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Abstract— This paper considers the problem of spectrum sensing 
in cognitive radio networks when the primary user is using Or-
thogonal Frequency Division Multiplexing (OFDM). For this we 
develop cooperative sequential detection algorithms that use the 
autocorrelation property of cyclic prefix (CP) used in OFDM 
systems. We study the effect of timing and frequency offset, IQ-
imbalance and uncertainty in noise and transmit power. We also 
modify the detector to mitigate the effects of these impairments. 
The performance of the proposed algorithms is studied via simu-
lations. We show that sequential detection can significantly im-
prove the performance over a fixed sample size detector. 

Keywords- Cognitive Radio, Cooperative Spectrum Sensing, 
Decentralized Sequential Detection, OFDM. 

I.  INTRODUCTION 

Cognitive Radios, also called the secondary users, use the 
radio spectrum licensed to other (primary) users. They perform 
radio environment analysis, identify the spectral holes and then 
operate in those holes [1]. Spectrum Sensing (SS), an essential 
first step in enabling Cognitive Radio (CR) technology in-
volves, 1) identifying spectrum opportunities by detecting holes 
(white space) when they become available and 2) detecting 
when the primary reclaims an identified spectral hole. This 
needs to be done such that the guaranteed maximum interfer-
ence levels to the primary are not exceeded and there is effi-
cient use of spectrum by the secondary. Thus, the CR needs to 
detect reliably, quickly and robustly, possibly weak primary 
user signals. For example the IEEE 802.22 standard [1] re-
quires a sensitivity of −116dBm, while keeping the probability 
of miss detection under 0.1, using a sensing duration < 2 sec-
onds. Orthogonal Frequency Division Multiplexing (OFDM) is 
used in 802.11a/g wireless LAN’s (WLAN), Wireless MAN’s 
(IEEE 802.16 WiMAX,) 3GPP Long Term Evolution (LTE), 
etc. Because of its widespread acceptance and deployment, it is 
likely that a primary user would be using OFDM, thus making 
the problem of detecting OFDM signals especially relevant for 
cognitive radio. Most of the OFDM systems also employ a 
cyclic prefix (CP) which implies that the autocorrelelation is 
non-zero at delays of the useful symbol length – a property that 
can be exploited for SS [2]. Thus in this paper we focus on the 
problem of SS when the primary is using OFDM. Literature on 
SS is vast despite it being a relatively recent topic of research. 
We now briefly summarize the relevant recent work. 

A. Literature Survey 
For spectrum sensing, primarily three signal processing 

techniques are proposed in literature: Matched filter [3], En-

ergy Detection [3] and cyclo-stationary feature detection [4]. 
Matched filtering is optimal but requires detailed knowledge of 
primary signaling. When no such knowledge is available an 
Energy Detector is optimal [3]. Hence most of the literature is 
based on energy detection. However unlike for the matched-
filter and the cyclo-stationary detectors, it suffers from SNR 
wall problem in the presence of transmit power or receiver 
noise power uncertainties [3].  

Cooperative SS where the decisions of different secondaries 
are fused to obtain the final decision has been studied in [5] and 
[6].  It is shown that cooperation can help mitigate the effects 
of fading, shadowing and hidden node problem. Sequential 
detection techniques have been used in [7], [8], [9] and [10]. 
These have been shown to outperform the snapshot (fixed sam-
ples size) detectors often used in SS. 

SS in OFDM environment has been studied in [2], [11] and 
for OFDMA systems in [12]. In [11] CP correlation based 
snapshot and sequential detectors are studied. In [12] the effect 
of time and frequency offset on CP based snapshot detector is 
studied. In [13], the joint sensing and channel scheduling prob-
lem is addressed for OFDM-based CR systems.   

B. Our Contribution  
In this paper, we provide SS algorithms (for detecting spec-

tral holes in time) when the primary is using OFDM. As in 
recent work on SS in OFDM, we exploit the autocorrelation 
property in our SS algorithms. Also, we study how some of the 
common impairments in a secondary receiver ([14]), e.g., fre-
quency offset, timing offset, IQ-imbalance ([15]) and uncer-
tainty in the noise power and unknown channel gains affect the 
correlation statistics, and thus the performance of the CP-
detector. We propose techniques to modify the CP detector to 
mitigate some of the losses. These techniques are presented in 
the context of fixed sample-size detectors, but are extended to 
the sequential detection setup as well. Here, we are primarily 
interested in the sequential detection algorithms which are 
more efficient than fixed sample size (snapshot) detectors.  

To alleviate the shadowing and hidden node problem, we 
propose cooperative sequential SS algorithms.  In particular, 
we use DualCUSUM, a distributed, cooperative sequential-
detection algorithm developed in [16] for detection of the 
switching ON or OFF of a primary using OFDM based on the 
CP correlation feature of the OFDM signal. In [10] Dual-
CUSUM was shown to be an efficient SS algorithm for energy 
detectors. 

This paper is organized as follows. Section II describes the 
OFDM model. We also present our cooperative sequential de-
tection based setup. In Sec.III we study the effect of the im-



pairments on the snapshot CP-detector and present possible 
techniques to overcome the same. In Sec.IV we extend these 
techniques to the sequential change detection algorithms. Sec-
tion V concludes the paper. 

II. MODEL 

We consider a CR network which is sensing a primary us-
ing an OFDM system. The OFDM system of the primary con-
sists of dL  narrowband signals 110 ,....,, −dLDDD  carried by the 

subcarriers. We will assume that }1,{ ≥nDn  are independent 
identically distributed (i.i.d) with zero mean and finite vari-
ance. The OFDM symbol is obtained by passing the dL  signals 
through an inverse fast Fourier transform (IFFT). In addition, a 
cyclic prefix of length Lc is also appended to make the total 
OFDM symbol duration Ls = Ld + Lc. The inter-carrier spacing 
is denoted .f∆  
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By Central Limit Theorem (CLT), )(kS  is approximately 

Gaussian. Also as 0][ =nDE ,  0)]([ =kSE . The parameters 

fLL cd ∆,, are assumed to be known to the secondary sys-

tems. In (1) we observe that the symbols 
)1(),...,0( −cLSS are repeated as 

).1(),...,( −− scs LSLLS  Thus, if we correlate this se-

quence with a shift of dL , we will get a good correlation in 

case the primary is transmitting; otherwise not. CP correlators 
exploit this property in detecting the primary signal.   
 We consider a cognitive radio system with L  secondary 
users that sense a channel via CP-Detectors.  The observations 
made on the channel by these secondaries are processed and 
sent to a fusion center, which makes a decision on whether the 
channel is free or not. Then that decision is sent to all the sec-
ondary users for possible use of the channel. The secondary 
system has to detect when the primary starts transmission 
(OFF→ON) and when it stops (ON→OFF). In the following, 
we explain our setup for OFF→ON, but our algorithms work 
for ON→OFF also.  

        Let the primary start transmission at a random time T . 
Then at time k  the signal received by the thl   secondary is, 
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where )(lh  is the channel gain of the lth  user,  and ),( lkN  is 
observation noise at the lth user. We assume that the fading is 
frequency flat and remains constant during the interval of the 
observation (say, approximately, for a duration of ON/OFF 
period). Slow fading scenarios with primary staying ON and 

OFF for a few seconds will approximately satisfy this. This 
assumption is commonly made in literature [5], [8]. We also 
assume that }1),({ ≥kkS  and }1),({ ≥kkN  are i.i.d. sequences 
independent of each other and .T  Thus, the pre-change distri-
bution of ),( lkX  is ),0( 2

,lwcN σ , where cN  denotes the com-

plex-normal distribution and 2
,lwσ the noise power at node l. The 

post-change distribution of ),( lkX  is ),0( 2
,

2
, lslwcN σσ + where 

2
,lsσ  is the received power of the primary node at node l. The 

effect of different channel gains is absorbed into 2
,lsσ . 

The aim is to detect the change (at random time T ) at the 
fusion center as soon as possible at a time τ ( T≥ ) (i.e., to 

minimize ])[( +−TE τ , where +)(x  = x if 0≥x and 0 other-
wise) using the messages transmitted from the L  secondaries 
with an upper bound on probability of false alarm, 

ατ ≤<= )(   TPPFA . For this, each of the L nodes uses its ob-
servation ),( lkX  to generate a signal ),( lkY  and transmits to 
the fusion center. The data received at the fusion center is cor-
rupted by the Additive White Gaussian noise (AWGN) )(kZ  
at the receiver. The fusion center uses the observations 

),(, ... ,)1,( LkYkY  to decide between the two hypotheses 0H  
and 1H . If 0H  is chosen, the secondaries continue to use the 
channel in slot k and the SS session continues (they may use 
part of each slot for sensing and the rest for transmission). If 

1H  is detected, the secondaries typically switch over to an 
alternate channel. To transmit ),(, ... ,)1,( LkYkY  from the L  
secondaries to their fusion node, they need a Multiple Access 
Control (MAC) protocol. Time Division Multiple Access 
(TDMA) is the most commonly used protocol.  

We have developed (see [7], [16]) a robust cooperative al-
gorithm for SS in this scenario. We study this algorithm in the 
OFDM setup. We also modify it to take care of the various 
impairments commonly encountered in OFDM systems.  

III. CYCLIC PREFIX BASED DETECTOR 

In this section we explain the CP correlation based detector 
in the context of a single secondary node (thus subscript l will 
be omitted in the notation) and present how we mitigate the 
effects of different impairments and uncertainties. Also to sim-
plify the presentation, we will in this section ignore the sequen-
tial aspects of the detection problem and  consider only the 
snapshot detection: Given a number of observations X(1), …, 
X(MLS) from M slots of OFDM symbols, we want to detect if 

0H  or 1H  is true. We use the Neymon-Pearson (NP) method 
for detection. We compute the autocorrelation 
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where *X is the complex conjugate of X . The above detector 
assumes perfect OFDM symbol level synchronization and thus 
correlates only the exact set of samples which would be re-
peated in the CP under 1H . Using the CLT it can be shown [2] 



that ),0(~ 2
0σcNR under 0H  and ),(~ 2

1
2 σσ scNR   under 

1H , where cw ML42
0 σσ =  and csw ML))(( 2222

1 σσσ += . 

At low SNR (i.e., 22
ws σσ << ), 2

1
2
0 σσ ≈ . We work under this 

assumption, as we are interested in detection at low SNR.  

Since the post-change mean is real, under low SNR condi-
tions, detection is based on )(RrealRr =   as ),0(~ 2σNRr  

under 0H  and  ),(~ 22 σσ sr NR   under 1H , where  

cw ML42 σσ ≈ . The detection rule is of the form λ>rR  for 

declaration of 1H .  

Next, we discuss different impairments and possible tech-
niques to mitigate their effects.  

A. Timing offset 
Timing offset occurs because the cognitive receiver may 

not know where the OFDM symbol boundary starts in the re-
ceived set of samples. Thus, it may not know the exact set of 
samples to correlate in (3). If it correlates at an incorrect posi-
tion, 1under  0][ HRE ≈ . One possible way to take care of this 
is to correlate for the duration of the entire OFDM symbol: 
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Now sw ML2/42 σσ ≈  under either hypothesis. The post 

change mean under 1H  is 2
sµσ , where sc LL /=µ . Because 

of this, one can expect the performance to degrade. Using 
,64=dL 100,64/10,16 ==∆= MMHzfLc  and SNR = 

−10dB ( 2,20 22 == sw σσ ) we simulated this setup to show the 
effects of timing offset. We will use these parameters through-
out this paper. The unknown timing offset is chosen as 10. For 
different values of the probability of false alarm fap , the detec-

tion probability dp  is shown in Table 1. 

To regain some of the lost performance instead of correlat-
ing over the entire set of samples we can estimate the timing 
offsetθ by a maximum likelihood estimator (MLE) [14] as: 

          )}())(Re(max{argˆ
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Under low SNR, ω  is small. Also, for a large number of 

OFDM symbols, )()( 22
wscMLP σσθ +≈  under 1H  and 

2)( wcMLP σθ ≈  under 0H . Thus, )(θωP  does not affect the 

max operation in (5), and we use the simplified estimator 

))}(Re(max{argˆ θθ
θ

RML = .                                              (6) 

This estimator has the advantage of not requiring knowl-
edge of 2

sσ  and 2
wσ . Then we use the decision statistic: 
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instead of (3). Under 0H  and 1H , now rR  is no longer nor-
mally distributed, but the Gaussian distribution still provides a 
good fit: the empirical distribution of rR under either hypothe-
sis and the normal fit is shown in Figure 1. Thus we use this 
approximation for designing the detection threshold and per-
formance analysis. 

 

Figure 1: Empirical CDFs of rR  
However, as the variances under 0H  and 1H  are different, the 
optimal likelihood ratio is not a linear function of rR  and in-

volves knowledge of 2
sσ  at the CR, which is not desirable. 

Thus, we propose to continue to use tests of the form λ>rR  
which is sub-optimal in this case, and could be viewed as a non 
parametric test. The performance comparison is shown in Table 
1. One sees that we recover most of the lost performance due to 
timing offset.  

fap  
No Impairments (3) Correlating over 

entire symbol (4) 
Timing Offset 
estimate (7) 

0.05 0.9999 0.7921 0.9975 
0.025 0.9996 0.7010 0.9944 
0.01 0.9988 0.5770 0.9880 

Table 1: Effect of Timing Offset in dp  

B. Frequency offset 
Let us now consider the scenario when only a frequency 

offset is present (i.e., the timing offset is assumed to be 
known). Let the frequency offset (between the cognitive re-
ceiver and the primary transmitter) be denoted by ϕ , normal-
ized with respect to the carrier spacing f∆ . The received signal 
can be written as )()/2exp()()( kNLkjkSkX d += πϕ . 

Under 1H , ),(~ 2
1

22 σσ πϕj
sc eNR − . If the receiver is not aware 

of the frequency offset, then post change 
)),2cos((~ 22 σπϕσ sr NR , degrading the performance. (see 

Table 2, for .1.0=ϕ ) To mitigate this effect, we estimate the 
frequency offset ϕ  via MLE MLϕ̂  when the likelihood ratio is  



2
1

2 ))2sin()2cos((2 σπϕπϕσ Irs RR + .                   (8) 

It can be shown that πϕ 2/ˆ RML −∠= , and we use this estimate 

in the NP test. Thus the optimal test becomes λ′>2|| R .  Under 

0H , 2|| R  has an exponential distribution, and under 1H , it has 
a non-central chi-square distribution. The performance is 
shown in Table 2 via simulations for the parameters used in 
Section III-A. When both timing and frequency offset are pre-
sent, one can estimate these in two stages as  

)ˆ(
2
1ˆ|};)(|max{argˆ

MLMLML RR θ
π

ϕθθ
θ

∠−== .             (9) 

We will use it in the following when we consider all impair-
ments together. 

C. IQ-Imbalance 
IQ-imbalance occurs due to non-ideal front end components 

in the receiver ([15]) resulting in the amplitude and phase im-
balance in the inphase (I) and quadrature (Q) components of 
the signal. In the presence of IQ-imbalance the actual received 
signal is written as 

)()()( * kYkYkX βα +=  
where ),()()( kNkSkY += );sin()cos( φεφα ∆+∆= j

)sin()cos( φφεβ ∆−∆= j  and ε  and φ∆  are the amplitude 
and phase imbalance parameters respectively. It can be shown 
that in the presence of IQ-imbalance, 

 ),0(~ 2
IQr NR σ                   under 0H ,                          (10)            

 ),)1((~ 222
IQsr NR σσε+   under 1H  

where cwIQ MLC 2)||4)1(( 2
1

2242 ++≈ εσσ under low 

SNR conditions and *
1 αβ=C . The detector performance is 

shown in Table 2 for 2.0;10 ==∆ εφ o (and the other parame-
ters as in Section III-A). We see that the performance of the 
detector degrades slightly even when the knowledge of imbal-
ance parameters are assumed but not compensated for. How-
ever, we can further improve performance by compensating for 
it. We use the algorithm in [15] to compensate for IQ-
Imbalance before starting the CP-detector. The imbalance pa-
rameters are estimated and corrected for as follows. Let 
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Assuming the phase imbalance ]4/,4/[ ππ−∈ , it is esti-
mated and corrected as, 

.2)2(sinˆ,))()((/)()( 1

1

22

1

δφδ −

==

=∆+−= ∑∑
xx MT

i
ir

MT

i
ir iXiXiXiX  

Then, instead of using the observations )(kX , we use )(kX ′  
with real and imaginary components 
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for the CP detector. The performance of the detector with the 
above estimator is shown in Table 2. We see almost no per-
formance loss. From these results, we see that performance loss 
due to IQ imbalance could be ignored. However, we have 
found that it does cause non-negligible degradation when there 
are other impairments mentioned above. Then the improvement 
resulting from (11), (12) can be more significant. 

fap  
Frequency 

Offset with-
out compen-

sation 

Frequency 
Offset with 
compensa-

tion (9) 

IQ-Imbal., 
No com-
pensation 

(10) 

IQ-Imbal., with 
compensation 

(11, 12) 

0.05 0.9965 0.9989 0.9991 0.9999 
0.025 0.9913 0.9975 0.9977 0.9996 
0.01 0.9794 0.9939 0.9937 0.9988 

Table 2: dp  under Frequency Offset and IQ-Imbalance 

D. Noise/Transmit power uncertainty  
In cognitive radio setting, often the receiver noise power 

2
wσ  and the received signal power 2

sσ , may not be exactly 
known to the cognitive radio [3]. We address the detection 
problem under these uncertainties. Under noise uncertainty, 
since the variance of rR is dependent on the noise power, the 
detection threshold cannot be set independently of it. Thus, the 
noise power is estimated as 

s

ML

i
w MLiXiXX

s

/)()()var(ˆ
1

*2 ∑
=

≈=σ , and this is used to set the 

threshold λ  to achieve desired fap . This causes a minor per-

formance loss, as under H1 the threshold will be slightly higher 
as ssw MLX 222 )()var( σσ +≈ . But, as can be seen from 
Table 3, the performance degradation is negligible. Also, we 
have been using tests of the form λ>rR  or λ>|| rR  (partly 
motivated by the constraints of the present section), the statis-
tics of which does not depend upon 2

sσ  under 0H , knowledge 
of receive signal power is not necessary to set the threshold λ  
to achieve the desired fap . 

E. All impairments 
In this section, we simulate the performance of the fixed 

sample size CP-detector when all impairments are present. 
First, the detector estimates and compensates for IQ imbalance 
using (12) and (13). Then, the variance of the received signal is 
estimated to set the threshold. Next, the optimal timing and 
frequency offsets are estimated using (9) and the test is of the 
form .|| λ>R  The performance is shown in Table 3, under the 
impairments and data statistic given in this section. We see that 
our estimation schemes recover most of the losses.  

For reference, we also compare with the detector in (4) in 
the presence of IQ-imbalance, frequency offset and noise un-



certainty. Noise uncertainty for this detector is taken care as in 
III.D (i.e., estimating the noise variance to adjust the threshold) 
as this is necessary to set the threshold. It takes care of timing 
offset by correlating over the entire OFDM symbol duration, 
but the detector is unaware of frequency offset and IQ imbal-
ance. Thus, even by partially compensating for the impair-
ments, the performance can be very bad. However, from the 
last column in Table 3, we see that using our methods, most of 
the losses can be recovered.    

Motivated by these results, we mitigate the effects of these 
impairments in DualCUSUM in the next section using similar 
techniques.  

fap  
Noise 
power 

estimation 

All Impair. ((4) 
with noise power 

estimation ) 

All Impair-
ments with all 
compensation 

0.05 0.9999 0.5122 0.9712 
0.025 0.9995 0.3908 0.9556 
0.01 0.9976 0.2614 0.9300 

Table 3: dp  under noise uncertainty and all impairments 

IV. COOPERATIVE SEQUENTIAL SENSING OF 
OFDM 

In this section, we apply cooperative sequential detection 
algorithms developed in [7], [10], [16] for sensing in the 
OFDM setup of Sec.II. Interested readers are referred to [7], 
[10], [16] for a more detailed introduction and its advantages 
(which we skip here due to lack of space). We study the per-
formance of the cooperative algorithms with different levels of 
uncertainty. We also show the benefits of sequential detection 
algorithms vis-à-vis snapshot detection. 

DualCUSUM uses the well known CUSUM algorithm [17] 
at the cognitive receivers as well as at the fusion node for de-
tection of change (ON→OFF and OFF→ON for the primary). 
CUSUM is known to be optimal in different scenarios and uses 
log likelihood ratio (LLR). Consequently DualCUSUM has 
also been shown to perform very well [10], [16]. In the follow-
ing we use DualCUSUM in our present scenario and use the 
estimation schemes discussed in Sec.III (suitably modified) to 
overcome the effects of different impairments.  

A. Dual CUSUM with no impairments 
We consider the ideal scenario where there are none of the 

impairments mentioned in Sec.III. Correlation is performed 
only over a length of samples corresponding to the cyclic pre-
fix. Since all the parameters, including noise and received pri-
mary power are known, one can apply the DualCUSUM [16] 
as explained briefly below. Each node l computes the LLR 

lj ,ξ  of ),( ljRr  in each slot j of sL samples as 
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and calculates the CUSUM .)( ,,1,
+

− += ljljlj WW ξ  If the 
CUSUM crosses a threshold γ , it transmits a message 

}{, ,
1 γ>=

ljWlj bY  to the fusion node (i.e., it sends a ‘1’ with am-

plitude b ). The fusion center receives jY  in slot j  where, 

., j
l

ljj ZYY +=∑ (Physical layer fusion is assumed at fusion 

node, which receives the information in presence of AWGN 
noise ),0(~ 2

Mj NZ σ ). The fusion node also runs CUSUM 

based on its input jY  by using the LLR jζ  as follows: 

( )  ;)2()(2 22
j Mj bIbIY σζ −= };,0max{ j1 ζ+= −kk FF       (14) 

and finally declares change at τ if kF  exceeds a threshold β , 
i.e., }:inf{ βτ >= kFk .     
 The parameters Ib,,,βγ  affect the performance of the 
algorithm and the techniques developed in [16] can be used to 
optimize these parameters.  

B. DualCUSUM when timing offset is unknown 
For the timing offset case, the decision statistic used at each 

node is as follows. As the timing offset is unknown, we cannot 
use the detector in (3). Also, the timing offset estimator of (7) 
is not preferred, as under low SNR conditions, to minimize the 
estimation error, we need a large number of OFDM symbols 
[14]. In the sequential setup we can improve over (7) by using 
an iterative estimator.  

Thus we propose the following. Each node runs Ls  
CUSUMs for each possible timing offset of the primary. In 
each slot  j, each node  l computes  

.1   ;max
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        Since none of the impairments at the secondary nodes has 
any effect at the statistics of observations at the fusion node 
(we assume that the cognitive network knows its channel gains 
and has a better control over its system. This is a commonly 
made assumption in CR), the DualCUSUM at the fusion node 
remains unchanged. Also, for optimal implementation, in slot 
1 , each node initially captures  Ls + Ld  samples. From then 
onwards in each slot j each node captures only Ls samples and 
uses the last Ld samples from slot 1−j  to calculate Rr (j,l,m). It 
can be shown that Rr (j-1,l,m)  and Rr (j,l,m) remain uncorre-
lated. This can be roughly explained as any sample in these Ld 
samples will be correlated with some sample in slot 1−j  or 
slot j , but not both. 

C. GLR-CUSUM when timing offset, frequency offset and 
primary power are  unknown 

 Now we assume that 2
,lsσ  is unknown. Additionally timing 

and frequency offset could also be present. Thus we cannot use 

rR and need to useR instead. It is easy to see that when fre-
quency offset is present, post change, 



)2/),2cos((~ 42
, cwlsr LNR σπϕσ and )2/),2sin((~ 42

, cwlsi LNR σπϕσ . 
As we now have a composite post change hypothesis we use 
the Generalized Likelihood Ratio (GLR)-CUSUM algorithm 
[7]. Under these conditions, the GLR test is 
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The rest of the steps at each secondary node are same as in (15) 
and at the fusion node, the DualCUSUM remains unchanged. 

D. GLR-CUSUM when all impairments are present 
We assume all the above mentioned impairments (includ-

ing IQ imbalance) could be present and 2
wσ  and 2

sσ  remain 
unknown to the secondary node. While we can extend the GLR 
test to cover this scenario as well, we have found via simula-
tions that it is better to first compensate for the IQ-imbalance in 
each slot using (11) and (12). Then we estimate the noise 

power as 
s

j

p

L

k
sljw jLlkLpX

s

/),)1((ˆ
1 1

22
,, ∑∑

= =

+−=σ . This ap-

proximation is valid under low SNR assumptions. Now, since 
the IQ imbalance can be assumed to have been corrected and 

we have an estimate of noise power 2
,,ˆ ljwσ , we can use the 

setup of Sec.IV.C for the other impairments (timing offset, 
frequency offset and received primary power). Thus each node 
does the same steps as in Sec.IV.C using the estimated noise 

power in slot j , .ˆ 2
,, ljwσ  

E. Performance comparison 
We compare the performance of the above algorithms in 

Table 4. There are 5 nodes. The SNR at each node is −10dB. 
The change time T (in units of OFDM symbols) is geometric 
with parameter .004.0=ρ  Rest of the parameters are as in 
Section III-A.  

For comparison purposes, we have also simulated a coop-
erative snapshot detector which captures 50=M  OFDM sym-
bols of data and detects the signal in the presence of all im-
pairments and compensating for the same using the steps in 
Sec. III.E. Each node sends a 1  or 0  according to whether 1H  
or 0H  is chosen. The fusion center uses the AND rule to de-
cide between 1H  or 0H  as the AND rule works the best in the 
present setup. For the snapshot detector, we assume that fusion 
node has no noise (so that the fusion node knows how many 
secondaries have sent 1). For different values of FAP , Expected 
Detection Delay (EDD) in units of OFDM symbols is shown in 
Table 4. 

PFA (IV.A) (IV.B) (IV.C) (IV.D) Snapshot 
0.1 10.15 18.27 24.71 28.15 64.16 

0.075 11.43 19.82 28.07 31.01 67.46 
0.05 12.6 22.09 31.42 34.95 72.35 

Table 4: Cooperative spectrum sensing algorithms 

We see that as the amount of uncertainty increases the per-
formance degrades. Also from the last two columns we see that 
the sequential setup provides significant performance gains 
over the snapshot detector.   

V. CONCLUSIONS 

We have considered the problem of spectrum sensing of 
OFDM signals using cyclic prefix. We have analyzed the effect 
of some common impairments like timing and frequency offset, 
IQ-imbalance and transmit/noise power uncertainty and pre-
sented techniques to modify the CP-detector to work under 
these impairments. We have also proposed cooperative CP 
detection based algorithms and overcome the effects of these 
impairments. Future work involves analyzing behavior of CP-
detector under multipath frequency selective fading.  
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