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Suppressing the Effects of Aliasing and IQ Imbalance
on Multiband Spectrum Sensing

Eyosias Yoseph Imana, Taeyoung Yang, Senior Member, IEEE, and Jeffrey H. Reed, Fellow, IEEE

Abstract—In cognitive radio networks, secondary users (SUs)
can use a frequency band when the primary user (PU) of the band
is not transmitting. Spectrum sensing is one of the methods that
SUs employ to know if the PU has stopped transmitting. Accurate
spectrum sensing boosts the likelihood that an SU detects a spec-
trum opportunity. However, it will be challenging for affordable
receivers to support accurate spectrum sensing due to receiver
impairments, including IQ imbalance and aliasing. Several other
papers have developed methods that can address the effects of IQ
imbalance in spectrum sensing. This paper presents a technique
that can address not only IQ imbalance but the effects of alias-
ing on multiband spectrum sensing as well. We use channelized
spectrum-domain modeling of receivers to develop the technique.
This paper presents the theoretical development of the receiver
modeling technique and the proposed spectrum sensing mecha-
nism. The performance of the proposed mechanism is evaluated
using simulations and hardware-based measurements. The results
demonstrate that the proposed mechanism significantly enhances
the opportunity detection probability of affordable cognitive ra-
dios with high IQ imbalance and poor antialiasing filter selectivity
performances.

Index Terms—Cognitive radio, radio frequency (RF) impair-
ments, spectrum sensing.

I. INTRODUCTION

THE popularity of mobile devices, including smartphones
and tablets, has lead to an exponential increase in the

demand for wireless services [1]. However, the increase in
demand was not matched by an increase in availability of
an electromagnetic spectrum for commercial wireless systems.
This resulted in what the Federal Communications Corpora-
tion calls “spectrum deficit” [2]. Operational frequency could
be increased to address the spectrum deficit, but there are
fundamental challenges including high propagation loss and
shadowing issues [3]. Alternatively, cognitive radio (CR) tech-
nology can address the spectrum deficit problem by allowing
shared use of the spectrum [4], [5]. In CR networks, secondary
users (SUs) can operate in a shared frequency band if the
primary user (PU) is not active. CR technology is contrary to
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the traditional fixed-frequency allocation scheme that results in
spectrum underutilization [6]–[8].

In this paper, the term CR refers to the SUs in spectrum-
sharing-based networks. CRs may use a spectrum sensing
technique to determine whether the PU is operational (i.e., trans-
mitting signals). Simple techniques, such as energy detection,
and more sophisticated techniques, such as cyclostationary-
feature-based detection, are used in spectrum sensing [9]. A CR
carries out multiband spectrum sensing if more than one band
is available for opportunistic access [10].

Designing a multiband spectrum sensor using an afford-
able receiver is challenging. The speed of the employed
analog-to-digital converters (ADCs) may not be fast enough
to support Nyquist-sampling-based sensing (Nyquist sensing)
[11]. To reduce the sampling rate requirement, compressive-
sampling-based sensing (compressive sensing) can be em-
ployed [10], [12]–[14]. Compressive sensing allows sampling
at sub-Nyquist rates by leveraging sparsity in spectrum occu-
pancy. However, the sparsity assumption makes compressive
sensing impractical for sensing a densely or moderately occu-
pied spectrum.

A more practical, and commonly used, approach for af-
fordable sensing receivers is hereby called swept-multiband
spectrum sensing (S-MSS) [10], [11]. In S-MSS, only a smaller
section in the spectrum is measured at a time, and the overall
spectrum is sensed by sweeping through different sections by
tuning the local oscillator (LO) of the sensing receiver. For
example, if the span of the shared spectrum is 150 MHz, the
CR can sense only a 15-MHz radio frequency (RF) spectrum at
a time by using an ADC that is sampling at 15 MSa/s. Hence,
the CR has to take ten sensing episodes to sense the entire
150-MHz band.

However, such type of sensing easily suffers from aliasing
[15]. Strong signals alias into adjacent sensing sections and
cause unoccupied bands to appear as occupied. In the same
manner, IQ imbalance [16] creates image signals that can distort
the spectrum sensing data and inhibit the CR from exploiting a
spectrum opportunity [17]–[21]. This leads to inefficiency of
spectrum utilization.

There have been a few works studying the effects of re-
ceiver impairments. Verlant-Chenet et al. studied the impacts
of IQ imbalance and sampling clock offset on both single-band
energy detection and single-band cyclostationary-feature-based
sensing but did not discuss any mitigation schemes [19]. More
recently, Gokceoglu et al. developed a scheme that eliminates
the effects of IQ imbalance on multiband energy-detection-
based spectrum sensing [20], [22]. Grimm et al. presented an
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analysis and digital mitigation of IQ imbalance and nonlinearity
distortions on multiband spectrum sensing [18].

The effect of aliasing on wideband spectrum sensing has
not received enough research attention. Compressive-sensing-
related works can address aliasing. However, such techniques
are applicable only in a sparsely occupied spectrum [11].

This work develops a new spectrum sensing mechanism that
can jointly address the effects of IQ imbalance and aliasing
in practical CRs, without the assumption of sparse spectrum
occupancy.

The contributions of this paper are outlined as follows.

• In this paper, we present the design and implementation of
robust S-MSS (RS-MSS) to jointly minimize the effects
of IQ imbalance and aliasing in spectrum sensing using
affordable receiver RF front-ends. Affordable receiver RF
front-ends are expected to have high IQ imbalance and
poor antialiasing filter selectivity performances.

• This paper also shows the spectrum sensing application of
channelized spectrum representation (CSR) of receivers.
We have recently proposed and used this new model to
design a receiver mechanism that controls the sampling
and LO frequencies of flexible RF front-ends [23]. In
this paper, the CSR model is used to design a multiband
spectrum sensing mechanism.

This paper is organized as follows. Section II details system
modeling including the construction of the CSR of receivers.
Section III presents the proposed spectrum sensing mechanism.
Section IV analyzes the proposed mechanism using simula-
tions. Section V details the setup and outcome of the hardware-
based validation experiment. Section VI concludes this paper.

II. SYSTEM MODEL

Our previous paper [23] describes and uses the CSR receiver
modeling technique as it pertains to intelligent receiver control
design. However, the details of the model’s theoretical devel-
opment were not presented. Here, we thoroughly describe the
model using analysis and examples. We also show the relevance
of the model in spectrum sensing.

A. Receiver Architecture

We assume a direct-conversion-type receiver [16] that is
shown in Fig. 1. The passbands of the antenna and the prese-
lector filter encompass all the opportunistic access bands. After
the preselector filter, the received signal passes through a low-
noise amplifier (LNA). The LNA is assumed to be ideally linear.
Because of this assumption, the techniques developed in this
paper are applicable only when total receive power is below the
1-dB compression point of the receiver. The output of the LNA
is downconverted using quadrature mixers.

Ideally, the two branches of the quadrature mixer are per-
fectly balanced in both amplitude and phase such that mirrored
(image) signals would be completely rejected. However, the
two branches will always have some level of mismatch [16],
[24]. This mismatch is commonly referred to as IQ imbalance.
The mismatch leads to finite image rejection that ranges be-
tween 25 and 60 dB in typical direct-conversion receivers.

Fig. 1. Sensing RF front-end.

After the downconversion, the baseband signal is passed
through antialiasing filters before it is sampled by ADCs and
reaches the digital signal processor (DSP). Ideally, the antialias-
ing filter is brick walled, and it rejects all signals outside the
first Nyquist zone. However, practical filters never have infinite
rejection in their stopband; thus, some level of aliasing will
always occur.

The effects of IQ imbalance and imperfect antialiasing filter
are shown in Fig. 2. The figure shows how downconversion and
sampling reshuffle the energies of RF signals (and their mirrors)
in the frequency domain.

The original RF signal at the top of Fig. 2 contains three
active signals and their mirrors. Ideally, the downconversion
mixer shifts the positive-frequency signals to the baseband
and eliminates their mirrors. However, attenuated and mirrored
versions of the signals also appear at the baseband due to IQ
imbalance.

In addition, it can be seen that the strongest RF signal
and its mirror map to a baseband frequency outside the first
Nyquist zone (from −Fs/2 to Fs/2) of the ADC. Ideally,
these signals would be perfectly rejected by the antialiasing
filter. In a nonideal receiver, however, the finite rejection at the
antialiasing filter’s stopband allows the folding of strong signals
from higher-order Nyquist zones into the first Nyquist zone.

Spectrum sensing systems can measure the energy content
of the signal only at the digital baseband. However, the goal of
spectrum sensing is to determine the state of the spectrum at
the receiver input. However, the energy content at the digital
baseband of a nonideal receiver may not reflect the state of the
spectrum (frequency and power level of signals) at the receiver
input. In Fig. 2, the state of a sparsely occupied RF spectrum
appears to be fully occupied at the digital baseband. This paper
develops a mechanism that can estimate the actual state of the
spectrum by cleaning the contributions of receiver impairments
from sensing data obtained at the digital baseband.

B. Signal Model

We use CSR of signals. This representation subdivides a
signal into multiple equal-bandwidth subbands. The overall
signal x(t) is the sum of the signals contained within each
subband, i.e.,

x(t) =
∞∑

i=−∞
x̃i(t) (1)

x̃i(t) =x(t) ∗ �−1

{∏(
f − fi
Δ

)}
(2)
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Fig. 2. Comparison of ideal and nonideal direct conversion receivers. Spectrum sensing systems measure the energy content of the signal only at the digital
baseband. However, the energy content at the digital baseband of a nonideal receiver does not reflect the actual state of the spectrum.

where x̃i(t) is the signal contained in the ith subband, Δ is the
bandwidth of each subband, fi is the center frequency of the ith
subband, and i is an integer. The operators ∗ and �−1 represent
convolution and inverse Fourier transform, respectively. The
frequency-domain function

∏
(·) denotes an ideal brick-walled

filter centered at fi with bandwidth Δ.
The average power contained in the ith subband is com-

puted as

px[i] = E
{
|xi(t)|2

}
(3)

where E is an expectation operator. Finally, the CSR of x(t) is
given by an infinite-length vector, i.e.,

Px = [. . . , px [i− 1] , px[i], px[i+ 1], . . .]T . (4)

CSR can be computed for any signal that is obtained at
different stages of the receiver. For example, CSR can be
computed for the input RF signal, the output of the mixer, the
output of the antialiasing filter, and the output of the ADC. The
CSR model can also be defined for receiver elements such as a
mixer, a filter, or an ADC. The CSR model of an RF front-end
element is the matrix that transforms the input CSR vector into
the output CSR vector of the element.

The following sections construct the CSR models of the
mixer, the antialiasing filter, and the ADC. Finally, the CSR
model of the overall receiver is derived.

C. Quadrature Downconversion Mixer

A block diagram of a quadrature downconversion mixer is
shown in Fig. 3. The mixer downconverts a real-valued input

Fig. 3. Model of the quadrature mixer.

signal w(t) into a complex-valued output signal v(t). The mixer
uses a periodic signal with frequency fLO to downconvertw(t)
into v(t).

In this paper, assume fLO is a natural number multiple of the
subband bandwidth, i.e., Δ. Thus, fLO = lΔ for l = 1, 2, . . .,
and typically, l � 0.

The time-domain model of a quadrature mixer can be
written as

v(t)=w(t) cos(2πlΔt)+ j(1+ α)ejφw(t) sin(2πlΔt). (5)

By setting Δ larger than the bandwidth of the signals in
the spectrum of interest, one can fairly assume that signals
in different subbands originate from different sources and are
uncorrelated to each other. Then, using (1)–(3), it can be shown
that (see Appendix A for a detailed proof)

pv[i] = pw [l+ i] + βl−ipw [l − i] (6)



IMANA et al.: SUPPRESSING THE EFFECTS OF ALIASING AND IQ IMBALANCE ON SPECTRUM SENSING 1077

Fig. 4. Sample quadrature mixer for downconversion.

where β is the image rejection ratio (IRR). Note that the IRR
can be frequency dependent (i.e., β, α, and φ are not necessarily
constant with respect to frequency).

The preselector filter shown in Fig. 1 limits the reception
bandwidth of the received signal. Hence, it is reasonable to
assume finite-length CSR vectors. For example, the number of
subbands in the CSR of the mixer input can be computed as
the ratio of the reception bandwidth of the preselector filter to
the subband bandwidth. In addition, it is sufficient to consider
only positive-frequency subbands of an RF signal because it is
real valued (i.e., the spectrum is symmetric). At the baseband,
however, both negative and positive frequencies are considered
because the signal is complex valued.

Then, (4) is modified by letting Pw = [pw[1], pw[2], . . . ,
pw[N ]]T , where N is the number of RF subbands (in positive
frequency). The number of baseband subbands will also be
equal to N . Accordingly, Pv = [pv[1], pv[2], . . . , pv[N ]]T .

Example: Assume the RF signal contains four subbands and
the LO frequency is at the middle of the reception bandwidth,
as shown in Fig. 4.

The average power values in the RF subbands are given by
S1, S2, S3, and S4. Similarly, the average power values in
baseband subbands are given by R1, R2, R3, and R4. From
(6), R1 = S1 + βaS4, R2 = S2 + βbS3, R3 = S3 + βcS2, and
R4 = S4 + βdS1. This can be written in matrix form as⎡

⎢⎢⎣
R1

R2

R3

R4

⎤
⎥⎥⎦ =

⎡
⎢⎢⎣

1 0 0 βa

0 1 βb 0
0 βc 1 0
βd 0 0 1

⎤
⎥⎥⎦
⎡
⎢⎢⎣
S1

S2

S3

S4

⎤
⎥⎥⎦ . (7)

Hence, the CSR model of the quadrature mixer in Fig. 4 is
given by the following matrix:

Amix =

⎡
⎢⎢⎣

1 0 0 βa

0 1 βb 0
0 βc 1 0
βd 0 0 1

⎤
⎥⎥⎦ . (8)

Note that the elements of Amix are a function of the LO fre-
quency. For this reason, the matrix is referred to as Amix(fLO)
in this paper.

D. Baseband Filter

As shown in Fig. 5, the input of a complex baseband filter is a
complex-valued signal v(t), and the output is a complex-valued
signal z(t).

The time-domain characteristics of a complex filter are
given by

z(t) = v(t) ∗ h(t) (9)

Fig. 5. Model of a quadrature (complex) baseband filter. One real filter is used
on each quadrature path.

Fig. 6. Sample quadrature baseband filtering.

where h(t) is the impulse response of the filter. Approximating
the frequency response of the baseband filter in the ith subband
by the response at the center of the subband, the CSR model of
the baseband filter becomes

pz[i] ≈ pv[i]|Hi|2 (10)

where Hi is the response at the center of the ith subband.
Example: Assume the input of the baseband filter contains

four subbands. The frequency response of the filter at the center
of each subband is given by H1, H2, H3, and H4, respectively.
As shown in Fig. 6, the average power values in the input
subbands are given by S1, S2, S3, and S4. Similarly, the average
power values in the output subbands are given by R1, R2, R3,
and R4.

From (10), R1 = S1|H1|2, R2 = S2|H2|2, R3 = S3|H3|2,
and R4 = S4|H4|2. This can be written in matrix form as⎡
⎢⎢⎣
R1

R2

R3

R4

⎤
⎥⎥⎦=

⎡
⎢⎢⎣
|H1|2 0 0 0

0 |H2|2 0 0
0 0 |H3|2 0
0 0 0 |H4|2

⎤
⎥⎥⎦
⎡
⎢⎢⎣
S1

S2

S3

S4

⎤
⎥⎥⎦ . (11)

Hence, the CSR model of the quadrature filter is given by the
following matrix:

Afil =

⎡
⎢⎢⎣
|H1|2 0 0 0

0 |H2|2 0 0
0 0 |H3|2 0
0 0 0 |H4|2

⎤
⎥⎥⎦ . (12)

E. Analog-to-Digital Converter

A quadrature ADC is assumed in this paper. The block
diagram of this ADC is shown in Fig. 7.

The time-domain model of the ADC is

d[n] = z(t)|t= n
fs

(13)

where fs is the sampling rate. In this paper, the subband
bandwidth (Δ) evenly divides the sampling rate, i.e., fs = sΔ
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Fig. 7. Model of an ADC.

Fig. 8. Sample ADC sampling.

for s = 1, 2, . . .. Note that s represents the number of subbands
in the first Nyquist zone.

Using (1)–(3) and assuming that the signals contained in
different subbands are independent of each other, it can be
shown that (see Appendix B for detailed proof)

pd[i] = (sΔ)2
∞∑

k=−∞
pz [i− ks]. (14)

Example: As shown in Fig. 8, assume that the input of the
ADC contains six active subbands and that the output contains
only two subbands (i.e., s = 2).

The average power in the input subbands is given by S1, S2,
S3, S4, S5, and S6. Similarly, the average power in the output
subbands is given by R1 and R2. From (14), R1 = S1 + S3 +
S5, and R2 = S2 + S4 + S6. In matrix form, we have

[
R1

R2

]
=

[
1 0 1 0 1 0
0 1 0 1 0 1

]
⎡
⎢⎢⎢⎢⎢⎢⎣

S1

S2

S3

S4

S5

S6

⎤
⎥⎥⎥⎥⎥⎥⎦
. (15)

Hence, the CSR model of the ADC in Fig. 8 is found as

AADC =

[
1 0 1 0 1 0
0 1 0 1 0 1

]
. (16)

Note that the elements of AADC and its dimensions are a
function of the sampling rate. For this reason, the matrix is
referred to as AADC(fs).

F. Receiver

The matrix models of the mixer, the baseband filter, and the
ADC can be multiplied as shown in (17) to obtain the CSR
model of the receiver between the preselector filter and the DSP.
That is

A (fLO, fs) = AADC (fs)AfilAmix (fLO) (17)

where A(fLO, fs) is the channelized spectrum (CS) transform
of the receiver.

The CS transform of the receiver transforms the CSR of the
mixer input into the CSR of the ADC output, which gives

P d (fLO, fs) = A (fLO, fs)Pw + V (fLO, fs) (18)

where vector V accounts for the power of internally generated
signals, such as additive noise and spurs. In this paper, vector
V is referred to as the zero-input CS response of the receiver.
Vectors Pd and Pw are the CSR of the mixer input and the
ADC output, respectively.

G. Swept-Multiband Spectrum Sensing

An S-MSS-based CR senses only a section in the spectrum at
a time and steps through multiple sections by changing its LO
frequency [10]. The state of the spectrum is assumed to stay
constant during one S-MSS measurement cycle.

Consider a spectrum containing N active subbands. Then, an
Nst step S-MSS can be formulated in the CSR domain as⎡
⎢⎢⎢⎣
P d (fLO,1, fs)
P d (fLO,2, fs)

...
P d (fLO,Nst

, fs)

⎤
⎥⎥⎥⎦=

⎡
⎢⎢⎢⎣
A (fLO,1, fs)
A (fLO,2, fs)

...
A (fLO,Nst

, fs)

⎤
⎥⎥⎥⎦Pw+

⎡
⎢⎢⎢⎣
V (fLO,1, fs)
V (fLO,2, fs)

...
V (fLO,Nst

, fs)

⎤
⎥⎥⎥⎦.

(19)

Note that the sampling rate is assumed to be the same for
all sensing sections. Consider that Ă is an sNst ×N matrix
formed by concatenating the A matrix corresponding to dif-
ferent LO frequencies. This matrix is referred to as the multi-
LO-CS transform of the receiver. Similarly, P̆ d and V̆ are both
sNst × 1 vectors formed by concatenating P d and V , respec-
tively. Vector V̆ is referred to as the multi-LO-zero-input CS
response of the receiver. Accordingly, (19) can be rewritten as

P̆ d = ĂPw + V̆ . (20)

The CSR model in (20) is a compact way to track how energy
is redistributed as signal propagates through a nonideal receiver.
The model also captures the downconversion and sampling
processes in receivers using a succinct linear model. This model
is used to develop an accurate multiband spectrum sensing
mechanism in this paper.

H. Sensing Performance Metric

Two metrics are commonly used to measure the performance
of spectrum sensing systems. These are probability of PU-
presence detection and rate of false alarm [10]. This paper
uses another metric called probability of opportunity detection.
Probability of opportunity detection (qOD) relates to the rate
of false alarm (qFA) as qOD = 1−qFA, and it refers to the
probability of detecting the absence of a PU.

From the PU perspective, it is desirable that CRs have
higher probability of PU-presence detection to minimize the
interference on the PU. From the CR perspective, however, it
is desirable to have high probability of opportunity detection
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to maximize the throughput of the CRs. Because IQ imbalance
and aliasing only cause the spectrum to appear more crowded
than it truly is, they would not affect the PU-presence detection
performance. However, we show that the opportunity detection
performance of CRs significantly degrades due to IQ imbalance
and aliasing. For this reason, we focus on investigating the op-
portunity detection performance of the developed mechanism
in this paper.

III. ROBUST SWEPT-MULTIBAND SPECTRUM SENSING

A. Concept

The objective of energy-measurement-based multiband spec-
trum sensing is to estimate the CSR of a receiver input. How-
ever, the DSP that carries out the computation of spectrum
sensing can measure the CSR of the ADC output only. In
practical radio receivers, however, the CSR of the ADC output
may not be an accurate depiction of the CSR of the receiver
input due to radio imperfections (see Fig. 2).

As previously discussed, IQ imbalance and aliasing reshuffle
the signal energies inside the receiver. The model given in (20)
easily captures how energy is redistributed inside the receiver.
Given the state of the spectrum at the ADC output and the
reverse of the receiver’s CSR model, one can estimate the state
of the spectrum at the receiver input.

In other words, one can estimate for Pw in (20) given P d

and prior knowledge of A and V .
The following section briefs how the CSR of the ADC output

is measured and outlines the statistical properties of the mea-
surement. Then, the following section presents the theoretical
design of the proposed sensing mechanism.

B. Measuring Channelized Spectrum Representation of the
ADC Output

Either digital filter banks or fast Fourier transform (FFT) with
windowing can be used to measure CSR [25]. In this paper, we
use FFT with the Blackman window to measure the CSR of the
ADC output. The Blackman window is selected because it has
sidelobe levels lower than most other windowing functions [15].
Because of its low sidelobe levels, the Blackman window has
a relatively wider main lobe and introduces leakage between
adjacent subbands if the size of the window is too small.

The width of the main lobe for a Blackman window is
approximated by 12π/NFFT , where NFFT is the size of the
window (or the size of the FFT) [15]. The size of the window
should be large enough to constrain the main lobe within
the subband bandwidth. This minimizes the leakage between
adjacent subbands during CSR measurements. That is

12π
NFFT

<
Δ

fs
=

1
s

(21)

where s is the number of subbands in the first Nyquist zone.
Hence, to satisfy the condition in (21), NFFT should be greater
than 12πs.

Accordingly, multiple FFT samples fall within one subband.
The average power in the subband is estimated by averaging
across both frequency and time. First, the magnitude squares
of all the FFT samples within a subband are averaged. Then,
time-domain averaging is carried out across multiple FFT peri-
odograms of the signal [15].

C. Estimator Design

This section presents an approximately maximum-likelihood
estimator for the CSR of the receiver input. The estimator
manipulates the CSR of the ADC output to obtain the estimate
of the receiver input. FFT periodograms are used to measure the
CSR of the ADC output.

Measurement error is inevitable in CSR measurement of the
ADC output [15]. Hence, using (20), the measured CSR of the
ADC output can be given by

P̆ d,m = ĂPw + V̆ +W (22)

where W is an sNst × 1 vector, and it represents measurement
error. If we consider Z = P̆ d,m − V̆ , then we have

Z = ĂPw +W (23)

and the objective is to obtain P̂w, i.e., the estimate of Pw.
Understanding the statistical distribution of W is important

to design the estimator. Let the true average power of the jth
subband be zt[j]. For periodogram-based CSR, the measure-
ment error is normally distributed. Neglecting the effect of
windowing before FFT, the mean is zero, and the variance
can be approximated by σ2

j ≈ (zt[j])
2/(2Np), where Np is the

number of periodograms (see Appendix C for proof).
Accordingly, the maximum likelihood (weighted least

squares) estimator of Pw minimizes

P̂w = argmin
Pw

sNst∑
j=1

(
z [j]− ᾰjPw

zt [j]

)2

(24)

where ᾰj represents the jth raw of Ă, and z[j] represents the
jth element in Z. However, because the true value zt[j] is not
known, we propose approximating zt[j] with z[j]. Then, the
estimator in (24) becomes

P̂w = argmin
Pw

sNst∑
j=1

(
z [j]− ᾰjPw

z [j]

)2

. (25)

This estimator is a relative-error least squares type [26]
because it normalizes the square of observed errors with the
corresponding elements of the observation vector. This feature
has a practical value in the CSR measurement. Note that the
elements of the observation vector (Z) can have a very high dy-
namic range, and normalization ensures that strong signals do
not overshadow weak signals in the operation of the estimator.

To illustrate this assertion, consider a CSR measurement of a
spectrum containing a −20-dBm signal and an −80-dBm signal
in Table I. The table compares relative and absolute errors in
milliwatt scale assuming a ±1-dB measurement error on both
signals.
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TABLE I
NORMALIZING ERROR

TABLE II
ALGORITHM OF THE DESIGNED ESTIMATOR

It can be observed that the absolute errors have a difference of
six orders of magnitude. On the other hand, the relative errors in
milliwatt scale have comparable values similar to the absolute
error in decibel scale. Accordingly, the error in the −20-dBm
signal does not overshadow the error in the −80-dBm signal
when a relative-error-based estimator is employed.

The estimator in (25) can be rewritten in a more compact
form as

P̂w =
(
Ă

T
R−1Ă

)−1

Ă
T
R−1Z (26)

where R = diag(z[0]2, z[1]2, . . . , z[sNB − 1]2).
To avoid the computational burden of matrix inversion in

(26), we used a simpler iterative algorithm to solve (25).
Leveraging the nonnegativity of Ă, Z, and Pw, we used a se-
quential coordinate-wise algorithm (SCA) for nonnegative least
squares (NNLS) [27] to implement the estimator. The SCA is
preferred due to its simplicity, compared with other traditional
active-set-based NNLS algorithms [28]. Its simplicity makes
the algorithm favorable for hardware implementation. The SCA
adapted from [28] for spectrum sensing is presented in Table II,
where pm is the average power of additive noise in a subband
at the ADC output, and [pm] is a vector whose elements are all
equal to pm.

This algorithm minimizes the effects of IQ imbalance and
aliasing. For this reason, it is referred to as RS-MSS. However,
the algorithm assumes prior knowledge of the receiver model.
The following section presents a mechanism that can be used to
measure the CSR model of a receiver.

D. Measuring the CSR Model of a Receiver

The proposed estimator assumes prior knowledge of the
receiver’s multi-LO-CS transform (or the Ă matrix) and the
multi-LO-zero-input CS response (the V̆ vector). A simple
measurement mechanism for Ă and V̆ is elaborated as follows.

1) Measuring Multi-LO-Zero-Input CS Response (V̆ ): As
it can be inferred from (18), the zero-input CS response at a
given LO can be obtained by measuring the CSR of the ADC
output while the receiver input is terminated with a matched
load (no signal except noise is input to the receiver). The multi-
LO-zero-input CS response can be obtained by repeating this
measurement at all the relevant LO frequencies.

2) Measuring Multi-LO-CS Transform (Ă): As it can be
inferred from (18), a column of CS transform can be obtained
by measuring the CSR of the ADC output and subtracting the
zero-input CS response while only one subband is active at the
receiver input. Thus, only one subband contains a signal with
nonzero-input power. The other columns of the CS transform
can be obtained by sequentially activating the corresponding
input subbands one at a time. By repeating the measurement
at different LO frequencies, the multi-LO-CS transform can be
obtained.

In doing these measurements, several things should be taken
into consideration. First, the zero-input CS response has to be
measured before the CS transform of a receiver can be mea-
sured. Second, the input signal should be within the dynamic
range of the receiver, particularly the dynamic range of the
LNA. This is to honor the ideal-linearity assumption that is
imposed in the development of the CSR modeling technique.
Third, appropriate normalization may be necessary because
the power level within the active subband is not numerically
equal to 1.

E. Addressing Harmonic Downconversion

If the spectrum of interest spans multiple octaves, harmonic
downconversion can also affect the accuracy of spectrum sens-
ing [29], [30]. In [29] and [30], techniques that can address har-
monic downconversion are proposed. The techniques employ
two separate receivers with different LO frequency settings.
Since aliasing is conceptually similar to harmonic downconver-
sion, the techniques can also be extended to address aliasing as
well (by using two ADCs that sample at different frequencies).

The concept that is developed in this paper can also be ex-
tended to address harmonic downconversion. Harmonic down-
conversion introduces diagonal nonzero values (parallel to
the main diagonal) in Amix. Similarly, the images of harmonic
downconversions introduce antidiagonal nonzero values in
Amix. Because harmonic downconversion can be fitted into
the CSR model, its effect on spectrum sensing can be readily
addressed by the RS-MSS mechanism.

Unlike the techniques in [29] and [30], however, the tech-
nique in this paper uses a single receiver, but it retunes the
receiver multiple times to get multiple snapshots of the same
spectrum. Hence, our technique is based on the assumption that
the state of the spectrum remains static. The techniques in [29]
and [30] are not constrained by this assumption.
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TABLE III
PARAMETERS OF SIMULATED RECEIVER FOR EXPERIMENT A

IV. SIMULATION-BASED EVALUATION

This section presents the results of simulation-based exper-
iments that demonstrate the benefits of RS-MSS over S-MSS
and methods that address IQ imbalance only. The receiver
architecture shown in Fig. 1 is assumed in this section. The
preselector is emulated by not generating any signal outside the
frequency range of interest. The LNA is represented as a simple
pass-through to the received signal. The downconversion mixer,
the antialiasing filter, and the ADC are modeled in the time
domain using (5), (9), and (13), respectively.

Three experiments were performed. The first experiment
shows the benefit of RS-MSS by using a sample spectrum
occupancy scenario. The second and third experiments use a
probabilistic spectrum occupancy model to demonstrate the
benefits of RS-MSS in a more general sense. These experiments
are detailed in the following sections.

A. Simulating a Sample Spectrum Scenario

This experiment simulated an 80-MHz spectrum that is di-
vided into 80- and 1-MHz subbands. These subbands are sensed
by the simulated receiver. The parameters of the simulated
receiver are listed in Table III.

As shown in Fig. 9, the spectrum is set to contain a single
0.5-MSa/s binary phase-shift keying signal with a power level
of −60 dBm at the 44th subband.

First, S-MSS-based spectrum sensing is carried out. The
entire 80-MHz spectrum is measured by sensing a 16-MHz
section at a time. Five nonoverlapping 16-MHz sections were
measured to sense the whole 80-MHz band. The boundaries of
these sections are shown with broken vertical lines in Fig. 9.
Then, the CSR response of the simulated receiver is obtained
using the mechanism described in Section III-D. Finally, the
output of S-MSS and the measured CSR model of the simulated
receiver are passed through the RS-MSS algorithm presented
in Table II. The output of the algorithm is compared with the
output of S-MSS in Fig. 9.

As a benchmark, we also compared RS-MSS with IQ-
imbalance-corrected S-MSS. For this purpose, we used the
algorithm in [31] and [32] to correct for IQ imbalance in the
ADC output before CSR is measured.

The result in Fig. 9 demonstrates that RS-MSS can provide
more accurate spectrum sensing compared with S-MSS. This
is because the proposed mechanism minimizes the impact of
receiver impairments on spectrum sensing.

Fig. 9. Comparison of RS-MSS and S-MSS.

The result also highlights the contribution of this paper.
Previous works have developed methods to address IQ im-
balance in multiband spectrum sensing [19]–[22]. The result
in Fig. 9 shows that correcting for IQ imbalance only may
not be sufficient in spectrum sensing. Additional processing is
needed to address the effects of aliasing even if the effects of
IQ imbalance are completely eliminated. On the other hand,
RS-MSS jointly addresses both IQ imbalance and aliasing using
the same processing algorithm.

B. Accuracy of RS-MSS

This experiment analyzes the benefits of RS-MSS in a more
generalized sense. In this experiment, the spectrum is assumed
to span 96 MHz, which is divided into 96- and 1-MHz sub-
bands. The power level in the subbands is assumed to follow
the distribution in the spectrum occupancy model given by [23]

Fp(p)=

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

1, p>pTX

qoc

(
1−( pm

p )
2

npl

)
(

1−
(

pm
pTX

) 2
npl

) , pm<p<pTX

1−qoc, p≤pTX

(27)

where pm is the power of additive noise per subband referred to
the ADC output, pTX is the transmission power, npl is the path-
loss exponent, and qoc is the probability of subband occupancy.
This model captures the distribution of average received power
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Fig. 10. Comparing accuracy of RS-MSS and S-MSS.

in spectrum-sharing-based networks [23]. In this experiment,
we set the parameters as follows: pm = −100 dBm, pTX =
23 dBm, npl = 4, and qoc = 0.95.

The 3-dB cutoff frequency of the antialiasing filter is set to
be equal to 5.3 MHz, and the sampling rate of ADC is equal to
16 MHz.

This experiment compares the accuracy of S-MSS with
RS-MSS while varying the order of the antialiasing filter and
the IRR of the simulated receiver. Accuracy is calculated as
the average absolute difference between the measured and true
subband power values in the decibel domain.

The result in Fig. 10 shows that RS-MSS provides better
spectrum sensing accuracy, compared with S-MSS. It can also
be observed that the accuracy of S-MSS improves as the IRR
and the order of the antialiasing filter increase. This is because
the effect of aliasing and image signals becomes less signifi-
cant as the receiver becomes more selective. On the contrary,
the accuracy of RS-MSS shows little dependence on receiver
parameters. This observation confirms that RS-MSS minimizes
the impact of receiver impairments on spectrum sensing.

C. Probability of Opportunity Detection

In this experiment, we analyzed the opportunity detection
performance of RS-MSS relative to the density of spectrum
occupancy. The spectrum is also assumed to span 96 MHz,
which is divided into 96- and 1-MHz wide subbands. The power
content of all the subbands is generated using the distribution in
(27). The power level of the 44th subband (the center subband)
was purposely set to be equal to pm (the noise floor), and
pm = −100 dBm per subband. The simulation measures the
opportunity detection performance by computing the probabil-
ity that the measured power level at the 44th subband (vacant
subband) does not exceed the threshold, i.e., pm + 3 dB.

In this experiment, two types of receivers were simulated.
The first receiver has IRR = 31 dB, and the order of its an-
tialiasing filter is equal to 5. The second receiver has relatively
inferior radio quality. It has IRR = 25 dB, and the order of its

Fig. 11. Opportunity detection probability while using RS-MSS and S-MSS.

antialiasing filter is equal to 3. For both cases, the 3-dB cutoff
frequency of the antialiasing filter is set to be equal to 5.3 MHz,
and the sampling rate of the ADC is equal to 16 MHz. The
simulation is run by varying qoc between 0.1 and 0.9. The
average opportunity detection probability obtained after 300
simulation runs is shown in Fig. 11.

For an ideal receiver, the probability of opportunity detection
is expected to remain constant as the density of spectrum occu-
pancy increases because there would be no signal folding from
other bands to the vacant band. In nonideal receivers employing
S-MSS, however, the probability of opportunity detection is
expected to deteriorate as the density of spectrum occupancy
increases. This assertion is confirmed in Fig. 11. According to
the result, the probability of opportunity detection in an S-MSS-
based CR has strong dependence on the density of spectrum
occupancy. In addition, the probability of opportunity detection
was shown to be lower for a lower quality sensing receiver.

The probability of opportunity detection is shown to be
significantly better when RS-MSS is employed. In addition,
similar to an ideal receiver, the probability of opportunity de-
tection shows little dependence on both the density of spectrum
occupancy and the quality of the receiver. This indicates that
RS-MSS-based CR can exhibit significantly better throughput
in a spectrum sharing network compared with an S-MSS-based
CR. In addition, the result implies that an RS-MSS-based CR
can behave similarly as a high-quality receiver, even if its RF
front-end has poor quality.

V. VALIDATION ON HARDWARE

We also performed a hardware-based experiment to validate
both the CSR domain receiver modeling technique and the pro-
posed RS-MSS mechanism. For this experiment, we use Wire-
less @ Virginia Tech’s PicoRF software-defined radio platform
[33]. The platform contains a highly flexible complementary
metal–oxide–semiconductor radio frequency integrated circuit,
a Virtex-5 field-programmable gate array (FPGA), and a host
computer. The FPGA is interfaced with the host computer
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Fig. 12. PicoRF platform plugged into a host conputer.

Fig. 13. Experiment setup.

through a PCIe interface. The picture of the PicoRF platform
is shown in Fig. 12.

The diagram of the experiment setup is shown in Fig. 13.
The experiment contains the PicoRF platform and three signal
generators. The output of the signal generators is input to the
receiver through a combiner. A periodogram-based spectrum
measurement is implemented in the FPGA. The measurement
uses a 1024-point FFT with a Blackman window. In addition,
time-domain averaging is carried out across 32 periodograms.
The output of spectrum measurement in the FPGA is sent to
the host computer through the PCIe interface. The RS-MSS
mechanism and the CSR model measurement mechanism
(cf. Section III-D) are both implemented in the host computer.

The IRR of the PicoRF receiver varies with frequency, but it
can be as low as 20 dB. The antialiasing filter in the receiver
is a fifth-order Butterworth-type active filter. An oversampling
sigma–delta ADC followed by a series of decimation filters is
employed in the receiver. Aliasing of signals and noise is caused
mainly due to finite rejection of the decimation filters.

The bandwidth of each subband is equal to 1.953125 MHz
in this experiment. We arbitrarily chose to sense the spectrum
from 840 to 888 MHz, which is equivalent to 24 subbands.
The sampling rate is equal to 15.625 MHz. Hence, S-MSS
measures 15.625 MHz of RF spectrum at a time. S-MSS senses
the spectrum in three steps: first from 839 to 855 MHz, next
from 855 to 871 MHz, and finally from 871 to 887 MHz. The
boundaries of the three sensing sections are designated by red
broken lines in Figs. 14 and 15.

Fig. 14. Comparing S-MSS with RS-MSS while measuring a spectrum con-
taining a −25-dBm signal at 856 MHz and a −45-dBm signal at 878 MHz.

Fig. 15. Comparing S-MSS with RS-MSS while measuring a spectrum con-
taining three −20-dBm, −25-dBm, and −20-dBm signals at 850, 871, and
878 MHz, respectively.

Before the RS-MSS experiment gets started, the mechanism
presented in Section III-D was used to measure the multi-
LO-CS transform and the multi-LO-zero-input-CS response
of the receiver. During this measurement, the host computer
commands the signal generators such that a signal with the
desired CSR is input to the receiver.

After the CSR model of the receiver is measured, RS-MSS
and S-MSS are executed to estimate the CSR of the signal at the
input of the receiver. Two sample results are presented below.

Fig. 14 compares the output of S-MSS and RS-MSS while
two signals with power levels of −25 dBm and −45 dBm
are input to the receiver at 856 and 878 MHz, respectively.
Similarly, Fig. 15 compares S-MSS with RS-MSS when three
−30-dBm signals are injected to the receiver at 850, 871, and
878 MHz.

The figures also show the effects of IQ imbalance and alias-
ing in the raw spectrum sensing (S-MSS) data. IQ imbalances
produce images within a sensing section. Aliasing produces
false signals in adjacent sensing sections. The effect of aliasing
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is significant when the original signal is close to the edge of
a sensing section. This is explained by the frequency-domain
behavior of Comb decimation filters employed after the ADC
in PicoRF [33].

Most importantly, the result shows that RS-MSS pro-
vides significantly more accurate measurement compared with
S-MSS. RS-MSS suppresses most of the aliasing and image sig-
nals (false signals). Some false signals are not fully suppressed
(for example, at 870 MHz in Fig. 14) by RS-MSS. Moreover,
in Fig. 15, the RS-MSS result has a sizable gap from true
values at the input signals’ frequencies. This is likely because
of estimation errors during the measurement of the receiver’s
CSR model. The better the matching between the CSR model
and the receiver’s actual behavior, the better the performance of
RS-MSS is expected to be.

In general, however, the results confirm the benefits of RS-
MSS over S-MSS. The fact that RS-MSS is functional on
hardware also confirms the practical validity of the CSR domain
receiver modeling technique.

VI. CONCLUSION

Accurate spectrum sensing boosts the likelihood that CRs
detect a spectrum opportunity in spectrum sharing scenarios.
During spectrum sensing, IQ imbalance and aliasing can de-
grade the performance of CRs by significantly increasing the
rate of false alarm. We proposed a multiband spectrum sens-
ing mechanism called robust RS-MSS. This mechanism can
address the effects of IQ imbalance and aliasing in multiband
spectrum sensing. RS-MSS estimates the true state of the
spectrum (frequency and power level of signals) at the receiver
input by removing the effects of receiver imperfections from
the spectrum sensing data measured at the output of ADCs. To
achieve this, RS-MSS uses a new receiver modeling technique,
i.e., CSR. This model tracks how energy is reshuffled inside the
receiver due to IQ imbalance and aliasing. RS-MSS estimates
the state of the spectrum at the receiver input by applying the
ADC output to the reverse CSR model of the receiver.

A simulation-based evaluation showed that the proposed
sensing mechanism significantly improves the opportunity de-
tection performance of CRs by minimizing the rate of false
alarm in spectrum sensing. In other words, RS-MSS can en-
hance the throughput of CRs in spectrum-sharing-based net-
works. This paper also presented hardware-based experiments
that show the practical validity of both the CSR-based receiver
modeling technique and the proposed RS-MSS mechanism.

Both the simulation and measurement results suggest that the
proposed mechanism can significantly enhance the opportunity
detection probability of CRs for emerging spectrum-sharing
applications in hospitals, public safety networks, and affordable
broadband wireless services for underrepresented areas [34].
In addition, the proposed mechanism can be integrated into
non-CR-based wireless standards. For example, the medium
access control layer of carrier-sensing-multiple-access-based
standards, such as Zigbee and WiFi, can be augmented using
the proposed mechanism to enhance the opportunistic spectrum
detection performance. Thus, the proposed mechanism can find
more applications in the emerging Internet-of-things areas.

APPENDIX A
CHANNELIZED SPECTRUM REPRESENTATION

MODEL OF QUADRATURE MIXER

A quadrature mixer pair is considered. Let fLO = lΔ+Δ′,
where Δ is the subband bandwidth, l is a positive integer, and
Δ′ is a fraction of Δ. Then, the relation in (5) can be expressed
in the frequency domain as

V (f)={W (lΔ+Δ′+f)+γW (lΔ+Δ′−f)}·
(
1+(1+α) ejφ

)
(28)

where V (f) is the output of the mixer (a baseband signal), and
V (f) = �{v(t)}. The signalW (f) in the input of the mixer (an
RF signal) and W (f) = �{w(t)}. The operator � represents
Fourier transform. The term γ is given by

γ =
1 − (1 + α)ejφ

1 + (1 + α)ejφ
. (29)

For an RF signal fi = iΔ+Δ′ +Δ/2 in (2), where i is
an integer, and Δ′ is a fraction of Δ. Because the fractional
component (Δ′) disappears during downconversion by fLO, for
baseband signal, fi = iΔ+Δ/2. Then, V (f) and W (f) in the
channel containing fi are given by

Ṽi(f) = V (f)Π

(
f − iΔ−Δ/2

Δ

)
(30)

W̃i(f) = W (f)Π

(
f − iΔ−Δ′ −Δ/2

Δ

)
. (31)

Then, dropping the common multiplier in (29) and substitut-
ing (29) into (3), we have

Ṽi(f) = W (lΔ+Δ′ + f) Π

(
f − iΔ−Δ/2

Δ

)

+ γW (Δl +Δ′ − f)Π

(
f − iΔ−Δ/2

Δ

)
. (32)

It can be noted that

W (lΔ+Δ′ + f) Π

(
f − iΔ−Δ/2

Δ

)

= W (f)Π

(
f − (i+ l)Δ−Δ′ −Δ/2

Δ

)
= W̃i+l (f) .

(33)

Similarly, we have

W (Δl +Δ′ − f)Π

(
f − iΔ−Δ/2

Δ

)

= W (f)Π

(
−f − (i− l)Δ−Δ′ −Δ/2

Δ

)

= W (f)Π

(
f − (i − l)Δ−Δ′ −Δ/2

Δ

)
= W̃i−l (f) . (34)

The second equality stems from the even symmetry of the
Π function. Accordingly, from (32)–(34), we have

Ṽi(f) = W̃l+i(f) + γW̃−l+i(f). (35)
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This can be written in the time domain as

ṽi(t) = w̃l+i(t) + γw̃−l+i(t) (36)

where x̃i(t) = x(t) ∗ �−1{
∏
((f − fi)/Δ)}, and �−1 is the

inverse-Fourier operator.
Assuming w̃l+i(t) and w̃l+i(t) are statistically uncorrelated,

then it can be shown that

E
{
|ṽi (t)|2

}
= E

{
|w̃l+i (t)|2

}
+ |γ|2E

{
|w̃−l+i (t)|2

}
.

(37)

Since w(t) is a real-valued RF signal, it can also be noted that
E{|w̃−l+i(t)|2} = E{|w̃l−i(t)|2}. Furthermore, using (3) and
(7), we have

pv[i] = pw [l + i] + βpw [l− i] . (38)

where β = |γ|2, px[i] = E{|x̃i(t)|2}, and E is the expectation
operator.

APPENDIX B
CHANNELIZED SPECTRUM REPRESENTATION MODEL OF

THE ANALOG-TO-DIGITAL CONVERTER

A quadrature ADC pair is considered. Let fs = sΔ, where s
is a positive integer. The relation in (14) can be expressed in the
analog frequency domain as

D(f) = (sΔ)2
∞∑

k=−∞
Z (f − sΔk) (39)

where D(f) is the output of the ADC sampler, and D(f) =
�{d(t)}. The input of the ADC is Z(f), and Z(f) = �{z(t)}.
The operator � represents Fourier transform.

Let

D̃i(f) = D(f)Π

(
f − iΔ+Δ/2

Δ

)
(40)

Z̃i(f) = Z(f)Π

(
f − iΔ+Δ/2

Δ

)
. (41)

Substituting (39) into (40), i.e.,

D̃i(f) = (sΔ)2
∞∑

k=−∞
Z (f − sΔk)Π

(
f − iΔ+Δ/2

Δ

)
(42)

and noting that

Z (f − sΔk)Π

(
f − iΔ+Δ/2

Δ

)

= Z(f)Π

(
f − (i− sk)Δ +Δ/2

Δ

)
= Z̃i−sk(f) (43)

we have

D̃i(f) = (sΔ)2
∞∑

k=−∞
Z̃i−sk(f). (44)

This can be expressed in the time domain as

d̃i(t) = (sΔ)2
∞∑

k=−∞
z̃i−sk(t) (45)

where x̃i(t) = x(t) ∗ �−1{
∏
((f − fi)/Δ)}, and �−1 is the

inverse-Fourier operator.
Assuming that signals in different subbands are uncorrelated

to each other, it can be shown that

pd[i] = (sΔ)2
∞∑

k=−∞
pz [i − ks] (46)

where px[i] = E{|x̃i(t)|2}, and E is the expectation operator.

APPENDIX C
DISTRIBUTION OF CHANNELIZED SPECTRUM

REPRESENTATION MEASUREMENT ERROR

Let the signal contained in a subband at the output of the
ADC be given by

sn = ri,n + jrq,n (47)

where ri,n and rq,n are the real and imaginary components
obtained in the nth periodogram, respectively. Assume that they
are uncorrelated to each other and if we neglect the effects
of windowing, E{ri,n} = 0, and E{r2i,n} = pt/2. Similarly,
we assume that E{rq,n} = 0 and E{r2q,n} = pt/2. In addition,
assume the higher-order moments of ri,n and rq,n are equal to
zero. In addition, note that E{|sn|2} = pt.

The objective of CSR measurement is to estimate for p̂t
given by

p̂t =
1
Np

Np∑
i=1

|sn|2. (48)

It can be shown that E{p̂t} = pt and VAR{p̂t} = p2
t/

(2Np), where VAR is the variance operator. Because |sn| has
finite first- and second-order moments, the central-limit theo-
rem can be applied. Hence, we can approximate the distribution
of p̂t by the normal distribution. Therefore, the measurement
error (residue), which is given by e = pt − p̂t, is also normally
distributed with zero mean and variance equal to p2

t/(2Np).
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