions and specific SNR. 

Accordingly, our motivation behind this work is to use 

MTM based cepstrum detection to enhance the reliability 

and the accuracy of spectrum detection under harsh 

environmental conditions. 

Basically [15], cepstrum comes from the deconvolution 

problem of two mixed signals or more signals, since it has 

the ability to extract these components into separate or 

individual components. Regarding its involved logarithmic 

functionality, the word cepstrum is derived from the 

spectrum by converting the first four letters, and its 

definition is varied according to its functionality [15]-[17]. 

These definitions will be discussed in section III. 

Cepstrum has been employed in numerous areas like in 

radar and sonar applications. Moreover, it is also applied in 

mechanical engineering, where it is used to analyze 

vibration signals from a rotating machine. The other areas 

of interest are image and speech processing. 

In fact, cepstrum is capable of restoring old recording 

and separating speech into local excitation and system 

response even if prior data about the system or the source 

are not given. Actually, this is impossible with traditional 

methods, which depend on the Fourier analysis of speech 

signals. Indeed, Fourier analysis converts speech into two 

multiplying components. This can be a trite solution to 

isolate the excitation from the system if we know the 

impulse response of the system. However, in most cases, 

both components are unknown. Therefore, cepstrum has 

been investigated to mitigate such dilemma, due to its 

ability to separate these components without any prior 

knowledge about any of these. 

In addition, cepstrum is investigated in Echo suppression 

[18], [19]. The echo problem arises from the acoustic 

reflection that distorts an incident sound. Practically, it is 

hard to detect and separate an echo from the original signal. 

Thus, cepstral analysis is applied to detect and eliminate 

these effects. 

The objective of this paper is to further apply and 

analyze the suggested multitaper based cepstrum detection 

algorithm. The rest of this paper is organized as follows: 

Section II describes MTM, section III the cepstrum method 

is presented. The proposed system model is described and 

analyzed in section IV. Section V presents the simulation 

results and discussion conclusions.  

2. MTM 

Considering that we have generated a sample set from 

the random process XN where N= {0,1,2,….. N-1}, those 

set of samples are multiplied by a number of sequences hK 

(N). Actually, these sequences are called data tapers 

(Slepian sequences) where K is the used tapers, and N is 

the sequence length. Furthermore, we take the Fourier 

transform of this multiplied data sequence. Finally, the K 

eign spectrum for the number of taper K is given by: 
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[14] equation as follows: 
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Equation (2) contains the normalized weighting factor 

λK for the selected time to bandwidth product (N,W), which 

is related to data taper's power concentration, driven from 

Eigen solution. 

3. Cepstrum Method 

The cepstrum was defined based on its implementation 

[19]. The complex cepstrum is defined as the inverse 

Fourier transform of the logarithmic complex data as in (3). 
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Historically, it has been employed in many applications, 

since it preserves the signal phase of the composite data. 

Therefore, it can be applied in waveform recovery, which 

is known as homomorphic deconvolution or homomorphic 

filtering. That is used in seismic data, and image processing. 

It is worth noting that ignoring the phase of spectrum 

results in the real cepstrum, where it can be written as: 
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In addition, there are two definitions of power cepstrum, 

but in the proposed model the definition listed in [16] is 

applied. It is defined as the absolute of the inverse Fourier 

transform of the natural logarithm of the power spectrum. 
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The most motivating thing about introducing cepstrum 

with MTM model is its ability to increase SDR due to its 

additive isolation property which applies to the multiplying 

mixed signals. This in turn yields to the significant ability 

in detecting the non-stationary signal with unforeseen 

harsh environmental conditions, while Fourier transform 

cannot grantees that especially in harsh environmental 

conditions. 

4. The Proposed Model 

A non-stationary signal with a discrete sample XN where 

N{0,1,…. N-1} is generated from the random statistical 

process. The signal is multiplied by a number of Slepian 

sequences hK where K is the number of the used tapers. 

Then those products are applied to FFT to get a set of 

Eigen-spectrum sequences, as shown in (1). Moreover, the 

estimated power is calculated according to (2). The power 

obtained from cepstrum process is represented as in (6). 
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Where f is the Fourier transform, and f-1 is the inverse 

Fourier transform. To compare the power obtaining from 

cepstrum with other systems, the following detection 

decisions are followed. The detection decision technique 

can be summarized in two probabilities: the probability of 

detection (Pd) and the probability of false alarm (Pf). 

According to Neyman-Pearson criterion [20], (Pd) and (Pf) 

are expressed as: 

( )1: HDecisionPPd =           (7) 













 −
=

1

2

1

/

/

H

H
QPd




             (8) 

( )0: HDecisionPPf =         (9) 













 −
=

0

2

0

/

/

H

H
QPf




           (10) 

Where µ/H1 and σ2/H1 are the mean and the variance of 

the received signal power under H1 hypothesis respectively. 

µ/H0 and σ2/H0 are the mean and the variance of the 

received signal power under H0 hypothesis, respectively. 

The power spectrum density of cepstrum power for the 

received signal represents the chi-square distribution. 

Therefore, the power distribution function takes the 

following mathematical model.  
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Where  is the gamma function that has closed-form 

values for integer k degrees of freedom, the mean of the 

estimated power. 
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This equation is approximated to this term, according to 

[21]. 
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Where  (K) is the digamma function. The first term 

can be approximated to according to [13]. 
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Therefore, the equation will be: 
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Based on [22]: 
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Where Es is the estimated power and σw
2 is the noise 

variance. Thus, the final equation will be: 
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Similarly, the mean for null hypothesis will be [22]: 
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The variance for the two hypothesis process is as 

follows: 
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The variance for logarithmic of multitaper is derived as 

in [21]. 
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Where 
−

 (K) is the trigamma function. Thus, the final 

equation is: 
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Therefore, the final MTM detection equations: 
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5. Simulation Results and Discussion 

In this section, the simulation results for the proposed 

cepstrum detection are discussed. Under sample size 

N=250, AWGN channel with SNR=-10, σw
2=1, and testing 

times=10000, the proposed model is validated. The 

accuracy and verification of the proposed theoretical study 

was verified by using the following approach. As depicted 

in fig. (1), the power obtained from cepstrum process is 

computed according to equation (6) under different 

simulation conditions. It is worth noting that, the 

distribution of power per unit frequency is expressed in 

units of radian /sample, thus the output power is scaled as 

(pi ᵡ PCep). The simulated mean and variance of the primary 

users' received (PDF) are obtained from the equation (6) 

under the Monte Carlo simulation model with at least 

10000 times. According to (23), and (24) theoretical 

threshold γ, mean and variance are obtained and compared 

with the simulated ones. Beside this, the proposed model is 

compared with MTM reported in [22] and with energy 

detection reported in [23]. 
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Figure 1.  Steps of the verification process 

Figure (2) shows the theoretical value of the detection probability along with the simulated one, versus different values 

of probability of false detection. Under AWGN, and a different number of K, the model is tested. As shown in the figure 

the detection reaches 90% at a low value of false alarm =0.1. Moreover, the proposed model exceeds the conventional 

MTM by 20% at the same condition. At the same occasion, the model outperforms energy detection by 48%. It is clearly 

shown how the enhancement of SDR impacted on the detection performance. Significantly, these results confirm that the 

proposed model is an optimal detector for next generation network. Furthermore, the figure also illustrates that the 

theoretical analysis curve of the detection probability is well-matched with the one generated from the simulation. This 

also indicates to the implementation reliability of the proposed model. Figure (3) demonstrates how the detection 

probability behaves under different SNR scenarios. As shown in this figure, the proposed model achieves reasonable 

detection at very harsh conditions represented at SNR=-20.  

 

Figure 2.  Probability of detection vs probability of false alarm for cepstrum, multitaper and ED with N = 250, SNR=-10dB and different values of K 

From this case curves start to rise till they reach 90% at SNR=-10 and this is a good indicator at harsh scenarios like 

SNR=-10. The model also outperforms MTM and energy detection by 18% and 40%, respectively. These results verify 

the accuracy of the proposed model under tough environment conditions. 
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Figure 3.  Probability of detection vs SNR at Pf=0.1 and N=250 for different values of K. 

 

Figure 4.  The minimum sample size to achieve the required probability of detection for K=5 as a function of SNR with Pd = 0.99 and Pf =0.001. 

Figure (4) represents the minimum required sample size 

to obtain certain detection probability for cepstrum, 

multitaper, and Energy detection as a function of SNR 

under K=5, Pd=0.99, and Pf=0.001. The figure illustrates 

that the proposed cepstrum model seeks smaller samples 

than multitaper and Energy detection in order to achieve 

the same probability. For instance, with SNR=-10 dB, the 

demanded sample size to achieve detection =0.99 is 700 for 

the proposed cepstrum model, 1300 for multitaper, and 

6600 for Energy detection. It is also obvious from the 

figure that the required samples decrease as the SNR 

increases. Thus, one sample may be enough to detect the 

presence of a user; however, in "pmtm" MATLAB 

function, which is used to estimate multitaper power 

spectral density, Nmin must be greater than the 

time-bandwidth product, i.e., N_{min} > (K+1). 

Interestingly, using these small samples size reduces the 

detection processing time and this is a crucial requirement 

for CR networks. 

6. Conclusions 

In this paper, multitaper based cepstrum is investigated 

as a good solution to enhance the detection accuracy at 

harsh environmental conditions. The mathematical 

expressions for probability detection and false detection of 

the proposed detector are derived. Beginning from 

formulating the Power spectrum density of the proposed 

model, the mean and variance have been derived, thus the 

final expression of Pd and Pf are obtained. The accuracy of 

the proposed model has been verified through computer 

simulation. The results show that the proposed MTM based 

cepstrum achieves 90% detection at Pf=0.1. It also shows 

that the proposed model surpasses MTM and energy 

detection by 20% and 45% respectively. It also depicts how 
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the model behaves well under harsh conditions represented 

at SNR=-10. The simulation results confirm the 

effectiveness of the proposed method and its reliability as a 

detector for CR.  
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