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ABSTRACT

Cognitive Radios (CRs) build upon Software Defined Radios
(SDRs) to allow for autonomous reconfiguration of communi-
cation architectures. In recent years, CRs have been identified
as an enabler for Dynamic Spectrum Access (DSA) applications
in which secondary users opportunistically share licensed spec-
trum. A major challenge for DSA is accurately characterizing
the spectral environment, which requires blind signal classifica-
tion. Existing work in this area has focused on simplistic chan-
nel models; however, more challenging fading channels (e.g.,
frequency selective fading channels) cause existing methods to
be computationally complex or insufficient. This paper develops
a novel blind modulation classification algorithm, which uses a
set of higher order statistics to overcome these challenges. The
set of statistics forms a signature, which can either be used di-
rectly for classification or can be processed using big data ana-
lytical techniques, such as principle component analysis (PCA),
to learn the environment. The algorithm is tested in simulation
on both flat fading and selective fading channel models. Results
of this blind classification algorithm are shown to improve upon
those which use single value higher order statistical methods.
keywords - Modulation Classification, Cumulants, Selective
Fading, Time Correlation, Modulation Signature, Big RF

1. INTRODUCTION

Automatic Modulation Classification (AMC) is the meter by
which CRs are able to dynamically change their receiver archi-
tecture based upon observed signals. The AMC algorithms are
therefore between the detection of a signal and the demodula-
tion of symbols back to bits at baseband. This functionality has
a diverse array of applications in military and civil communi-
cations systems. One of the most recent applications is within
DSA systems to allow for adaptive secondary users, which can
take advantage of white spaces in under utilized spectrum bands.

There are two major trends in developing AMC algorithms:
Likelihood-Based (LB) and Feature-Based (FB) [1]. While the
LB algorithms can be shown to be the optimal solution in the
Bayesian sense [2], the computational complexity required for

achieving that optimum is often too intense for many mobile ap-
plication to handle in real time while maintaining a reasonable
power budget. For this reason, this paper focuses on the FB al-
gorithms [3-10] instead of the LB approach [2, 11]. This pa-
per makes use of multiple cuamulants from second to tenth order
for a total of twenty features, which form a Waveform Signature
(WS). While the higher order cumulants suffer from an increased
variance in the estimator, there is also an increased separation
between ideal cumulant values that can be useful in the WS. In
contrast to approaches present in the literature that make use of
a Decision Tree (DT) and operate on one feature at a time [3-7],
or Support Vector Machines (SVM) [9, 10], which use a set of
features in a one-vs-all DT, the proposed algorithm makes use
of L1 norm distance to classify the observed signal for its sim-
plicity. The classification for the WS algorithm presented here is
performed using the observed signal’s WS and minimizing the
L1 norm distance between a known WS learned in a supervised
database.

The paper is organized as follows: Section 2 describes the
channel models considered. Section 3 explains the features used
in this paper and an algorithm that exists in the literature for
AMC that use similar features. Section 4 then covers the pro-
posed WS generation and AMC algorithm. Section 5 then com-
pares the proposed algorithm with the existing algorithm on the
different channel models, and Section 6 concludes.

2. SYSTEM MODEL

The sampled received signal can be represented as

L—-1

r(v) = Z h(v,T)z(v — 1) + n(v) (1)

7=0

where r(v) is the received signal, z (1) is the unit variance trans-
mitted symbols with rectangular pulse shape equally distribut-
ing the energy over three samples per symbol. n(v) is AWGN
with circularly-symmetric CN(0, o2 ) distribution. The channel
effects are contained in h(v, 7) where v is the sample instance
and 7 is delay relative to v.

The first channel model considered in this paper is given in
Section 2.1 where both flat fading and block fading are assumed.
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The next channel examined is given in Section 2.2 where the
flat fading assumption is relaxed and the channel undergoes fre-
quency selective fading. The final channel model examined uses
the flat fading model, but relaxes the block fading assumption.
Using Clarke’s model [12], time correlation is added to the flat
fading channel model based on Doppler Spread. This channel
model is described in Section 2.3.

2.1. Flat, Block Fading

When the assumptions of flat fading and block fading are made,
the channel is approximated as a single constant value over an
observation period. These two assumptions remove the chan-
nel dependence on v and 7 and h becomes a complex scalar.
Equation (1) collapses to (2) where the channel is multiplied
with the transmitted signal. To generate each channel realiza-
tion, Clarke’s sum of sinusoids narrrowband model is used com-
bining 200 components with uniform angle of arrival [0, 27).

r(v) =h-z(v) +n(v) 2)

The generation of this channel model is the average of the 200
components, each a circularly-symmetric CA/(0, 1), representa-
tive of a Rayleigh flat fading environment. With every new trial,
a new value for h is generated.

2.2. Selective, Block Fading

By removing the assumption of flat fading, the channel becomes
a set of multiple paths from the transmitter to the receiver, with
each path having independent amplitudes and phases. Using
Turin’s model with an arrival rate A = 3.55 within an ob-
servation period of 56us, a channel is modeled with 4 total
paths [13]. Each path has a Rayleigh magnitude with parameter
2 = 0.05 as was used in [4,5,7,8] with a uniform random phase
6 U[0,27). Under a more idealized model, these four paths
translate directly, L = Lyq:ps as each delay is exactly a sample
delay. In this paper a more practical generation occurs where the
Lpatns have delays found using a Poisson process with Turin’s
parameters. These Poisson delays are then combined with the
Rayleigh weighted taps. The taps are then sinc interpolated to
the discrete sampling instances v where the sinc pulse is trun-
cated for significance such that the ripples whose magnitude is
less than 0.01 are ignored. This is simulated for a narrowband
signal to observe the difference between the selective model and
the flat fading assumption of the first channel model approach.
The symbol period T's = 156.2515 is greater than the expected
maximum path delay, Ts > 63us, for the Poisson process with
Turin’s parameters. The given model results in L = 10 on aver-
age and is represented as

L—-1
r(v) =) hr)z(v—7)+n(v) ©)
7=0

where h is conditioned such that Zf;i |h(T)|]? = 1.

2.3. Flat, Doppler Spread Fading

The final channel model examined again assumes flat fading;
however, the assumption of block fading is removed. Each sam-
pling instant, v, is the mean of 200 independent components
with uniform angle of arrival [0, 27) utilizing Clarke’s sum of
sinusoids narrowband model. The received signal from the time
varying channel model is given as

r(v) = h)-z(v) +n(v) @

The flat, Doppler spread channel model is examined with
three different Doppler values: 5, 70, and 200 Hz. These val-
ues where chosen based on their use in the LTE specification.

3. CUMULANT BASED ALGORITHM BACKGROUND

In order to examine the benefit of the proposed algorithm, first
background on the higher order cumulants is provided and one
application that uses a single feature camulant is given. The cu-
mulant is a higher order statistic that was proposed by Swami
and Sadler in [3] as a feature to be used in a hierarchical clas-
sification method by using the set of fourth order cumulants.
Xi and Wu [5] then extended the residual channel effect, 84 2,
shown in [3] to the multipath channel model using 3, o directly
to normalize the loss seen by the residual channel; however, the
channel estimation technique used in [5] is shown to be unstable
in [7]. Orlic and Dukic [7] propose a new channel estimation
method and a modified sixth order cumulant, discussed in Sec-
tion 3.2, for modulation classification.

3.1. Cumulant
The cumulant is defined as:

P

Np N,
Ay cra) £ 3D (N, -0y TTE ]

P b=1p=1 |iep
&)
where P is a list of all integer partitions of n on the indices
t =1,...,n. Each partition is made up of a list of non-repeating

nonempty blocks, B, of length Np, where N, is the number of
parts, p, in the partition. A block, b, is one unique arrangement
of indices separated into [V, parts. The expectation operation is
given as E[r] ~ & Zivzfol r(v) and assumes that 7 is ergodic.
By splitting the cumulant order, n, into n — ¢ copies of the sam-
ples and ¢ copies of sample conjugates the notation k, 4 is used

to represent the cumulant of order n with ¢ conjugates. That is

" T, 1<1<n—gq
i) = . (©)
! r, n—g<i<n
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The cumulant k3  is given below as an example.

k30 =(=1)'"1 (1 = 1) {((m30))}
+ (1?2 = 1) {((ma) (ma0)) +
((m2,0) (m1,0)) + {(m2,0) (M1,0))}
+ (=113 =) {{(ma,0) (ma,0) (m1,0))}

where {-} is a partition, (-) is a block within the block list for
the partition, and (-) is a part in the block. The use of m,, 4 is
shorthand for the moment E[r™~%r?]. Without the descriptive
bracket notation used, the equation simplifies to.

3
K3,0 =M3,0 — 3mzomio+2-mj,

When fourth order cumulants were proposed by Swami and
Sadler [3] they provided means to account for unknown ampli-
tude and phase of the received signal caused by the channel ef-
fects. The first adjustment normalizes all higher order cumulants
in such a way that they are energy neutral when used. This en-
ergy normalization is given by

Fopyg = ——mad__ 7

P )
where &, 4 represents the energy normalized cumulant value.
For ideal performance at lower Signal to Noise Ratio (SNR) the
noise power, o2, is needed to properly normalize the higher or-
der cumulants. In this paper the noise power is assumed known
as it has been shown to be blindly estimated given a long enough
observation in [14, 15]. To account for unknown phase in the
received signal, Swami and Sadler proposed the use of the ab-
solute value of the cumulant, this is employed here even at the
potential cost of loss of separation seen for certain modulation
comparisons [3].The normalization of the cumulant is denoted

’%n,q = ‘Rn,q‘ (®

where &, 4 is the magnitude of the cumulant value from (7).

For reduced computation of the cumulant values, and by using
the property that the received signals are assumed to be zero-
mean random variables, any moment that is multiplied by E[r] is
assumed to be zero and removed from the computation. Further
making use of the symmetric placement of symbols on the IQ
plane, any moment of an odd power, E [r*°dd], is assumed to
be zero. These assumptions allow for higher order cumulants
to be calculated under ideal conditions perfectly with reduced
computation.

3.2. Single Feature Approach

The single feature approach used as a comparison for this pa-
per’s proposed algorithm is the algorithm proposed by Orlic and
Dukic [7]. The cumulant feature they proposed to use is a mod-
ified version of &g 3 before applying the channel normalization.

The difference between < 3 and K¢ 3 used by Orlic and Dukic
is given by

me,3 — 6R {mg,omf{’l} — 9m4,2m271
+ 18|m270|2m2,1 + 12m§71

€))

Ke,3 =
(k21— 02)°

me,3 — 9ma,oma 1 + 12|mag*ma
. +12m3
Re,3 = = : (10)
(k2,1 —03)

where R{-} is the real of the complex value. The modified cu-
mulant removes the phase dependence, R {m270m2,1 } from the
sixth order cumulant.

Before the modified cumulant K¢ 3 is used for classification it
first must be normalized with a 3 3 factor defined as

S [h@)°

Be,3 = - NG (11)
(=i ol
from [7].
The cumulant estimator is then defined as
. 1
Ke3 = @%,3- (12)

This estimator, K¢ 3, is then compared to the ideal cumulant
value for each waveform being considered. The modified cumu-
lant in (10) has a different value from the true k¢ 3 found from
(9) for PAM modulations of order four and greater, but otherwise
has same value as the true k¢ 3 for the remaining modulations
considered in this paper.

As the generation of K¢ 3 relies on g 3, which in turn relies
on the channel taps, the channel taps must be estimated from
the received signal. The relative channel estimation procedure
is defined as

> _m470(fafafak)
M) = eolF F R F)

where L is the estimated number of taps, and m4 o(f, f, f, k)
is defined by

m4,0(fafafak) :E[T(l/—k)'T‘(I/—f)g]
Lp—1
- ( Z R3(D)h(k — f+l)> ElzY (14)
1=0
+Res(f, f, [, k)

with the Res(f, f, f, k) ~ 0 the estimated values of the taps are
given in [7] as

fk=0,....,Lp—1 (13)

- h(k— f+m)
hk) x ———————= 15
(W)~ =S (s)
where h(m) corresponds to the strongest tap and the desired
value of f = m. As the strongest tap is not known a priori the



Proceedings of WInnComm 2016, Copyright © 2016 Wireless Innovation Forum All Rights Reserved

channel must be estimated L times in order to have the best
normalized channel estimate. Then in order to determine which
value of f should be used, this procedure is repeated Ny times.
Whichever value from the Lpx/Ng matrix of estimates mini-
mizes the standard deviation of the cumulant estimator, K¢ 3,
from the ideal cumulant values over Ng is chosen as f. This
means a second order minimization must occur across all Lg
taps, Ng estimates, and | M| modulations to be considered. For
simplicity in this paper N = 1 and the classification results in
the minimization of the residual of the estimate from the ideal,
and the modulation is chosen that achieves this minimum from
an |[M|xL g matrix.

4. ALGORITHM DEVELOPMENT

This paper’s contribution is the Waveform Signature (WS),
which makes use of the base application proposed by Swami
and Sadler and seeks to circumvent the run time channel esti-
mation needed by both Xi’s and Wu’s, and Orlic’s and Dukic’s
algorithms. Unlike using a single feature for classification, or
using a set of features individually or jointly in a hierarchical
decision tree, the proposed algorithm makes use of the entire
set of features for classification. The set of features used in this
algorithm are the cuamulants given in (16), a 20-dimensional vec-
tor. The equations for generating each cumulant value prior to
energy and phase normalization in (7) and (8) respectively are
given in Appendix A. This set of features is denoted as a Wave-
form Signature (WS) and is the estimator used for modulation
classification.

ws =[Ra,0, k2.1, R4,0, Ra.1, Ra,2, 56,0, R6,1, K62, K63,
k8,0, k8,1, k8,2, kg3, g 4, (16)

K10,0, R10,1, K10,25 K10,35 K10,4, 510,5]

To emphasize the use of the WS for modulation classification,
databases are made for each modulation of interest on every con-
sidered channel. These databases are denoted Dys,c where M
is the modulation in the database and C'is the channel that the
database was collected on. This represents a supervised learning
database for the signals of interest within the operation environ-
ment. Each database is a collection of 2,000 waveforms on an
AWGN channel with 20 dB E,/N,. For use in classification, a
simple approach takes the average of all WS within the database
and creates a single signature, wsy;,c = 5055 ZwseDM’C ws,
to compare against for each unknown waveform, ws. Any un-
known WS is classified by (17).

M = mi — W3 17
Agneljr\l/ll\wsM,c ws|| 17)

where M contains all modulations being considered and || - ||;
is the vector 1-norm.

By taking ideal captures of the modulations under consider-
ation, h = 1, a% = 0, such that the only variance is caused

00251 o BPSK
s QPSK
0.02 ° 16-QAM
N = 64-QAM
[

-0.005 L - L
0 0.005 0.01 0.015 0.02 0.025

Figure 1: Principle Component Analysis in 2-Dimensions of the Wave-
form Signatures as seen on 20 dB E5 /N, AWGN Channels for BPSK,
QPSK, 16QAM, and 64QAM. Subplot shows 16QAM and 64QAM
when zoomed in.

by using the sample mean instead of the exact moments of each
waveform. The ideal database is then generated by

- _ipT T T T
D, 1deat = [Py rdeats Dty 1deats - - - Dimp 1deat]” (18)

where | M| is the number of modulations being considered and
()7 is the transpose. Performing Principle Component Analysis
(PCA) on the ideal database and using the greatest p component
vectors a reduction in dimensions can be performed on the WS.
The reduction matrix is defined in (19).

W{p} = [w(l),...,w(p)] (19)

Each w ;) is the it" loading column vector of the PCA on the
ideal database in (18). The reduced WS is then found in (20).

wsl? = ws - wiet (20)

To illustrate this reduction, the WS of four modulations
{BPSK, QPSK, 16-QAM, 64-QAM} on a AWGN channel are
shown in Figure 1. The subplot zooms into the region around
the 16-QAM and 64-QAM data points to show the separation
between the two QAM modulations. The PCA was performed
on the ideal database that consists of 14 modulations, {BPSK,
QPSK, 8PSK, 16PSK, 4PAM, 8PAM, 16PAM, 4QAM, 8QAM,
16QAM, 32QAM, 64QAM, 128QAM, 256QAM}.

Modulation classification can be performed on ws{#} by pro-
jecting the database into the reduced space D}{\Z}C = Dy o -
WP} and then following the same procedure of finding the av-

erage reduced WS, ws}{v’;}c = 5000 DwseDar o WS wie}, and
, as shown in (21).

minimizing the unknown reduced WS, ws'”

AT s {r}  —~Ar}
M—]&}g}\l/lesM’C ws'™|y 21

It should be noted that this reduction of dimensions does come
at a small performance loss at low SNR as not all of the vari-
ance is contained in the first few components; however, by fil-
tering out less useful components, a greater performance can be



Proceedings of WInnComm 2016, Copyright © 2016 Wireless Innovation Forum All Rights Reserved

seen at higher SNR. This difference will be examined in the next
section. Using the reduction matrix of the idealized 14 modula-

tions, D({fj’)yc,

considered, D{/p\/}l o will show a greater performance loss and
this will be examined in the next section for the most notable
case.

when only a subset of the modulations are being

5. PERFORMANCE ANALYSIS

Simulations are conducted to analyze the performance of the al-
gorithms discussed in the paper by comparing the average prob-
ability of correct classification, P.., as defined in (22).

[M]
Pee =y P(M = M;|M;) P(M;) (22)
i=1
where P(M;) = ﬁw, and P(Z\//.T = M;|M,) is the probability
that M; is the classification choice given that M; was transmit-
ted.

Three sets of modulations are considered, which have com-
monly been used in AMC literature for observing the AMC per-
formance. The first set, {21, consists of {BPSK, QPSK} [5-7].
The second set, {25, consists of {QPSK, 16QAM, 64QAM}
[5-8], while the third set, {23 consists of {BPSK, QPSK, 8PSK,
4PAM, 16QAM}, which is a combination of sets from [3,8,11].
These sets are examined on the three channel models discussed
in Section 2 for narrowband signals: Flat, Block Fading; Selec-
tive, Block Fading; and Flat, Doppler Spread Fading.

For all the simulations the block length, Ny, is 1920 samples
which means that the number of symbols, Ny, is 640 since there
are three samples per symbol. The estimated tap length, Lg, is
set to 10 in [7], which is the average tap length seen in the Turin
model. This is chosen because the considered channel models
are all being used to examine the P,.. on similar narrowband
channel models. The P,. performance is the average of 2,000
Monte Carlo trials. The reduced waveform uses the first three
loading vectors, p = 3 from (20), of the PCA for classification in
this section. A summary of the performance is given in Section
5.4.

5.1. Flat, Block Fading

The first channel to test the WS upon is the standard Flat, Block
Fading channel model. This uses a scalar Rayleigh random vari-
able with parameter, o7, equal to /0.5 and is generated uniquely
for each simulation run. Figure 2 shows the performance of
the proposed algorithm in comparison to the algorithm in [7]
for modulation space §2;. The three performance curves are
for the full WS, ws (square), the reduced WS utilizing the 14-
modulation database from section 4, ws{ﬁ o (0), and the algo-
rithm in [7], K¢,3 (dashed). Atlow SNR vaﬂ’les there is a perfor-
mance loss from using the reduced WS when compared to the
full WS, but beyond 1dB SNR the loss is minimal. In contrast

-10 -5 0 5 10 15 20 25 30
SNR (Es/No dB)

Figure 2: The P.. using modulation set {2; on a Flat, Block Fading
channel using the Clarke model.
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Figure 3: The P.. using modulation set {22 on a Flat, Block Fading
channel using the Clarke model.

the algorithm from [7] has better performance for SNR values
< 0dB.

For the modulation space (25, the effect of using the 14-
{3}
(14),

database, DE{S;C (diamond), has a significant difference in
classification performance, shown in Figure 3. This difference
is due to the separation between 16QAM and 64QAM being a
difficult task for camulants. The difficulty is addressed in [3]
when a conservative estimate of the number of symbols needed
to reach 90% accuracy was >10,000 symbols. To reach the same
accuracy for most other 2-case modulation classifications, <300
symbols are required to achieve the same threshold. By only
considering the modulations to be examined in the PCA reduc-
tion, more degrees of freedom can be applied to their separa-
tion than when all modulation are considered. Using the 14-
modulation database to do the WS reduction results in approxi-
mately 1-2 dB loss in performance along with a 3.5% decrease
in maximum classification accuracy.

modulation database, D c (0), versus the 3-modulation

Examining 23 shows that the reduced WS results in a 0.5
dB loss in performance for a more diverse modulation set, but
achieves equal performance to the full WS for SNR > 9dB.
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Figure 4: The P.. using modulation set {23 on a Flat, Block Fading
channel using the Clarke model.

-10 -5 0 5 10 15 20 25 30
SNR (E/N_ dB)

Figure 5: The P, using modulation set {2; on a Selective, Block Fading
channel using the Turin model.

5.2. Selective, Block Fading

The second channel model examines the effect of frequency cor-
relation in the channel. The performance of the different mod-
ulations sets, {21, €25, and 23, are shown in Figures 5, 6, and 7
respectively. For () there is a loss in performance over the Flat
fading channel, but 90% accuracy is reached and maintained at
3dB SNR and maintained using both the full and reduced WS.

In Figure 6 the difference between using Di{f j), ¢ and Di{gi ).C
in the reduced WS shows as a 1 dB loss in performance; how-
ever, there is no longer a reduction of the maximum classifica-
tion achieved by using D({f 4})7 - For Q3 there is a loss in perfor-
mance for the reduced WS when compared to the full WS.

5.3. Flat, Doppler Spread Fading

The first two channel models assumed that the channel is con-
stant for the duration of the observation, which is reasonable for
relatively stationary links; however, the channel changes over
time when there is relative motion in the link. The third channel
examines the effect the time correlation of the channel has on the
performance of the system. Two maximum Doppler values ex-
amined here are 70 Hz, and 200 Hz, which are also used in the
LTE standard’s channel models. The third maximum Doppler
value, 5Hz, is omitted here for brevity due to performance being

-10 -5 0 5 10 15 20 25 30
SNR (Es/No dB)

Figure 6: The P, using modulation set {22 on a Selective, Block Fading
channel using the Turin model.

1 T T T
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0.97-"';5'3 n _—g—8—8—§ g
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-10 -5 0 5

10
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Figure 7: The P.. using modulation set {23 on a Selective, Block Fading
channel using the Turin model.

relatively close to that seen in the Flat, Block Fading figures.

5.3.3.  Maximum Doppler 70Hz

In Figure 8 the effect on the modulation set €2 is seen to re-
duce the performance of the WS classification by 2% but other-
wise has similar performance to Figure 2. {29 in Figure 9 shows
that the reduced WS using D({éi),c results in a single percentage
greater maximum performance. For €23 in Figure 10, much like
in €)1, there is reduction in the maximum performance observed
by 5%.

5.3.3.  Maximum Doppler 200Hz

As the maximum Doppler increases, the channel changes faster
in time and causes a greater reduction in the performance of the
WS. Figure 11 is the only condition that was tested where the
algorithm in [7] exceeds the performance of the WS at higher
SNR once the WS has out performed [7]. The performance of
the WS for 2, drops to the lowest of 90% accuracy in this chan-
nel. The performance (25 is shown in Figure 12. Using the re-
duced WS from D{13 i c reaches a greater maximum accuracy at
higher SNR than either the full WS or the reduced WS with the
more selective database; however, a right shift is still seen at low
SNR. Figure 13 shows a reduction in performance for modula-
tion set (23 to 82% with the reduced WS slightly outperforming
the full WS.
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Figure 8: The P.. using modulation set £2; on a Flat, Doppler Spread
Fading channel using the Clarke model with maximum Doppler of
70Hz (Clarke70).

0.2F
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10
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Figure 9: The P.. using modulation set {22 on a Flat, Doppler Spread
Fading channel using the Clarke model with maximum Doppler of
70Hz (Clarke70).

5.4. Performance Summary

The P, performance, which is shown in Figures 2 - 13, is dis-
played in Tables 1, 2, and 3 for SNR values 5, 10, 16 dB re-
spectively. The performance on the Clarke model with a SHz
maximum Doppler is shown as well.

-10 -5 0 5 10 15 20 25 30
SNR (Es/No dB)

Figure 10: The P.. using modulation set {23 on a Flat, Doppler Spread
Fading channel using the Clarke model with maximum Doppler of
70Hz (Clarke70).

{3}
1H-e-ws

15 20 25 30

-10 -5 0 5

10
SNR (Es/No dB)
Figure 11: The P.. using modulation set {2; on a Flat, Doppler Spread

Fading channel using the Clarke model with maximum Doppler of
200Hz (Clarke200).

Table 1: Performance Summary at 5 dB SNR

Channel P.. @ 5dB (%)
& 37 BT T

Model ws | w8y | WS | 63
Clarke Qq | 100 100 - 98.7
Clarke Qo | 67.5 53.6 67.5 39.7
Clarke Q3 | 88.6 86.3 - 474
Turin 0 | 93.1 94.2 - 91.5
Turin Qo | 54.0 46.1 54.5 39.5
Turin Q3 | 67.4 67.5 - 41.7
Clarke5 Qq | 100 100 98.5

Clarke5 Qo | 674 | 54.0 67.3 | 395
Clarke5 Q5 | 894 86.8 - 46.8
Clarke70 | ©; | 982 | 98.3 - 98.0
Clarke70 | Q9 | 64.0 | 53.1 644 | 392
Clarke70 | Q3 | 83.8 82.9 - 46.4
Clarke200 | ©; | 904 | 91.0 - 93.3
Clarke200 | Q9 | 57.5 49.0 57.8 | 39.7
Clarke200 | Q3 | 82.1 84.0 - 26.8
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Figure 12: The P.. using modulation set {25 on a Flat, Doppler Spread
Fading channel using the Clarke model with maximum Doppler of
200Hz (Clarke200).
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Figure 13: The P.. using modulation set {23 on a Flat, Doppler Spread

Fading channel using the Clarke model with maximum Doppler of
200Hz (Clarke200).

Table 2: Performance Summary at 10dB SNR

Channel P.. @ 10dB (%)
& 137 BT T

Model ws | w8y | WS | K63
Clarke Qq | 100 100 - 62.3
Clarke Qy | 85.8 81.7 859 | 36.1
Clarke Q3 | 100 100 - 21.7
Turin Q] 92.0 92.2 - 72.7
Turin Qo | 65.8 64.5 653 | 422
Turin Q3 | 83.8 83.7 - 29.7
Clarke5 Qq | 100 100 62.9

Clarke5 Qo | 855 81.9 86.3 | 35.8
Clarke5 Qs | 100 100 - 21.4
Clarke70 | ©; | 98.1 98.2 - 69.0
Clarke70 | Q9 | 77.5 77.6 78.6 | 39.1
Clarke70 | Q3 | 954 | 954 - 25.0
Clarke200 | ©; | 90.2 | 90.6 - 79.7
Clarke200 | Q9 | 66.0 | 70.1 69.0 | 43.8
Clarke200 | Q3 | 82.6 83.8 - 32.7

Table 3: Performance Summary at 16dB SNR

Channel P.. @ 16dB (%)

Model ¢ ws ws&{ﬁ) wsi{é})’ FKe,3
Clarke Qq | 100 100 - 50.0
Clarke Qo | 925 89.6 92.9 333
Clarke Qs | 100 100 - 20.0
Turin Qq | 91.7 91.7 - 55.6
Turin Qo | 67.6 67.0 67.5 34.7
Turin Qs | 85.7 84.4 - 229
Clarke5 Q; | 100 100 50.0

Clarke5 Qs | 924 89.8 933 | 333
Clarke5 Qs | 100 100 - 20.0
Clarke70 | €y | 97.7 97.8 - 51.6
Clarke70 | Q9 | 81.7 80.9 82.2 | 349
Clarke70 | Q3 | 954 95.5 - 21.4
Clarke200 | ©; | 90.0 | 90.1 - 59.7
Clarke200 | Q9 | 64.6 69.9 68.1 39.1
Clarke200 | Q3 | 68.5 71.0 - 44.1

6. CONCLUSION

In this paper an algorithm was developed for AMC using multi-
ple higher order cumulant values in a Waveform Signature (WS).
This algorithm outperforms the single cumulant estimator from
[7] that relies on channel estimation techniques to recover ideal
cumulant values at higher SNR levels. The WS can be classified
with high accuracy by minimizing L1 norm distance and without
relying on more complex classification techniques like SVM or
decision trees. The WS can be used to track how the spectrum
is being used without having to record raw IQ samples and is
instead represented as only 20 floats. While this WS was used
in a supervised learning scenario for classification purposes, it
is possible to use the WS in an unsupervised sense where clus-
tering techniques could be used to classify unknown captures.
Future work will consider the effect of channel mismatch on the
classification accuracy, and blind channel selection based on the
observed WS.
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CUMULANT GENERATION

Table 4: The WS Cumulants, £, 4 part 1
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Table 5: The WS Cumulants, £, 4 part 2
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Table 6: The WS Cumulants, £, 4 part 3
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