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Cooperative Spectrum Sensing with Noisy Hard Decision Transmissions Tuncer Can Aysal, Sithamparanathan Kandeepan and Radoslaw Piesiewicz Broadband and Wireless Group, Create-Net International Research Center, Trento, TN, Italy E-mails: {tuncer.aysal,kandee,radoslaw.piesiewicz}@create-net.org Abstract—Most critical component of the cognitive radio paradigm is spectrum sensing and accordingly, detection of primary users. Recently proposed cooperative spectrum sensing methods do not consider errors occurring during the transmission of local cognitive radio decisions to the cognitive base station. However, perfect communication is clearly not the case in realistic cooperative spectrum sensing scenarios and might lead to misleading performance result interpretations. In this paper, we extend the simple cooperative spectrum sensing communication model to admit transmission imperfections. Specifically, we consider the case where the local hard cognitive radio decisions that are based on any local detection scheme are corrupted by additive noise during transmission from cognitive radios to cognitive base station. Utilizing this extended cooperative spectrum sensing model, we present the complex optimal and a practical and effective suboptimal detector that is capable of operating with any local cognitive radio detection scheme: Two-step detector. We present simulation results investigating the performance of the proposed detectors and the effect of parameters of interest such as number of cognitive radios and signal to noise ratio. Moreover, we provide comparisons between non-cooperative and cooperative spectrum sensing performances revealing some cases where non-cooperative scheme is more effective.



I. I NTRODUCTION Cognitive radio, a paradigm originated by Mitola, has emerged as a promising technology for maximizing the utilization of the limited bandwidth while accommodating the increasing amount of services and applications in wireless networks [1]. A cognitive radio (CR) transceiver is able to adapt to the dynamic radio environment and the network parameters to maximize the utilization of the limited resources while providing exibility in wireless access [2]. By detecting particular spectrum holes and exploiting them rapidly, the CR can improve the spectrum utilization signicantly. To guarantee a high spectrum efciency while avoiding the interference to the licensed users, the CR should be able to adapt spectrum conditions exibly. Hence, some important abilities should be provided by the CR which include spectrum sensing, dynamic frequency selection and transmit power control [3]. Co-existence of multiple cognitive networks is highly probable by virtue of cognitive radio paradigm. However, the coexistence of multiple CRs generates interference to each others, leading to the hidden terminal problem. This problem occurs usually when the cognitive radio is shadowed, in severe fading or with high path loss while a primary user (PU) is in vicinity [2]–[4]. In order to deal with the hidden terminal problem in cognitive networks, CRs can cooperate to sense the spectrum as well



as share the spectrum without causing harmful interference to the PU. Thus, one of the most important and critical components of the CR is spectrum sensing and accordingly, detection of PUs. However, the communication model adopted in the cooperative spectrum sensing (CSS) literature assumes noise-free communication between the CRs and cognitive base station (CBS) [2]–[7], which is clearly not the case in realistic CSS scenarios and might lead to misleading performance result interpretations that are crucial to the development of cooperative CR systems. Only very recently, this model has been extended to admit imperfect channels for the soft decisions case operating only with energy detectors [8]. Moreover, decision fusion theories, algorithms and analysis developed within the wireless sensor network framework [9]–[11] are not directly applicable to cognitive radio networks due to the inherent differences in faced challenges. In this paper, we also extend the simple CSS communication model to admit transmission imperfections, however, we consider the case where the local hard CR decisions that are based on any detection scheme, are corrupted by additive noise during transmission from CRs to CBS. The spectrum occupancy detectors proposed in this paper hence operate on noisy local CR spectrum vacancy detection results. Utilizing this extended CSS model, we present the complex optimal and a practical and effective suboptimal detector that is capable of operating with any local CR detection scheme: Two-step detector. Two-step detector rst estimates the local CR spectrum decisions utilizing their corrupted versions, followed by detection of the occupancy of the spectrum of interest by fusing the estimated local CR decisions. We present simulation results investigating the performance loss incurred by considering realistic communication model with varying signal-to-noise ratio (SNR) and number of CRs. Moreover, we provide comparisons between non-cooperative and cooperative spectrum sensing performances revealing some cases where non-cooperative scheme is more effective. The remainder of this paper is organized as follows. Section II discusses the cooperative spectrum sensing approach and details the realistic communication model adopted in this work. The proposed spectrum vacancy detectors are presented in Section III. The performances of the proposed spectrum vacancy detectors are theoretically analyzed through the computation of the probability of detection, miss and false alarm in Section IV. Numerical results evaluating and comparing the presented detectors are given in Section V. Finally, we



conclude with Section VI. II. C OOPERATIVE S PECTRUM S ENSING IN R EALISTIC C HANNELS This section briey discusses the CSS concept and details the extended communication model adopted throughout this work. A. Cooperative Spectrum Sensing In general, CSS is performed as follows [2]–[4]: 1) Every CR performs local spectrum measurements independently and then makes a binary decision. 2) All the CRs forward their binary decision to a common receiver which is an access point (AP) in a wireless LAN or a CBS in a cellular network. 3) The common receiver fuses those binary decisions and makes a nal decision to infer the absence or presence of the PU in the observed band. In this algorithm, each cooperative partner makes a binary decision based on its local observation and then forward singlebit decision to the CBS. At the CBS, all one-bit decisions are fused together [2]. This CSS algorithm is referred to as decision fusion. In an alternative form of cooperative sensing, each CR can send its observation/soft decision value directly to the CBS [5], [8]. This approach can be seen as data fusion for cooperative networks. Obviously, one-bit decision needs low bandwidth control channel. Moreover, it has been recently shown that hard decision approach can perform almost as well as that of the soft decision one in terms of detection performance [7].



the local spectrum sensing decision of the k-th CR as b(k) where ! 0 ) ⇒ H0 0, if Γ({x(k; t)}Tt=0 b(k) = T0 1, if Γ({x(k; t)}t=0 ) ⇒ H1 where H1 implies that PU is detected and H 0 implies that the spectrum of interest is not occupied by a PU. We utilize a generic probabilistic model given by Pij = Pr{b(k) = Hi |Hj }, i, j ∈ {0, 1} to characterize the performance of the local spectrum detection algorithm. We further extend this model to include realistic channel models by incorporating amplication factor and communication noise. The transmission of the decisions from all the CRs to the CBS can be seen as a multiuser access protocol which can be based on TDMA or FDMA. Thus, to incorporate the imperfections in the communication mediums between the CRs and the CBS, we consider communications channels corrupted with additive white noise, i.e., the received signal, in the baseband, is given by y(k) = Am(k) + w(k), where m(k) = 2b(k) − 1 and y(k), w(k) and A represent the signal received at the CBS, the corrupting additive white Gaussian noise between the k-th CR and CBS, and the amplication factor, respectively. Given the received signal set {y(k) : k = 1, 2, . . . , N }, the CBS’s goal is to determine if PU is present in the spectrum of interest. Clearly, the SNR of the communication channels is given by γT !



B. Realistic Sensing and Communication Model Formally, the extended CSS model considered in this paper is follows. We assume that each CR performs local spectrum sensing independently. The CR local spectrum sensing is to decide between the following two hypotheses: ! n(k; t), H0 x(k; t) = s(t) + n(k; t), H1 where x(k; t), s(t), and n(k; t) denote the observed signal at the k–th CR, the signal transmitted from the PU, and the additive white noise. Note that this model is especially valid when the CRs are close to each other, and their relative distances are smaller than their distances to the PU, so that they observe almost identical source signal. Moreover, we dene the spectrum sensing SNR as " T0 1 1 |s(t)|2 γS ! 2 σn T0 0



where T0 and σn2 denote the signal duration and the power spectral density level of the noise, respectively. Given the observed signal, the k-th CR makes a local decision and determine if the PU is present by utilizing a local decision function Γ(·). This local decision can be based on energy detection [8], coherent detection [2], cyclostationary [12] and wavelet-based [13] feature detection. We denote



A2 2 σw



2 where σw denote the variance of the communication noise. Although we consider i.i.d. case to simplify the presentation, of note is that one can further generalize this model to admit CR dependent amplication factor and communication noise variance.



III. C OOPERATIVE S PECTRUM O CCUPANCY D ETECTORS In this section, we rst present the optimal likelihood ratio test (LRT) detector and we propose a computationally attractive, hardware friendly and effective suboptimal PU detector operating at the CBS, namely the two-step detector. The LRT for the considered model, L(y) = f (y|H0 )/f (y|H1 ), after which utilizing the fact that the samples are conditionally independent reduces to L(y)



=



K #



k=1 K # k=1



2 2 fw (y(k) − A; 0, σw )P10 + fw (y(k) + A; 0, σw )P00 2 2 fw (y(k) − A; 0, σw )P11 + fw (y(k) + A; 0, σw )P01



where fw (x; y, z) denotes the transmission noise density function with mean y and variance z. subsequently a decision θ is



made as following: θ=



!



H1 , L(y) ≤ δ H0 , L(y) > δ



where δ is the decision threshold allowing trade-offs in the performance of the LRT detector. The optimal LRT detector unfortunately requires the knowledge of the local CR detector performance parameters, i.e., P ij , values which are dependent on the existence/non-existence probabilities of the PU and the performance of the local CR detector that are clearly not available at the CBS. To overcome this drawback, we propose the following suboptimal two-stage detector. We consider a two-step based information fusion algorithm at the CBS after collecting the data from the CRs. The CBS, after collecting the data from the CRs, performs the following two tasks consecutively: 1) Detect the transmitted {b(k)} K k=1 , values utilizing an optimal maximum a posteriori (MAP) detector. 2) Fuse the detected {ˆb(k)}K k=1 , values to determine the occupancy of the spectrum. After fusing the estimated local decisions, the CBS transmits back the nal decision to the CRs. Let us dene the following quantities: Pi ! Pr{m(k) = 2i − 1} = Pr{b(k) = i}



where i ∈ {0, 1} and for all k ∈ {1, 2, . . . , K}. Then, the optimal MAP detector for the additive white Gaussian noise (AWGN) channel is given by m(k) ˆ = sgn{y(k) − λT S } where λT S



σ2 = w log 2A
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Or, equivalently, ˆb(k) = 1/2(m(k) ˆ + 1). Of note is that the MAP detector also minimizes the probability of detection error [14]. Clearly the MAP optimal detector requires the knowledge of P i , i ∈ {0, 1} values that might be unknown at the CBS. In the following, we present a computationally attractive and effective estimator of these probabilities in case they are unknown at the CBS. Recall that we take that the amplication factor similar for all CRs and the communication noise variance is i.i.d. across CRs. Furthermore, for all u = [u(1), u(2), . . . ,& u(K)] T ∈ RK×1 , we dene the following: ∆(u) ! 1/K K k=1 u(k). The following result will be useful in the subsequel of the paper. The average of the values received at the CBS almost surely converges to lim ∆(y) → A(2P1 − 1)



K→∞



where → denotes almost sure convergence. This result follows from the application of Strong Law of Large Numbers (SLLN) to the average of innite many zeromean i.i.d. Gaussian random variables (RVs) and Bernoulli RVs with parameter P1 , respectively [15].



Since the number of CRs is nite, an unbiased estimate of P1 is, considering the above lemma, given by % $ 1 ∆(y) ˆ P1 = +1 . 2 A



Given this estimate, the estimate for the optimal MAP detector threshold, when the required priori informations, i.e., P i , i ∈ {0, 1}, are replaced by their estimates, after recalling that P 0 = 1 − P1 ⇒ Pˆ0 = 1 − Pˆ1 , reduces to $ % 2 ˆ T S = σw log A − ∆(y) . λ 2A A + ∆(y) Now, let θ denote the decision statistic at the CBS, given the ˆ estimated {ˆb(k)}K k=1 values –using λ T S (λT S ) if the priors are (un)known–, the CBS decision statistic is obtained as in the following: ! ˆ ≤φ H0 , ∆(b) θ= ˆ >φ H1 , ∆(b) where φ denotes the decision threshold utilized at the CBS. This decision statistic is then broadcasted to the CRs. Of note is that we adopted the averaging concept as it is generally adopted for the corruption-free model. However, given the detected CR local detection results, one can utilize a different decision fusion processing based on a different criteria such as the “OR” logic [2]. Note that, following the preivous studies [2]–[8], currently we assume the transmission of the nal decision from the CBS to CRs is performed with very high power and allows us to see the reverse channels virtually error-free as we are only interested into the performance characteristics at the CBS. However, further research will also incorporate imperfect reverse links. IV. P ERFORMANCE A NALYSIS OF T WO S TEP D ETECTOR In the following, we derive the probability of detection, false alarm and miss detection of the proposed suboptimal spectrum occupancy detector operating in a noisy transmission medium. Of note is that we use the theoretical λ T S during derivations, but extension to the λ T S case is trivial given its PDF. We will need the following result to determine the probability of interest regarding the performance of the proposed detector. Let R1i = Pr{ˆb(k) = 1|Hi } where i ∈ {0, 1}. The local CR decision detected at the CBS are Bernoulli RVs with parameters, given a hypothesis H i , i ∈ {0, 1}, 2 2 R10 = F w (λT S − A; 0, σw )P10 + F w (λT S + A; 0, σw )P00



2 2 R11 = F w (λT S − A; 0, σw )P11 + F w (λT S + A; 0, σw )P01



where Fw (u; y, z) denotes the CDF of the channel noise at u with mean and variance y and z, and F w (u; y, z) = 1 − Fw (u; y, z) denotes the survival function. This result follows from steps from probability theory and conditioning on the transmitted CR value. Given this result, we have the following results for the proposed suboptimal detector performance.



V. N UMERICAL R ESULTS In this section we present simulation results comparing the proposed optimal and suboptimal cooperative spectrum sensing techniques. The performances of the proposed cooperative PU detection techniques are measured in terms of the receiver operating characteristics (ROC) curves. The ROC curves that we consider here are the plot of the probability of false alarm PF on the x-axis and the probability of missed detection P M on the y-axis. Figure 1 shows the performance characteristics of the receiver at the CBS using the two-step detector (TSD) for various values of γ T . Again, as expected, the ROC curves at the CBS improve when γ T is increased. In the interest of comparing the performances of the cooperative sensing method with the non-cooperative sensing method we also show the ROC curve for the non-cooperative sensing case in Fig. 1. From the gure we observe that the non-cooperative spectrum sensing method becomes more feasible than the cooperative sensing approach when γ T is low. For the scenario in Fig. 1, the non-cooperative sensing method becomes feasible over the cooperative sensing approach for a γ T value less than γT0 = -10dB with K = 10. The value of γ T0 here depends on the number of CR nodes K and reduces when K increases. This is the main advantage claimed in performing cooperative sensing over the non-cooperative sensing method, where we utilize the information gathered at the CR nodes to make better decisions. Further, we see that the performance of the receiver also improves when the number of CR nodes is increased.
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Fig. 1. ROC curves for the TSD based cooperative spectrum sensing at the CBS for varying transmission channel SNR γT , with K = 10 and γS =2dB
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Let B(u; y, z) denote the Binomial distribution at u with probability y and total number of samples z: B(u; y, z) = &$u% i z−i . The followings holds for the i=0 z!/i!(z − i)!y (1 − y) two step detector: (i) The probability of detection, P D = Pr{θ = H1 |H1 }, is given by PD = 1 − B(Kφ; R11 , K). (ii) The probability of miss detection, P M = Pr{θ = H0 |H1 }, is given by PM = B(Kφ; R11 , K). (iii) The probability of false alarm, P F = Pr{θ = H1 |H0 }, is given by PF = 1 − B(Kφ; R10 , K). The above claims hold since θ is sum of i.i.d. Bernoulli RVs, thus Binomial distributed. Moreover, one can easily obtain P D and PF using the Rij parameters. Finally, recall that P M = 1 − PD . The following result considers the performance of the proposed CBS detector for large SNR cases. As the transmitting power tends to innity, the performance of the two-stage detector reduces to: lim A→∞ PD = 1 − B(Kφ; P11 , K), limA→∞ PM = B(Kφ; P11 , K) and limA→∞ PF = 1 − B(Kφ; P10 , K). The above results is shown is obtained as follows. Using the continuity of the F w function, it is easy to see that limA→∞ F w (λT S − A) = 1 and limA→∞ F w (λT S + A) = 0. Subsequently, we have that lim A→∞ R1i = P1i , i ∈ {0, 1}. The nal result is obtained by using the continuity of the exponential functions and the existence of the limits in the binomial distribution expressions.
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Fig. 2. ROC curves for the TSD based cooperative spectrum sensing at the CBS for varying number of CR nodes K, with γS =0dB and γT =5dB



This result can be observed in Fig. 2 showing the ROC curves at the CBS for increasing K with γ S =0dB and γT =5dB. The gure also shows the ROC curve at the CR node for the non-cooperative case for the convenience of comparing the performance. In our proposed detector, the detection threshold λ T S derived in the previous section needs to be estimated in ˆ T S , therefore it is in our interest to practice to obtain λ see how the performance of the receiver at the CBS defers ˆ T S deviates from its true value λ T S . Figure 3 shows when λ ˆT S is used (in practical the performance degradation when λ cases) with respect to the optimal detector using λ T S (in the theoretical case) at the CBS. From the gure we observe that the differences between the two cases arise for smaller values of γT and K. Of note is that we replace the MAP detector ˆT S }) with ML one (m(k) (m(k) ˆ = sgn{y(k)−λ ˆ = sgn{y(k)}) when Pˆ1 &∈ [0, 1] due to excessive noise. Simulation results ˆ T S does suggest that the ROC curves obtained using the λ not deteriorate the proposed detector’s performance when
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technique capable of operating with corrupted local hard CR decisions that are based on any detection scheme. We theoretically analyzed the performance of the proposed spectrum occupancy detector, specically we presented the probability of detection, miss and false alarm. We presented simulation results evaluating the performances of the proposed optimal and suboptimal detectors in various scenarios of interest. The results indicate that the proposed suboptimal detector with its close-to-optimal performance and simplicity is an attractive solution to the CSS problem. Moreover, we compared the performances of the proposed cooperative scheme to the noncooperative one which showed that for low transmission SNR scenarios, non-cooperative spectrum sensing might be more effective.
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ˆT S ) Fig. 3. Comparing the optimal (using λT S ) and the sub-optimal (using λ solutions for the detection criteria at the CBS
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Fig. 4. Comparing the performances between the Global optimum detector and the Suboptimal detector at the CBS



γT ≥ 0dB and K ≥ 5. Finally, we compare the performance of TSD with respect to the global optimum detector considering the test statistic L(y) at the CBS. Figure 4 shows the comparison between the proposed detector and the global optimum detector, from the gure we see that both the detectors show similar performances at higher values of γ T . However, for lower values of γT , the global optimum detector performs slightly better than the proposed detector. It is important here to note that the global optimum detector is considerably hard to implement considering the complexity associated with it and the amount of information it requires, yielding our proposed TSD much more attractive and feasible. VI. C ONCLUDING R EMARKS In this paper, we extended the CSS communication model to admit imperfections over the transmission channels. Moreover, we proposed and analyzed the optimal and a suboptimal CSS
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