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Abstract - Optimal use of spectrum is based on the investigation of the primary signal present in the spectrum. Various
methods are discussed in the literature for signal detection. The research presented is about the performance evaluation of the
Equal Gain Combining fusion rule in cognitive radio. The analysis of equal gain combining is executed using MATLAB
simulations. The energy detector is used for individual sensing at each Cognitive Radio. Computer simulations reveal that
Equal Gain Combining shows considerable detections at low SNR levels. As the level of SNR is increases, the detection
capability also increases without imposing any burden on the channel regarding channel-state information. Further, the effect
of varying the Time-Bandwidth Product and the total cognitive radios participating in the sensing is also analyzed. Results
show that the ideal value for the Time-Bandwidth Product (u) is 10. Results reveal that the optimal number of cognitive radios
used for combined sensing is 5.
Keywords - Equal Gain Combining, Energy Detection, Probability of false alarm, Time bandwidth product.

1. Introduction
Spectrum is a finite resource, so it should be efficiently
allotted to the requesting users. In recent times there has been
a need for an almost infinite spectrum to cater to the needs of
the young generation. The available bandwidth should be
distributed in such a way that every user gets time to access
the channel. However, when the channels are statically
assigned to a fixed number of licensed users, it is observed
that these channels never remain busy at all times.
Sometimes the channel is free and can be accessed by nonlicensed users of the network. This fact is exploited by a
cognitive radio to give service to more users, thereby
increasing the overall system capacity. A cognitive radio
intelligently senses the free slots in the band and uses them to
transmit their signals [1]. But the main problem is keeping
track of the free time of the channel. For this purpose, the
users continuously sense the intended channel and report
whenever there are blank spaces in the usage of the channel.
The need to sense the channel gives rise to vast research in
the field of spectrum sensing. A lot of methods are available
to sense the channel. The task is to select the ideal method
for spectrum sensing. Spectrum sensing is limited by a
number of factors, viz., random nature of noise, shadowing
(especially in urban areas), multipath fading, receiver
sensitivity etc. [2].
Cognitive radio is a sensing device that is capable of
adjusting its own operating features like operating frequency,
modulation format etc., depending on the current traffic

conditions [3]. Cognitive users are radios which are
accessing the wireless channel. They are of two typesPrimary user (PU) is the sole owner of the bandwidth, and
Secondary users (SU) are self-seeker users who use the
bandwidth allotted to the primary user when the primary user
is not transmitting [4]. Wireless channels are used for
sensing. Cognitive radio uses two types of channels- sensing
and reporting channels. The sensing channels are used for
sensing the presence of the PU. The reporting channels are
used to send sensing decisions. Spectrum Sensing is the
process of identifying the blank spaces in the spectrum and
concluding whether the PU signal is available or not in the
spectrum [5]. Spectrum Management is distributing the
available spectrum among a large number of new users.
Spectrum Sharing creates a scenario in which all the users
can use the spectrum on a time-scheduling basis [6].
Cooperative Spectrum Sensing, also known by its
acronym ‘CSS’ is a technique in which multiple cognitive
radios sense the channel simultaneously and mutually decide
whether the channel can be used by a SU or not [7]. All CRs
provide their individual sensing information to a common
hub termed a fusion center (FC). The FC merges the
individual data to form a composite variable to describe the
inherence of the PU in the channel. The Fusion center is the
central processing unit of the spectrum sensing model. The
FC uses different methods to combine the results of different
cognitive radios to decide. These can be grouped into Hard
and Soft fusion rules. Hard fusion is basically coarse sensing
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involving hard detection, while soft fusion is fine sensing
with soft detection. Hard Fusion: When the CRs decide and
send only 1 bit (0 or 1) independent decision about the
availability of the PU signal. Mainly three hard fusion rules
are defined- OR, MAJORITY-Logic and AND rule [8].

2.2 Equal Gain Combining
Various algorithms can be used to form a composite signal
received from diverse branches. Each branch is given the
same weight factor despite its signal amplitudes. However, to
avoid signal cancellation, co-phasing of all signals is done
[10].
The FC combines the SNR (γ) of all the branches.

Soft Fusion: The CRs send their whole sensing data to
the fusion center. In a fusion center, the signals are combined
according to some algorithm. Some of the soft fusion rules
defined in literature are maximal ratio, equal gain, selection
combining and square law selection [9].

L

γ = Σ γi
(1)
i=1
It is assumed that the noise levels are equal on all the
branches.

This study is focused on Equal gain combining as it is
the best among the receiver combining techniques as it does
not need to estimate the channel fading amplitudes. It is less
complex. EGC is widely implemented in collaborative
wireless networks to reduce the complexity of the system.

r1

2. System Model

r3

r2

Soft fusion employs the concept of diversity provided by
combining the sensing data of associated radio channels to
form a more accurate sensing result. Multi-user sensing
improves the detection sensitivity of the system without any
overhead in terms of individual CR capability. A number of
CR experiencing different channel fading have a better
chance of detecting the PU. Their individual local sensing is
combined at the Fusion Center.

rL

Attenuators

3. Analytical Design of the System
The signal from the integrator in the energy detector is
used as a test parameter to test for the validity of the two
hypotheses, H0 and H1. The signal received r(t) is a
combination of transmitted signal s(t) and noise signal nʹ(t):
r(t) = hʹ s(t) + nʹ(t)
here

Band Pass Filter (BPF): filters the frequency which
does not fall within the limits of intended bandwidth.
• Squaring device: each term of the signal received for a
certain time duration is squared using this block.
• Summing device: all these squared values are added to
get the energy of the signal received.
• Integrating device: integrates the calculated energy for
a particular time period to get the estimate of the
original signal.
Decision device: estimate is compared with a predetermined threshold value to judge in favor of one of the
hypotheses.
Integrate

aL

Receiver

Fig. 2 Equal gain combining
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2.1 Energy Detector
As the name suggests is a sensor that observes the
absolute energy contained in the signal received for a
particular time duration. The computed energy is compared
to a pre-determined threshold value. It consists of the
following elements:

Squarer

a2

Receiver 2

Receiver L

For individual sensing, a simple energy detector is
considered assuming nothing is known about the PU.

BPF

a1

Receiver 1

(2)

hʹ = 0 in case H0 is true
hʹ = 1 in case H1 is true

Foremost the signal received is made band-limited by
filtering with the help of a bandpass filter, the transfer
function for which is given below.
Hʹ(f) =

2
, |f - fc| ≤ B
√N0ʹ
0

(3)

, |f - fc| ≥B

The band-limited signal obtained from the BPF is
processed using the squaring device and added to get the
energy content of the signal received. Next, it is integrated to
obtain the estimate of the signal received, which is then used
to check the validity of one of the two hypotheses, H0 and
H1 .

Decision
Device

Fig. 1 Energy detector
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Case 1: when Y< λ, but the signal is present, this is
calculated as the probability of missed detection (Pm).
Case 2: when Y > λ, but the signal is not present, this is
calculated as the probability of false alarms (Pf).

For the simplification of analysis, the noise energy E nʹ is
averaged over a time interval (0, T). So we get:
2uʹ

T

Enʹ = ∫ nʹ2(t) dt =

1

0

∑ nʹj2
2B j=1

(4)
The false alarm probability is derived from the PDF of Y

Where uʹ = TB is the product of bandwidth and time. The test
metric Y is formulated as

∞

Pf = ∫ fy(y) dy
(9)
The detection probability is derived from the CDF of Y

2uʹ

Y = ∑ nʹj2

(5)

Pd = 1 - Fy(y)

j=1

After simplification, the expressions for Pd and Pf are

Now Y is modeled as the sum of 2uʹ Gaussian random
variable having zero mean and variance unity. In that case, Y
will follow the central chi-square distribution (χ2) with 2uʹ
degree of freedom. This same approach is applied when a
signal is also present in conjunction with noise.
In that case, the decision metric Y will follow noncentral chi-square distribution with 2uʹ degree of freedom
and non-centrality parameter (2γ) and can be stated with the
following equation:
χ22uʹ

H1

The PDF and CDF of Y are given by equations (7) and (8),
respectively.
1
yuʹ-1 ey/2
u
2 ʹ Гuʹ
fy(y) =

(11)

Pd = Q(√2γ,√ λ) = 1- Pm

(12)

Simulation Setup is created in order to simulate the
above model for EGC employing energy detection at each
CR. The implementation is executed in MATLAB following
the Monte Carlo method. The performance is measured in
terms of different probabilities. The setup included 1 PU, 5
SUs and an FC. Each SU tests 1000 samples for sensing the
PU signal. The simulations are run for a range of SNR (-20
dB to 20 dB) as each CR may sense the channel at a different
SNR. The channel is assumed to be disturbed by AWGN
noise.
Fig. 3 shows the simulation model used

(6)
χ22uʹ (2γ)

Pf = Г(uʹ, λ/2)
Г(uʹ)

4. Simulation Details

H0

Y=

H0

Generate PU signal

(7)
1. y
2 2γ

ʹ

(u -1)/2

e

(2γ + y)/2

Iuʹ-1 (√2yγ)

H1
Generate random noise signal

Calculate received signals at every SU

Where Г(.) is the gamma function, and I(.) is the
modified Bessel’s function.
Fy(y) = 1 – Quʹ (√λ, √y)

(10)

Calculate energy of received signal at every SU

(8)

Here λ is a pre-determined threshold. By comparing the
test metric Y with the threshold, it can check whether H 0 or
H1 is true.
P(Y < λ) H0
P(Y > λ) H1

At FC apply EGC algorithm to form consolidated energy measure E

Calculate threshold λ

YES

The sensing performance of a cognitive network can be
evaluated on the basis of certain probabilities. When the test
metric crosses the threshold value, the CR senses the
presence of PU. The probability is known as the probability
of detection (Pd). Sometimes, the test metric may not give the
correct information about the signal. Then two cases arise:

NO
Check if
E>λ
PU absent

PU present
Fig. 3 Flowchart for Simulation
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probability also increases from 0.9761 to 0.9998. There is an
increase of approximately 23.7 % in the overall detections.
However, the false alarms indicating the fake presence of the
PU signal increased by 65%.

5. Results & Analysis
Computer simulations for 10000 iterations are done, and
the results are presented in this paper as plots between P d and
SNR. Simulation results prove that equal gain combining
shows good performance at a small number of false alarms
Fig. 4 shows the variation of Pd relative to SNR, assuming
different values of Pf. The different curves show that EGC
attains higher values of Pd at very low values of Pf, even at a
low value of SNR. Comparing the curves for Pf = 0.01 and
Pf = 0.75, it is obvious that detection probability increases at
the cost of an increase in false alarms.

Fig. 5 Pmd vs SNR for EGC at different values of Pf in AWGN channel

Fig. 5 demonstrates the variation of missed detections in
relation to SNR. Curves show that the Pmd is low in the case
of lower values of Pf, indicating fewer detections are missed
during sensing, thereby showing good sensing accuracy. And
decreases with the increasing value of SNR.
Fig. 4 Pd vs SNR for EGC at various values of Pf in AWGN channel

From Fig. 4 and Fig. 5, it can be verified that EGC gives
fairly good sensing performance results even when the
channel is disturbed by AWGN noise.

The detailed observations on the values of Pd are
compiled in Table 1 below. Values of Pd corresponding to a
set of Pf and SNR values are recorded from the computer
simulation.

The effect of a time-bandwidth product on the detection
ability of a CR is also analyzed. The value of Pf is kept fixed
at 0.0001. Fig. 6 shows that the bandwidth-time product has
an impact on the values of Pd with respect to SNR. It shows
that as we increase the value of u from 10 to 2000, the value
of detection sensitivity deteriorates. For u = 10 and u =50,
the Pd achieves a satisfactory value at around -5 dB, but as
the value is changed to u = 100, Pd decreases and continues
to decrease for u = 500. It is clear from the plot that the
optimum value for u is 10, as depicted in the simulations.

Table1. Pd at Different SNRs for different values of Pf
Pf
0.01
0.1
0.25
0.5
0.75
SNR
Pd
(dB)
-20
0.0435 0.3673 0.5190
0.7710 0.9238
-15
0.0450 0.3739 0.5253
0.7812 0.9308
-10
0.0498 0.4135 0.5613
0.8081 0.9405
-5
0.0913 0.4915 0.6389
0.8511 0.9573
0
0.2363 0.6474 0.7544
0.9120 0.9789
5
0.5406 0.8005 0.8684
0.9528 0.9950
10
0.7919 0.8990 0.9278
0.9707 0.9967
15
0.9263 0.9644 0.9725
0.9869 0.9997
20
0.9761 0.9890 0.9909
0.9962 0.9998

The sensing performance also depends on the total
number of cooperating sensors used in the sensing in EGC.
Fig. 7 shows how Pd changes as we increase the number of
CRs used for sensing. Pf is again fixed at 0.0001, assuming
very less false alarms. It is observed that the performance is
enhanced by using EGC as compared to the case when only 1
CR was sensing the channel. For CR = 10, Pd does not show
any considerable increase. But with CR = 15, the curve falls,
showing a decrease in detection probability. So it can be said
that the optimal value is 5 CRs for good detection capability
without any overhead.

The values listed in Table 1 verify that the sensing
performance of EGC increases with the increasing value of
SNR. At around 20 dB, which is considered to be an ideal
value for data and voice transmission, the probability of
detection attains a perfect value (approximately 0.9761). It is
noticed that as Pf is increased from 0.01 to 0.75, the detection
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5. Conclusion
In this paper, the Equal Gain combining soft fusion rule
is implemented, assuming energy detection spectrum sensing
at all the cognitive radios. The mathematical modeling and
the simulation details are explained, thereby verifying the
simplicity and utilization of EGC. The detection probability
achieves high values in the case of EGC even at lower values
of SNR. The results show that the ideal value for the timebandwidth product u is 10. Above this value of u, the
performance degrades. Also, the ideal number of CRs used
for sensing is 5. Increasing the number of CRs will not
outperform the sensing decisions to a large extent. The false
alarms are assumed to be very less by fixing P f = 0.0001 in
both cases. EGC is free from estimating the channel state
information, unlike other diversity combining algorithms like
Maximal Ratio Combining. Overall, EGC shows excellent
performance in all cases.

Fig. 6 Pd vs SNR for EGC at different values of u at
Pf = 0.0001 in AWGN channel
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