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Abstract—This work investigates a fundamentally novel inter-
weave cognitive radio network where the primary transmitter
takes a proactive approach towards improving the accuracy of
the spectrum sensing outcomes at the secondary users (SUs). For
the single-primary-receiver scenario considered here, the multi-
antenna primary user constructs its transmit beamforming vector
so as to increase the detection probability at the SUs while
meeting a desired Quality-of-Service (QoS) target on its own
link, by exploiting partial channel state information of the SUs.
The objective of such a proactive approach, which we refer to as
prescient precoding, is to minimize the probability of interference
from SUs at the primary receiver due to imperfect spectrum
sensing in fading channels. Numerical results are presented to
verify the advantages of the proposed prescient transmission
techniques for non-cooperative spectrum sensing scenarios.

I. INTRODUCTION

Cognitive radios are emerging as promising solutions to
enable better utilization of the radio spectrum, especially in
bands that are currently under-utilized. The canonical model
of a cognitive radio (CR) is one that employs “interweave”
cognition [1]. Under the interweave paradigm, cognitive radios
seek to opportunistically occupy a channel (frequency band)
only when it is not occupied by a primary transmitter (PT)
licensed to use that band. In the absence of pre-defined control
channels or coordinated medium access between the primary
and unlicensed users, the CRs must periodically sense the
spectrum for the presence of PTs [1], [2] and cease trans-
mission upon detection. Inevitably, imperfect CR spectrum
sensing due to channel fading and other impairments will lead
to unintentional interference at the primary receivers (PRs).

The use of multiple antennas in CRs has been suggested for
improved spectrum sensing capabilities in interweave systems
by means of receive diversity [2]. MIMO CRs have also
been investigated in the context of “underlay” cognitive radio
networks, where CRs and PTs coexist in the same spectrum
and spectrum sensing is not required. In this case, multiple
transmit antennas are used in the secondary network for
beamforming and to minimize the interference to the PRs,
with complete or partial channel state information (CSI) at
the SU transmitter [3].
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In all prior work on interweave networks, the primary
transmitters are assumed to be legacy users that are oblivious
to the presence of the secondary users. However, the problem
considered in this work is fundamentally different in that the
PTs construct their transmit beamformers with the objective
of increasing the detection probability at the secondary users
(SUs) while meeting a desired QoS target on its own link,
given partial CSI of the PRs and SUs. Therefore, the primary
transmitter adopts a proactive approach, which we refer to
as prescient beamforming, to minimize the probability of
interference from SUs at the primary receiver due to imperfect
spectrum sensing. Furthermore, we analyze an interweave net-
work where the primary transmitter is equipped with multiple
antennas, while the primary receiver and secondary transmit-
ters/receivers have a single antenna each. The potential benefits
of multi-antenna PTs and PRs have received surprisingly little
attention in the literature on both interweave and underlay CR
systems.

The remainder of this paper is organized as follows. Sec-
tion II introduces the primary transmission and SU spectrum
sensing strategies, and examines the impact of SU mis-
detections on the primary receiver. Section III presents the
details of two prescient beamforming algorithms for a single
primary link and multiple SUs. Selected numerical examples
are shown in Section IV, and we conclude in Section V.

II. MATHEMATICAL MODEL

A. Signal and Network Model

Consider a network with a single N -antenna PT, its intended
PR with a single antenna, and K secondary users (SUs,
also synonymous with secondary transmitters), as depicted
in Fig. 1. Let the primary terminal be denoted as user 0,
and assume that the PT employs linear transmit beamforming.
When active, the PT transmit signal at time index t is given
by

x (t) = ws0 (t) (1)

where w ∈ C
N×1 is the transmit beamforming weight vector

and s0 (t) is the complex scalar zero-mean information symbol
transmitted at t, with power E

{
|s0 (t)|2

}
= σ2

s . A constraint
is assumed to be imposed on the average transmit power of
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Fig. 1. Cognitive radio network with a multi-antenna primary transmitter,
a single primary receiver, and K secondary transmitters. The secondary
receivers are not shown for clarity.

the PT:
E

{
Tr

(
x (t)x (t)

H
)}
≤ P ∀t. (2)

When the PT is active, the signal received by the kth SU if
in sensing mode is

yk (t) = hk (t)x (t) + zk (t), (3)

where zk (t) is additive complex Gaussian noise with zero
mean and variance σ2

k.
We will assume that partial CSI is available to the PT,

which is defined to mean that the PT has knowledge of
the instantaneous realizations of the PT-PR (h0) and PT-
SU ({hk}Kk=1) channels but only the statistics of the SU-PR
channels ({gk}Kk=1).

B. SU Spectrum Sensing

We assume that the SUs perform non-cooperative spectrum
sensing and are not all simultaneously in spectrum-sensing
mode. We capture this assumption by assigning a probability
β to the event that an arbitrary SU is in spectrum-sensing
mode, and a probability (1− β) that a SU is engaged in data
transmission. The local hypothesis test for spectrum sensing
based on M̃ discrete-time samples at the kth secondary user
is

H0 : yk [n] = zk [n] n = 0, 1, . . . , M̃ − 1

H1 : yk [n] = hkws0 [n] + zk [n] n = 0, 1, . . . , M̃ − 1

where the channel hk is assumed to be constant over the M̃

samples. The M̃ complex samples are composed of M Δ
= 2M̃

independent real and imaginary components [7].
The test statistic for the Neyman-Pearson-optimal energy

detector is given by

Tk =
M̃−1∑
n=0

|yk [n]|2 = yH
k yk, (4)

and the normalized test statistic has a central chi-square
distribution with M degrees of freedom under both hypothe-
ses, where M is even. Therefore, the false alarm probability

follows from the chi-square cdf as [4]

PFA,k = e
−λk

σ2
k

M/2−1∑
r=0

1

r!

(
λk

σ2
k

)r

, (5)

where the detection threshold λk is a function of the target
PFA,k. Similarly, the detection probability is given by

PD,k = e
− λk

(σ2
s |hkw|2+σ2

k)
M/2−1∑
r=0

1

r!

⎛
⎝ λk(

σ2
s |hkw|2 + σ2

k

)
⎞
⎠

r

.

(6)

C. Primary Receiver Performance

From the perspective of the primary link, a missed detection
at any of the SUs when the PT is active leads to interference
at the primary receiver. As before, let PD,k represent the
detection probability of secondary user k. Dropping the time
index for brevity, write the signal at the primary receiver as

y0 = h0x+

K∑
k=1

Fkgksk + z0, (7)

where SUs with a missed detection transmit inadvertently with
power pj and complex channel coefficient gj ∼ CN

(
0, σ2

g,j

)
to the PR, and we define the random-valued indicator function
Fk as

Fk =

{
1 with probability (1− PD,kβ)
0 with probability (PD,kβ)

, (8)

where PDk
β is the probability that SU k is in sensing mode

and has detected the presence of the PT, and thus is not
producing interference. We are interested in the characteristics
of the aggregate SU interference power

I0 (w) =
K∑

k=1

Fk |gk|2 pk. (9)

Note that (9) depends on w through the variable Fk, since the
ability of the SU to detect the PT depends on w. The dis-
tribution of the aggregate interference in interweave networks
has been approximated using tools from stochastic geometry
in [5] for Poisson point process-distributed SU locations, but
this is different from our system model.

Taking the expectation of the SU interference power in (9)
with respect to {Fk}Kk=1 and the SU-PR channels {gk}Kk=1

yields

I ′0 (w) =
K∑

k=1

(1− PD,kβ)σ
2
g,kpk , (10)

where σ2
g,k denotes the variance of the kth SU-PT channel.

The PR SINR that can be computed at the PT with partial
CSI is thus

γ′0 =
|h0w|2

σ2
0 + I ′0 (w)

(11)

where the aggregate interference I ′0 (w) is a function of SU

parameters β,
{
σ2
g,k

}K

k=1
, {pk}Kk=1, and the PT beamformer

w via PD,k.
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Having defined the impact of missed detections by the SUs
on the performance of the PR, we see that it is in the PT’s
interest to ensure that the probability of missed detection at
the SUs is made as small as possible, or equivalently, that
the probability of detection is made as large as possible. To
this end, we introduce the paradigm of prescient beamforming
in the next section in order to improve the reliability of the
primary link.

III. PRESCIENT PRIMARY BEAMFORMING

A. Direct PR SINR maximization

A first approach to constructing a prescient transmission
scheme would be for the PT to directly optimize the PR SINR
γ′0 under the transmit power constraint:

max
w

|h0w|2
σ2
0 + I ′0 (w)

s.t. wHw ≤ P
/
σ2
s .

(12)

A similar problem can be posed in the case of maximizing the
average PR SINR Eh0,...,hK

{γ′0}. Note that the interference
term in the PR SINR is a function of the transmit signal itself.
While signal-dependent interference is a well-studied problem
in radar signal processing [6], in our case this dependence
manifests itself in a much more complicated and non-linear
fashion involving exponential terms (and special functions
in the case of γ̄0). An analytical optimization of (12) over
w appears to be intractable, but one could attempt to find
the optimal beamformer using a gradient descent algorithm,
recognizing of course that global optimality is not guaranteed
due to the non-convexity of the objective function.

The Karush-Kuhn-Tucker (KKT) conditions for a stationary
point of (12) can be computed as

∇w (γ′0) + μw = 0 (13)
wHw − P

/
σ2
s ≤ 0 (14)

μ
(
wHw − P

/
σ2
s

)
= 0, μ ≥ 0, (15)

where the gradient of the PR SINR is given by

∇w (γ′0) =

(
hH
0 h0

)
w

σ2
0 + I ′0 (w)

+

β |h0w|2 σ2
s

K∑
k=1

[
σ2
g,kpk (Ak −Bk)

]

(σ2
0 + I ′0 (w))

2 (16)

Ωk (w) =
λk/2

σ2
s |hkw|2 + σ2

k

(17)

Ak = Ωk (w) e−Ωk(w)hH
k hkw

×
M/2−1∑
r=0

{
(r!)

−1
(Ωk (w))

r
}

(18)

Bk = e−Ωk(w) hH
k hkw

σ2
s |hkw|2 + σ2

k

×
M/2−1∑
r=0

{
(r − 1!)

−1
(Ωk (w))

r
}
. (19)

However, since the problem is non-convex the KKT conditions
are merely necessary and not sufficient for optimality.

B. Combined MRT and Multicast Beamforming

While the gradient search algorithm described above returns
at least a locally optimal prescient beamformer, it is desirable
to investigate designs based on simpler optimization proce-
dures. To this end, consider the following two extreme cases
for the choice of w:

• Disregard SUs, focus only on PR: If the PT disregards
the presence of the SUs and focuses only on maximizing
the signal strength at the PR, the optimal choice for w is
the maximum-ratio transmit beamformer:

wMRT =

√
PhH

0

σs‖h0‖ . (20)

• Disregard PR, focus only on SUs: At this extreme, the
PT ignores the PR and focuses only on improving the
signal strength at the SUs (particularly those that could
produce the most interference at the PR). This is similar
to a multicast (MC) downlink scenario, where priority is
given to certain key users. A reasonable choice for the
transmit beamformer in this case would maximize the
weighted average of the SNRs at the SUs:

wMC = argmax
w

K∑
k=1

pkσ
2
g,k|hkw|2 , (21)

where the weight pkσ
2
g,k measures the interference im-

pact of the kth SU at the PR. It is easy to see that
the solution to (21) is given by the dominant singular
vector of HH

S ΣgH
H
S scaled by

√
P/σ2

s , where HS =[
hT
1 . . . hT

K

]T
and Σg is a diagonal matrix with

entries pkσ
2
g,k, k = 1, · · · ,K.

Given that the prescient beamforming objective is to balance
these two competing goals, a sensible and mathematically
tractable approach would be to choose w as some linear
combination of the solutions:

w = αwMRT + (1− α)wMC 0 ≤ α ≤ 1 , (22)

where the optimal value of α ∈ [0, 1] can be found by a
simple line search. We will see later in the simulations that
this approach performs similarly to the gradient search for
maximizing the PR SINR.

To conclude this section, we remark that the essence of
the prescient beamforming schemes is to boost the received
SNRs at the SUs while simultaneously maintaining a reliable
link to the PR. Naturally, increasing the SNR at the SUs will
also improve the overall detection probability in a cooperative
sensing system where a global decision is made at a fusion
center [7], [8]. Therefore, the prescient beamforming tech-
niques proposed thus far assuming non-cooperative spectrum
sensing can be applied directly without change to a cooperative
sensing scenario.
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IV. SIMULATION RESULTS

In this section, we present the results of several numerical
experiments to verify the improvement in primary link perfor-
mance with prescient beamforming. All results in this section
are based on the partial CSI model with instantaneous CSI
of the PT-PR and PT-SU links, and only statistical CSI of the
SU-PR links available to the primary transmitter. Each channel
realization for all terminals is drawn from a zero-mean unit-
variance circularly symmetric complex Gaussian distribution,
and all results are averaged over 1000 channel realizations.
The AWGN variance at all receivers is assumed to be unity,
i.e., σ2

k = 1 ∀k. For every non-cooperative sensing scenario
we assume a sensing probability of β = 0.9, target false
alarm rate PFA = 10−3, and sample size of M = 4 used by
the SUs for detection. The gradient-PBF algorithms are run 5
times for each set of channel realizations with four random
initializations and an initialization based on the naı̈ve MRT
precoder to reduce the likelihood of a local maximum; the
best-performing precoding solution is chosen as the result.
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Fig. 2. SU interference power at primary receiver for PBF and MRT schemes
with non-cooperative spectrum sensing, pk = 20dB,K = 5, N = 4.

Fig. 2 displays the aggregate SU interference at the primary
receiver for the various beamforming schemes, with the same
parameters as in Fig. 3. We observe that the gradient-PBF
approach virtually eliminates SU interference due to missed
detections at high SNRs.

In Fig. 3, we compare the primary SINR for prescient versus
naı̈ve transmission as a function of the primary transmit power.
Here, the fixed parameters are N = 4,K = 5, pk = 20dB.
The exploitation of SU CSI affords a performance increase of
around 3dB at low to moderate SNRs. The combined MRT-
MC beamformer of (22), referred to as “linear combination”
in the plot, has a negligible SINR loss compared to the direct
approach in (12). The corresponding increase in PR SINR
under the prescient schemes is not of the same magnitude as
the interference mitigation in Fig. 2, since the PBF transmis-
sion also degrades the desired signal power when compared
to MRT.
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Fig. 3. Primary receiver SINR for PBF and MRT transmission. SU transmit
power pk = 20dB, K = 5, N = 4,M = 4.

V. CONCLUSION

In this work we considered the novel problem of linear
precoding by the primary transmitter to increase the detection
probability at spectrum-sensing cognitive radios, and thereby
decrease the inadvertent interference at the primary receiver
due to imperfect spectrum sensing. We presented two prescient
beamforming schemes with differing complexities that pre-
emptively mitigate secondary interference for non-cooperative
spectrum sensing. Numerical results demonstrate that the
primary link performance is improved under the proposed
prescient beamforming methods. In forthcoming work, we
have investigated the design of prescient precoding techniques
for interweave networks with multiple primary receivers, as
well as applications to cooperative spectrum sensing scenarios.
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