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autocorrelation
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Abstract—Cyclic Autocorrelation has been proposed as
a technique for symbol rate detection in cognitive radios.
However, cyclic autocorrelation can be inefficient due to
the need to perform an autocorrelation of the received
signal at different cyclic frequencies followed by an
exhaustive search over the entire search space in order to
find the cyclic frequency that produces the maximum
autocorrelation. In this paper the simulated annealing
algorithm is used as a preprocessor to the cyclic
autocorrelation algorithm in order to estimate the symbol
rate of M-Ary phase shift keyed (MPSK) signals. The
Simulated annealing algorithm is used to traverse the
search space in order to find the optimum cyclic frequency
without performing and exhaustive search.
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I. INTRODUCTION
C OMMUNICATION systems are constantly evolving to
increase functionality and efficient use of limited

spectrum. New sophisticated communication protocols are
being developed to accomplish these goal, however, the radios
themselves also need to become smarter.  Traditionally
communication radios have been designed to resolve a signal
of a specific modulation at a specific symbol rate. This means
that if it becomes necessary for a radio to operate on a
different signal that uses a different modulation scheme and
operates at a different data rate, then a new radio would need
to be designed. This can be costly in terms of both time and
money.

Software-defined radios (SDRs) aim to solve this problem
by replacing as much of the radios hardware components with
equivalent software modules. The software modules can be
programmed to handle multiple waveforms, with various data
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rates. SDR capabilities are also bolstered by the fact that they
can be implemented on field programmable gate arrays
(FPGAS) that are reconfigurable in the field, so SDRs can be
updated as needed. This makes for a cost effective and robust
radio that can be updated remotely.

While a SDR is able to handle various signals, it is still
required that the appropriate parameters, i.e., the data rate,
modulation type, be set before it is able to accurately resolve a
given waveform. Some radios are equipped with algorithms
and sensors that allow the radio to detect or estimate these
parameters, thus allowing the radio to operate autonomously.
These SDRs are referred to as cognitive radios. The
applications for cognitive radios are many, ranging from
satellite to satellite communications for deep space
applications, to intelligent radios for military soldiers in the
field. The cognition of a cognitive radio is facilitated by
sensors and algorithms that are able sense the environment and
determine the necessary parameters to allow the radio to
configure itself accordingly. The symbol rate is one of the
main parameters of a signal that needs to be resolved in order
to accurately receive and demodulate a signal.

Many devices today such as smart phones and tablets
contain multiple radios that are designed to resolve different
types of signals. For example, the typical smart phone may
have over ten different radios included in it. Those may
include:

Cellular radio for Global System for mobile (GSM) or
code division multiple access (CDMA).

Bluetooth Radio

Wi-Fi a/b/g/n

Radio for Global positioning systems (GPS)

Radio frequency identification (RFID)

Long-term evolution (LTE)

Evolution data optimized (EVDO)

Infrared radio

Near field communication (NFC)

Many of these radios have to be configured on these
devices that have limited real estate on the chips and circuit
boards. Furthermore, having devices with numerous radios
can be very inefficient in terms of power management.

CURRENT TECHNOLOGIES
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A software-defined radio running on an FPGA or and digital
signal processor (DSP) can replace some or all of the physical
layers for these radios, thus leading to more efficient use of the
real estate of the device. Having a single FPGA may be more
power efficient as well. Table I illustrates some more
advantages and disadvantages of software-defined and
traditional radios.

Table I Comparison of the advantages and disadvantages of
traditional and conventional radio.

Traditional Radio Software Defined Radio
|Advantages stablished Techniques/Potential less power intensive.
Smaller Footprint
[Reconfigurable

[Upgrades are software dependent
[Efficient use of spectum

[Fixed Hardware

[Non reconfigurable
[Upgrades may require
new hardware

Security
Software bugs
[Requires human-in-the-loop

[Disadvantages

Table | shows that the main disadvantages of software-
defined radios are security and software bugs. Since the radio
is based in software, much like many other computer systems
the integrity of the radio can be compromised if it is not
properly secured. Software based systems are also susceptible
to software bugs which can lead affects simple malfunctions to
total failure.

In order for a SDR to properly resolve a signal certain
parameters such as the signals modulation type, symbol rate
and signal-to-noise ratio (SNR) has to be known apriori, and
so the radio operator has to manually enter these parameters
into the radio.

Therefore, in order to have the radio operate without a
human-in-the-loop, mechanisms had to be added on the front
end of the radio. These mechanisms are able to detect or
estimate these parameters. These types of radios are called
cognitive radios. Fig. 1 and Fig. 2 are the respective block
diagrams of a software-defined radio and a cognitive radio.

PARAMETER ESTIMATION FOR SDR

Tuning
Image Rejection
Down Conversion
Filtering

Signal
Frocessing

Fig.1 Block diagram of a Software-defined Radio.

Tuning
Image Rejection
Down Conversion
Filtering

Zognitive

Engine Signal

Frocessing

Fig.2 Block diagram of a cognitive radio.
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Of all the parameters that the cognitive radio has to either
estimate or detect the symbol rate is very important mainly
because the symbol rate can be used in the calculation of the
other parameters such as the modulation type and the SNR.
The symbol rate of a signal can be detected one of two ways
[1], the transmitter can send this information on a separate
channel or the receiver can estimate the symbol rate, given that
the receiver has full knowledge of all the possible symbol rates
that the signal can have.

The first option may be impractical in a system where
bandwidth is limited. The second option implies that the
cognitive radio receiver must blindly estimate the incoming
signals parameters with little or no apriori information about
the signal.

There are a number of symbol rate estimation algorithms
in existence that are capable of blindly estimating symbol rate.
These include methods such as cyclic autocorrelation [2], rate
estimation via wavelets [3], [4] Fourier transforms [5]. The
wavelet technique described in [4] takes advantage of Haar
mother wavelet and its ability to detect transient changes in the
signal when a symbol change occurs. Whenever a symbol
change occurs the wavelet method produces a spike, therefore
when this method is applied to a signal with multiple symbol
changes a series of peaks are produced and these peaks should
display some periodicity. A Fourier transform is then applied
to determine the frequency, i.e., the estimated symbol rate.
This method implied that the signal must be at baseband. The
inverse fast Fourier transform (IFFT) method described in [5]
tries to determine the oversampling factor employed by the
pulse-shaping filter employed by the transmitter.  The
algorithm starts by taking a periodogram of the received
MPSK signal and to attain a signal G(F). The IFFT is then
applied to G(F), resulting in a signal g(n). The oversampling
factor is determined by counting the number of samples at
which the first null of g(n) occurs. The symbol rate estimate is
then determined by finding the quotient of the system sample
rate and the estimated oversampling factor. This method
requires very large FFTs in order to make the nulls more
distinguishable.

For this work, the cyclic correlation algorithm was
employed to estimate symbol rate. The cyclic correlation
algorithms less complex compared to the wavelet and IFFT
methods and lends itself to practical implementation.

IV. THE CYCLIC AUTOCORRELATION ALGORITHM

The cyclic correlation algorithm takes advantage of the
cyclostationary nature of linearly modulated signals [2] which
include M-Ary phase shift keyed (MPSK) signals. The
autocorrelation of M-Ary signals repeat with a period that is
equal to the symbol rate of the signal [6]. The governing
equation is shown in (1).

N-1

R(a,z-) = %Z r(n).m_e—jbmn

n

)

where,
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a—is referred to as the cyclic frequency
t—is thelag

N — is the total number of samples

r — is the received signal

I —is the complex conjugate of the received signal

The algorithm performs an autocorrelation at different
cyclic frequencies, in search of the optimum cyclic frequency,
where the autocorrelation value is maximized. The signal is
shifted in the time domain based on t and the kernel 3™
shifts the autocorrelation in the frequency domain [7]. The
estimated symbol rate of the given signal is calculated by

applying (2)

T.=F,-«a 2)

opt
where,

A

T, — is the estimated symbol rate

Fs — is the sample rate
Oopt — IS the optimum cyclic frequency

The algorithm does an exhaustive search over all possible
cyclic frequencies in order to find the optimum frequency and
depending on the resolution of the frequencies the process
could become very inefficient.

V. SIMULATED ANNEALING

The simulated annealing (SA) algorithm is an optimization
technique that is based on the annealing process in metallurgy
[8]. The algorithm is able to find the global maximum of an
objective function by randomly permuting one or more
variables of the objective function. The simulated annealing
algorithm has the ability to avoid becoming stuck at local
extrema and so given enough time the algorithm will find the
global extreme of the objective function.

In metallurgy when a metal is heated to a high temperature
the atoms within the metal become energized and the randomly
and manically move around within the metal. If this
temperature is held constant for long enough some equilibrium
will be reached. The temperature is then lowered and once
again the atoms will randomly move around until some
equilibrium is reached for this lower temperature. Since the
temperature is lower, the energy levels of the atoms are also
lowered and so they do not move around as manically. The
temperature is once a gain lowered and the process is it
repeated with the temperature being slowly decreased until it
reaches some minimum, i.e., freezing temperature. At the
minimum temperature the atoms within the metal are at a
minimum energy state and have assumed a crystalline
structure.  The result of the crystalline structure is a more
ductile metal. This entire process is referred to as annealing.

Simulated Annealing is analogous in that the process starts
at a high temperature. The temperature in simulated annealing
is referred to as the control parameter. When the control
parameter is high, the algorithm will randomly select one or a
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combination of free parameters randomly and with wide
variation. The free parameters are used to evaluate the
objective. The control parameter is slowly decreased to some
minimum value. As the control parameter decreases the
random selection of the free parameter will not vary as widely.
By the time the algorithm arrives at the minimum temperature
the it should converge upon a set of parameters that cause the
objective function to result in a global extrema. The simulated
annealing algorithm is able to avoid getting stuck in a local
minimum/maximum by accepting an incorrect result
occasionally [9]. The algorithm will accept an incorrect
answer based on the Boltzmann probability (3).

_ PAE = (Enew - Euld )/ka >U (0’1)’ aCCGpt (3)
| otherwise, reject incorrect result
Where, Pag is Boltzmann’s probability, and k, is

Boltzmann’s constant.  The probability is evaluated by
differentiating between the previous energy state and the
newest energy state divided by the control parameter. If P is
less than a uniformly random number between 0 and 1 the
incorrect solution is rejected. In simulated annealing ky is
usually set to one, therefore the probability is influenced
greatly by the control parameter T.

So for example if the algorithm was searching for a global
minimum and it was trapped at a local minimum, the algorithm
may randomly choose a set of parameters that lead to a higher
energy estimate, and that estimate may be excepted as the next
state. This essentially allows the algorithm to escape from the
local minimum. Fig. 3 shows a flowchart of the general
simulated annealing algorithm.
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Where,

0 — is a set of free parameter that are needed by the
objective function.

E(0) — is the result of evaluating the objective function
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with a given.

T — the control parameter, i.e., the temperature.

@ — the objective function.

AE - is the difference between the new and old
evaluations of the objective function.

Pag — referred to as Boltzmann’s probability

B — scaling parameter

A —a number between 0 and 1

VI.

Using the cyclic correlation algorithm for symbol rate
detections, requires performing an autocorrelation of the
recived signal at different cyclic frequencies and then
performing a search to identify which cyclic frequency results
in the maximum correlation coefficient. The exhaustive search
for the optimum cyclic frequency can be inefficient especially
if the resolution of the cyclic frequencies and the correlation
lags are small. The cyclic correlation algorithm requires to
input parameters, namely the cyclic frequency o, and the lags
1. The simulated annealing algorithm is used to randomly
select combinations of these two variables, from a search
space and submit them to the cyclic correlation algorithm.
This means that the cyclic correlation objective function will
not have to be executed for all combinations of a, and T within
the search space. Also due to the randomness of the parameter
selection process the resolution of the two parameters are
allowed to vary. By using SA an near optimum solution is
guaranteed, i.e., the correct set of parameters will be selected
from the search space. The result is algorithms that can
autonomously detected the symbol rate of a received signal
given that the symbol rate lies within the selected search space,
and no other information.

Fig. 4 depicts a flowchart of the modified algorithm. The
main difference between Fig. 3 and Fig. 4 is that the modified
algorithm has to take into account the restrictions associated
with the cyclic correlation algorithm.

SIMULATED ANNEALING WITH CYCLIC CORRELATION
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The two-dimensional search space for the algorithm is
defined a all possible combinations of a and t. In order to
determine the range of a’s, consider (1) where o is defined by
(4)

a =R/F, (4)
Where R is a candidate symbol rate and Fs is the sampling rate
used to sample the received signal. based on the relationship in
(4) it can be seen that the lower limit of a > 0 since, there can
be no negative frequencies, nor can the symbol rate be a value
of zero. The upper limit is bound by the sampling theorem
which states that Fs > 2R, so the upper limit of o is 0.5.
Therefore the cyclic frequency is bounded as shown in (5).

O<a<05 (5)

The range of lag is determined by the fact that the cyclic
correlation algorithm needs to autocorrelate at least one
symbol. Therefore, it is necessary to calculate the number of
samples per symbol, based on the highest and lowest possible
symbol rates of the received signal. The number of samples
per symbol is defined by (6).

samples per symbol = F, /R (6)
Therefore (7) defines the number of necessary lags.
FS/Rmax srs I:S/Rmin (7)

These bounds are represented by Cnpi, and Cpa in the
flowchart in Fig. 4. Essentially, whenever a 0, is evaluated it
has to be checked against the bounds before it is accepted for
the next iteration of the algorithm. Otherwise the new value is
discarded and the old values are retained on the next iteration.

VII. SIMULATION RESULTS

An experiment was used designed to test the simulated
annealing with cyclic correlation algorithm. The algorithm
was tested with BPSK signals of differing symbol rates
ranging from 300 kBd — 1500 MBd. The simulated annealing
algorithm was allowed to simultaneously select combinations
of aandr.

Table 11 Shows the result of the hybrid algorithm versus the

true data
Symbol True Estimated | Estimated
Rate Cyclic Cyclic Symbol
Bits/s Frequency | Frequency | rate
300000 01 010 | 300348.26
345000 0.115 012 | 345064.54
405000 0.135 013 | 40422815
525000 0175 017 | 524556.86
530000 0.21 021 B30151.12
780000 0.26 0.26 | 780153.38
855000 0.285 028 | B54480.49
945000 0315 031 94497013
1060000 0.355 0.35 | 1059586.12
1200000 0.4 0.40 | 1200143.69
1320000 0.44 044 | 1319528.89
1485000 0.495 0.49 | 1484680.24
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Table Il shows the results of the test by comparing the true
parameters for the cyclic frequency, the lag and the estimated
symbol rate. It can be shown from Table Il was that the
algorithm was able to successfully determine the cyclic
frequency for all of the respective symbol rates to within one
percent of error. These results show that the algorithm is
capable of blindly determining the symbol rate of MPSK
symbol.

VIII.

The cyclic correlation algorithm with simulated annealing
was able to estimate the symbol rate to within 0.1% of the true
rate. The simulated annealing optimization algorithm was able
to randomly vary the two input parameters, i.e., lag and cyclic
frequency, of the cyclic correlation algorithm. This allows for
less executions of the cyclic correlation algorithm, while still
producing an accurate result.

CONCLUSION
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