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Abstract

Background and Objectives: Intelligent receivers, automatically detect the digital
modulation type of the received signals for demodulation purposes where is well
known as Automatic Modulation Classification (AMC) module. The performance
of AMC algorithms depends on the channel conditions where for example, in
fading channel its performance gets worse than the AWGN channel.

Methods: We propose a new algorithm for improving the AMC classification
accuracy in flat fading channels. The proposed algorithm consists of an optimizable
nonlinear preprocess followed by Linear Discriminant Analysis (LDA) technique.
Two Lemmas have been found for extracting the optimization rule. And an
optimization algorithm has been built based on the previous Lemmas.

Results: The simulation results show that the proposed algorithm improves the
classification accuracy between 8-Phase Shift Keying (8PSK) and 16PSK (as an
example of M-array PSK (MPSK) inter-class) for Signal-to-noise ratio (SNR) values
greater than 13 dB, and between 16-quadrature amplitude shift modulation
(16QAM) and 64QAM (as an example of M-array QAM (MQAM) inter-class) for
SNR values greater than 4 dB. On the other hand, the classification accuracy of
MPSK and MQAM is improved using the proposed algorithm compared with
reference papers. Its improvement is up to 10.79% compared with the [1] and up
to 38.552% compared with [2].

Conclusion: By using the proposed optimization algorithm, the AMC classification
accuracy has been improved. Other classification problems can use this algorithm.
And other nonlinear preprocess functions or optimization algorithms may be

found in future work.
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Introduction

With the significant development of modern
communication technology, the AMC of the received
signal is becoming more critical. Two primary AMC
techniques are known: Likelihood-Based (LB) and
Feature-Based (FB). LB techniques suffer from high
computational complexity and need to estimate the

Various studies were done to find good discriminative
features for modulation classification like instantaneous
time-domain features, Fourier and wavelet transform,
higher-order moments, and cumulants [5]-[11].
Comparisons between the performances of these
features were made in [12], [13]. According to their

unknown parameters [3], [4]. On the other hand, FB
techniques have less complexity, don’t need any
parameter estimation [5], [6], and can work under
different conditions like multipath fading channels [7].

Doi: 10.22061/JECEI.2022.8743.550

results, Higher-Order Cumulants (HOCs) are the best
features under different conditions.

Different studies and simulations were done for AMC
in fading channels using different HOCs. For example, in
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[1], the author shows that the performance accuracy of
MPSK and MQAM classification by using HOMs and HOCs
is 84.37%. While in [2], the author shows that the
performance accuracy of binary phase-shift keying
(BPSK), Quadrature Phase-Shift Keying (QPSK), 8-phase-
shift keying (8-PSK), 16-PSK, 16-quadrature amplitude
modulation  (16-QAM), 32-QAM, and 64-QAM
classification by using cyclic cumulants is 89.8%, for SNR
value of 15 dB.

The most critical inter-class modulation types are
MPSK and MQAM [1], [2]. Most of the well-known intra-
class modulation types are shown in Table 1.

Table 1: Chosen types of MPSK and MQAM digital modulations

Inter-clafss Intra-class modulation
modulation
MPSK BPSK, QPSK, 8PSK, 16PSK
MQAM 8QAM, 16QAM, 320AM, 640AM
Our study improves the AMC performance by

enhancing the discrimination between some intra-class
digital modulation types in Table 1 (like 8PSK and 16PSK,
and like 16QAM and 64QAM) for lower SNR values. This
improvement is made by optimizing an added nonlinear
preprocess function. Two primary optimizable nonlinear
functions have been developed: regularized distance-
based and nonlinear transformation. The simulation
results show that these optimized functions could
improve the discrimination between 8PSK and 16PSK for
SNR values greater than 13 dB and between 16QAM and
64QAM for SNR values greater than 4 dB. On the other
hand, the classification accuracy of MPSK and MQAM has
been improved using the proposed algorithm compared
with reference papers [1], [2]. The maximum
improvement of our proposed algorithm compared with
the reference paper [1] is 10.79%, and the maximum
improvement of our proposed algorithm compared with
the reference paper [2] is 38.552%.

System Model

Consider the received signal in flat fading channel as:
r,(n) = cew; (n) +v(n) (1)

where « is the complex channel fading coefficient
which is considered «eCN (O,l), W, (n) is the
transmitted symbol which is considered an independent
and identically distributed (i.i.d) process, and v(n) is the
additive white Gaussian noise (AWGN) and is considered
v(n)eCN(0,07).

The general mathematical form of the HOC is defined
as [14], [15]:

p-qterms qterms
— " .
C :Cum I"l,...,rpfq 'rp—q+l""’rp (2)

p.q

where * denotes the complex conjugate, p is the order of
the cumulant, g is the complex conjugate order of the
cumulant, and cum function is defined as [14]:

cum(r,...1,| =

SEDa-DE 1 | E[jl;/[q r]}

and the summation is being performed on all partitions

V :(Vl,Vz,...,Vq) for the set ofindexes(l,Z,...,n) .

(3)

To cancel the effect of the power level of the received
signal, the first type of normalization must be done [15],
[16]:

C

_ Pq
"C)™

(4)

The magnitude of the eighth, sixth, and fourth-order
cumulants is greater than that of the second-order
cumulants. As a result, we have different values for the
other HOC orders. The second normalization can reduce
the values range as [15], [17]:

épq :(C;)q)yp (5)

According to our simulation results for the selected
digital modulation types in Table 1, C~40,C~61, andé80

(equations (6), (7), and (8)) have the most discrimination
ability, so they have been chosen in our study [15], [18],
[19]:

Cu =M, _3M220 (6)
C61=M61_5M21M4O _10M20M41+30M220M21 (7)

Cg =My, —35M2 —28M M, +

8
420M2M,, —630M%, (&)

where [15], [18], [19]:
Mo, =E[r(k)""r" (k)'] (9)

is the moment of received signal r(k).

Mathematical Preliminary

A. Linear Discriminant Analysis (LDA)

This technique finds the optimum linear projection
vector that maximizes the discrimination between digital
modulation types [20]. We define the input features of
the two classes for dataset i as:
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~[(Cotm), (Catm), (Cutm) ] (10)
hel, , i=1n,

Y [( () ) ( «(@), (Calm), (11)
heC, i=1..

These input features can be written as:
~ ~ ~ T
X = [CAO,X, CSl,x, Cao,x, :| (12)

~ T
Yi = |:C4O,y, CGl,y, CSO,y,] (13)

The mean vectors of the input features can be
calculated as [20]:

ﬂf[E(éw,xi) E(Coun) B (Con )T

= |::ux,1 ,Ux,z tux,3 :|T

”y:[E(ém) E(Cey) E(Cuy )]T

12[/1%1 Hy o ﬂy,a]T

(14)

(15)

By defining the projection vector u, the output features
X; , ¥, of the first and second classes respectively can be
calculated as [20]:

X =XU,vYy =yu (16)

Fisher criterion function represents the discrimination
measurement between the output features of two
classes as [20], [21]:

(44, (W) - 44, (W)" T u

: 7 (17)
ol(u)+o/(u) u'S,u

J(u) =

where u is the projection vector, ,ulx(u),u'y(u) are the
means of the output features for the first and the second
classes, respectively, & (u),a'yz(u) are the variances of

the output features for the first and second classes,
respectively. S; And S, are defined as:

SB = (.uy -lux)(ﬂy -:ux)T € RdXd (18)
1 &
lZ(Xi _”x)(xi -”X)T

Y~

(19)

12 -u) (v -my)T e R

where nx,ny are the numbers of samples for the two

classes, respectively. The optimum projection vector u
can be calculated by solving the maximization of the

Fisher criterion function problem of (17) for u. One of the
solutions is using the Lagrange method as [21]:

L=u"S,u—-A(u'S, u-1) (20)
where A is the Lagrange multiplier.
derivative of L to zero gives [21]:

ZL_ZSU 24S,u=0=S,u=AS,u (21)
u

Equating the

which is a generalized eigenvalue problem. One possible
solution to the above-generalized eigenvalue problem
can be found as [21]:

u = eig(S;,Ss) (22)
where eig(.) denotes the eigenvector of the matrix with
the largest eigenvalue.
In the following Sections, the LDA algorithm is called
the classical LDA.
B. Discrimination measurement
One of the well-known
measurements between two
Mahalanobis Distance (MD).
random variables. The MD distance between them can be
calculated as [22]:

d(v,.v,) = (- 2,) (S, +8) (w,-m) eR  (23)

where u,,u, are mean vectors and S,,S are the

statistical  distance
random variables is
SupposeV, and v, are

covariance matrices of the random variablesvx,vy,

respectively.
This study uses the MD as a discrimination
measurement between two random variables.

Conventional Classical LDA-based AMC Problem
The values of the selected HOCs in Section 2,

Cyo:Cy;,Cyy , are shown in Fig. 1, for the selected digital

modaulations in Table 1, and SNR rang [-5:25] dB.
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Fig. 1: Values of C,; ,C,; ,and Cy, cumulants respectively.

From Fig. 1, some modulations can be classified easily
(like BPSK, QPSK, 8QAM, and 32QAM). In contrast, the
others are close to each other (like 8PSK and 16PSK, and
like 16QAM and 64QAM). This situation would be worse
for lower SNR values.

We define two different problems:

- 8PSKand 16PSK classification as problem p1.
- 16QAM and 64QAM classification as problem p2.

Our work aims to find a new algorithm that separately
improves the classification accuracy for the two
problems, p1 and p2.

Start with classical LDA to solve the mentioned
problems pl and p2. Calculation of the classification
accuracy (ACC) for the problems pl and p2 using the
selected HOCs in Section 2 and the classical LDA algorithm
have been done as shown in Fig. 2. As shown in Fig. 2,
classical LDA doesn’t improve the performance accuracy
of 8PSK and 16PSK classification (problem p1) and 16QAM
and 64QAM classification (problem p2). As shown in the

next section, we propose modifying the classical LDA
algorithm by adding an optimizable nonlinear preprocess.

1 A A A A A A AAAAA
f f = VY vVvvvwy

A
0.9 4 |
/
/

Q 08} / |
<ozt / ( |
: / === cumulants(p1)
osl =e=cumulants(p2) ||
. == classical LDA(p1)

/ classical LDA(p2)
0.5 ‘ ‘ ‘ ‘
5 0 5 10 15 20 25

SNR(dB)
Fig. 2: Classification accuracy using the selected HOCs and the
classical LDA for the problems p1 and p2.

Proposed Preprocess LDA Algorithm

The proposed preprocess LDA algorithm consists of an
optimizable nonlinear preprocess, followed by the LDA
algorithm.

A. The Proposed Mathematical Problem

The selected HOCs can be rewritten as: C, ; = C~40,xi ,

Co= éel’x‘ , Coa= éso,x, for the first class Cx, the input

2 Cx.ﬁ]T' and

X

features vector becomes [CXI . C
C,1=Cpy, C,,=Cy, , C, 5 =Cy, for the second

class G, , the

T
|:Cyiv1 CYi~2 Cy.,3:| :

As shown in Section 4, the classical LDA algorithm
needs adjustment to improve the discrimination between
8PSK and 16PSK, and between 16QAM and 64QAM
modulations for low SNR values. An example of this
adjustment is the addition of nonlinear function as
follows: f,(C, , or C, ), f,(C,,orC,,), and

f4(C, 5 or C, ;) of the selected HOCs in Section 2 as

input features vector becomes

shown in Fig. 3.

Cut Y .(C, ) )
Nonlinear function 1 —>
C)’. 1 J fl(Cyi ,1) C‘
C 'd N\ f C .
—2%:2 5} Nonlinear function 2 o Xi’z\) LBA ?(I
Cyi,2 \ J fz (Cyi,z Cyi
CX 3 4 2\ fs(Cx_
———> Nonlinear function 3 =
Cy.,3 \ Y, fs(Cyi,s) ),

Fig. 3: Block diagram of the proposed nonlinear preprocess
LDA algorithm.

where C,,C, are the output features of the first and

second classes, respectively. These output features can
be calculated as:
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C, =wf(C, ) +u,f(C, ) +u, T(C, ) =u"f,  (24)

C, =uf(C, )+u,f,(C, ,)+u,f,(C, ,)=u"f, (25)

U . N
whereu:[ul,uz,us] is the projection vector,

T T
fx, = [ fl (Cx, ,1) f2 (Cx,,z) f3 (Cx, 3):| = .: fx,,l fx,‘Z fx, ,31|
is the vector of the values of the nonlinear functions for

the first class, and:

T T
f,=[1C,) (C,) €] =[f. f., 1]
is the vector of the values of the nonlinear functions for
the second class.

The terms . (u),,u'y (U) of the Fisher criterion function

(17) are the means of the output features. They are
calculated using (24) and (25) as:

u, =u'E(F) (26)

p, =U"E(f,) (27)

The terms o,°(u),o,(u) of the Fisher criterion

function (17) are the variances of the output features.
They are calculated as:

(6,)> =ucov(f, )u (28)

(0,)" =u'cov(f,)u (29)

By using (26), (27), (28), and (29), the Fisher criterion
(17) can be written as:

)= )"

J(u) > 2 =

o, (u)+a,(u)
. T (30)
u"[E(f)-E(F)J[E(f)-E(f)] u_ u's,u

u" [ cov(f,)+cov(f,)]u T u's,u

where S, =[E(f,)-E(f,)][E(f,)-E(f)] and

Sy = cov(f,)+cov(f,)].
The nonlinear preprocess function allows us to control
Sz, Sy, Which affects the discrimination performance.

The task is to find the rules that maximize the
discrimination between two classes (Fisher criterion (30))
using the nonlinear preprocesses.

B. Necessary Lemmas
Lemma 1. For J, S;,S,, which are defined in (30) and
(17), we find that:

max(J) = trace(S;;S;) (31)

Proof: Here, we mention some mathematical analyzes
and results:

- The maximum value of the Fisher criterion function
(17) is equal to the maximum value of eigenvalues of
the matrix SIS [23]:

max(J) = A, (SySe) (32)

- The summation of eigenvalues of a matrix is equal to
the trace of the matrix [24]:

trace(S;;S) = Y 4 (33)

- The production of eigenvalues of a matrix is equal to
the determinant of the matrix [24]:

det(S;S:) =] [ A (34)

- By noticing S; calculation in (18), we find that
det(Sg) is equal to zero.

- det(S;S;) = det(S;}) det(S,) =0, which means (34) is
no longer helpful for calculating 4, .

- According to [21], the rank of S;S, can be

calculated as:
rank(Sy,Sg) = min(T,n—1,L-1) (35)

where n is the size of the dataset in each class, L is the
number of classes, and T is the number of features. In our

case, L=2, T=3, and n>>L, T. We find that the rank(Sj,SB)

value is equal to 1. Which means we have one nonzero
eigenvalue. By using (33) we find that:

trace(S;'S;) =4 #0 (36)

- Finally, by using (32) and we find that
max(J) = trace(S;iSg) .

Lemma 2: Maximization of the Fisher criterion (30) is
equivalent to maximization of the Mahalanobis distance
between the values of the nonlinear functions for each
feature, i.e Fig. 3.

Proof: According to Lemma 1, maximization of the Fisher

(36),

criterion function means maximization of trace(S;;S;) .
So, we have to study the effect of S; and S,, elements

on the Fisher criterion function. To simplify it, we study
two-class cases where S, S, € R*?:

A2 AA
[J[J{ } &7
1—2 2

where A, =u,,-p,, is the difference between the

means of the two classes for the first feature and
A, =, - fy, is the difference between the means of

the two classes for the second feature.
and:
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Sy = cov(x)+cov(y)=

(0.s)

pxo-x,lo-x,z

(val)z

pyo-y,lo-y,z

pxax,lo-x,z
5 =+
(9.2)
_|ar+h
P&182 T pyhy

PyOyaOy,
(5,,) | ©8
Pu8182 t pyIuhy
g +h
where g, =0, and g, = 5, , are the variances of the first
h =o,,and

are the variances of the first and second

and second features for the first class,
h, = Oy
features for the second class. p,And p, are the

correlations between the features of the first class and
second class, respectively. By using (37) and (38), the
trace of S;'S, can be calculated as:

tr =trace(S;S;) =

AT (g7 +h )+ A% (0f +hi)—-2A,A,(p,0,0, + p, b, )
(02 +h2)(02 +hZ)~ (9,9, + 11, )

_A(g3+ 1)+ A (gf + 1) -204, (£,0,9, + p,hih, )

(9.0 +p,1h, )

(9f +h7)(g3 +h3)

(o7 +h7) (g7 +h) 1~

=A#0

(39)
Discussion: Starting withS;, since A, and A, are the
differences between the means of the first and second

features for the two classes, respectively, we find from
(39) that:

lim(tr) = +oo , lim(tr) = +o0 (39)

A —>Fo0 Ay —>Fo0

which means, by increasing the absolute values of the
variables A, and A, , the Fisher criterion function value

(17) will increase and vice versa.
To study the effect of S, elements on the Fisher criterion

function, by noticing that g,,h, are the variances of the

first feature for the two classes, we find from (39) that:

Since: g,>20,h >0
When: g,+h -0< 9, —>0and h -0 (40)
Thus: lim(tr) = +o0

=
In the same way for g,, h,, we find from (39) that:
Since: @,20,h,>0
When: g,+h, >0< g, >0and h, -0 (41)
Thus: lim(tr) =+

230

which means, by decreasing the values of the variables
g, +hand g, +h,, the Fisher criterion function value (17)

will increase and vice versa.

From (40), (41), and (42), we find that to maximize the
Fisher criterion function, we have to maximize A, A, of

the matrix S , and minimize g, +h,, g, +h, of the matrix
S,y - The same thing must have been done for S; and S,

n (30).
By defining the means and variances of functions

follows: s, ,; = E( fx,i),

teyi=E(1,), (o, )2 =var(f,), (o0, )2 =var(f,,).

Maximizing the elements of the matrixS; means finding

values of features as

the optimum nonlinear transformation which satisfies:

f= argmax(E( f,; ) E( f, ))2 =
" , (42)
argrf1lma1x(yfyyvi — i) 1=1,23

Minimizing the elements of the matrix S,, means

finding the optimum nonlinear transformation which

satisfies:
f, =argmin (var )+ var(f,, ))

f;

. 2 (43)
=argf;;m|n((af'XI (1) ),z 1,2,3
By combining (43) and (44) we find:
2
argmax(ﬂf,y,i _/uf,x,i)
f, =optimum (44)

=123 f;

argmin ((af,x,i )2 (o, )2)

By noticing (23), for each feature i=1,2,3, we find that
maximizing the MD is equivalent to the condition (45) as:

f, =argmax(MD(f,;,f,;)),i1=12,3 (45)
f

which is the same as the condition denoted in lemma 2.

C. The Solution to The Proposed Mathematical Problem

Cx, 1 Cx, 2 Cx, .3
or or
CYi 1 CYin CYix3
VAR
L Initial parameters, initial maxdistance is }
MD(C,,.C,,JorMD(C,,.C, ,)JorMD(C, ..C, ;)

f, or f, or f, foor f, or f,

d={MD(£,(C,,). ,(C, .))or
MD( £,(Cy ), fS(Cyws))

[Nonlmear functlonJ [Nonllnear functlon]

v Y€S
[Store parameters and maxdistance ]7

Fig. 4: Optimization of nonlinear preprocess.
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Lemma 2 means, to maximize the Fisher criterion, we
have to choose the optimum parameters that satisfy (46)
for each feature. We propose a simple search algorithm
to find these optimum parameters for each selected HOC
in Section 2. The proposed algorithm is depicted in Fig. 4.

The proposed optimal nonlinear preprocess LDA
algorithm of Fig. 4 consists of two stages where each
stage consists of two steps (see Fig. 5):

a- Training stage:
Step 1:
In this step, we calculate the parameters of the nonlinear
preprocess (47), (49), and (50):
- Calculate the parameters of the nonlinear preprocess
(f,) forfeaturelasC, ;,C, ;.

- Calculate the parameters of the nonlinear preprocess
(f,) for feature2asC, ,,C, ,.

- Calculate the parameters of the nonlinear preprocess
(fy) forfeature3asC, ;,C, ;.

Step 2:

- Calculate the linear projection vector u by solving the
Eigenvalue problem (22) for S; and S, where is
presented in (30).

b- Testing stage:
Step 1:

In this step, we apply the nonlinear preprocess (47),
(49), and (50) using the calculated parameters in the
previous stage as:

- Apply the nonlinear preprocess (f,) for the featurel,

i.e.C using their calculated parameters.

xoryl’
- Apply the nonlinear preprocess (f,) for the feature2,

i,e. C using their calculated parameters.

xory,2?
- Apply the optimized nonlinear preprocess (f;) for

the feature3, i.e. C using their calculated

xory,3"’

parameters.

\ (f) )

! C
! C
: C><i ) Nonlinear preprocess2
1 C
| C
1 C

|
|
T
|
Optimized paramters2 |
T

T T T T T T T T T T T T T T T T T T Testing Stage !

y
%{Nonlinear preprocess1 (fl) ] !

3 Nonlinear preprocess3

%

=

Lo ptimized|paramters3
FSSS=sssssss=ssspsssssss3ssss===
|

|

|C xoryl

| A

| .

|C xor y.2 > Nonlinear preprocess2 ( fz)

! !

uonoafoid ]

) ]

Y
,C xory,3 %(Nonlinear preprocess3 (f3) )

Fig. 5: Optimal nonlinear preprocess LDA-based algorithm.

Step 2:

- Apply the linear projection as (16) using the

calculated projection vector in the previous stage.

Two general optimal nonlinear preprocesses have
been studied here: regularized distance-based and
optimized nonlinear transformation preprocesses.
D. Regularized Distance-Based Preprocess

To improve the discrimination between the classes,
the distance between these features and the total mean
is added to them as:

fj (CXI'j ) ZCX.,J' +(Axl,j +§j)7l(thj —/,[J_)

;i=l.n,j=1.d

a (46)
f; (Cy.,j)zcy.,jJ“(Ay.,jJ“‘fj) €y —#)
;i=1.n,j=1d
where
Axi,j :(Cxi,j_luj)z !Ayiyj:(cyi,j_luj)z (47)

is the distance between the feature j (j=1, 2, or 3) and the

B, jtiy,j
total mean of the two classes u; =%

feature j, Cy, ; is the input feature j of the first cIass,Cyl.,j

of the

is the input feature j of the second class, f;(Cy,;) is the
regularized distance-based feature value of the first
digital modulation type, f;(C,,;) is the regularized
distance-based feature value of the second class, and &

is the regularizer of the feature j. This regularizer aims to
optimize this nonlinear transformation according to (46).
We call it the proposed-dist LDA algorithm.
E. optimized nonlinear transformation

Another way to find an optimal nonlinear preprocess
that satisfies (46), is to add some parameters (here we
add two parameters like L, L, ) to some known nonlinear
transformations. Two nonlinear transformations are
used, Box-Cox [25] and tangent hyperbolic (tanh)

transformations a [26]:
Box-Cox transformation is defined as [25]:
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C,;+ L)+ -1

fj(Cxi,j7L1'L2): L1
log(C, ; +L,)if L, =0

if L #0

48
€, +L)+-1 )

fj(Cyl,j’Ll’LZ)z |-1
log(C, ;+L,)if L, =0
We call it the proposed-Box LDA algorithm.

Tangent hyperbolic (tanh) transformation can be
defined as [26]:

f,(C,.; L, L) =tanh(L,(C, ; +L,))
fCy. 5L L) =tanh(L (C, ; +L,))

We call it the proposed-Tanh LDA algorithm.
The value of parameter L, for each feature is close to

if L =0

(49)

B jtlyj — .
the total mean of feature p; = % This parameter

can be determined quickly using the search algorithm in
Fig. 4. While the value of L, depends on the feature
values and the transformation function, it can be
determined by using the search algorithm in Fig. 4. Still, it
takes more time than itself for L, determination.

Time and Space Complexities

Here, we analyze the time and space complexities of
the LDA and the proposed algorithms for the training and
test stages. Then we compare them.
A. The Classical LDA Algorithm’s Time and Space
Complexities

To calculate time and space complexities, we suppose
that the number of samplesis n; = n for all classes c (c=2

in our case), and d is the number of features (d=3 in our
case). Starting with training complexity, we find [20], [27]-
[29]:

Table 2: Time and space complexities for training the classical
LDA algorithm

Operation Time complexity Space complexity
D vl 0 ned=n
Mo Hy cd(n+1)=6(n+1) cd=6
H ncd+d=6n+3 d=3
Sg cd?+cd=24 2d?=18
Sw ncd?+ncd=24n 2d?=18
Si O(d?)=27 [29] 0(d?)=9 [28]
S Se 0(d3)=27[29] d?=9
u=ceig(s;s,) O(c?)=27[20] 0(d?)=9 [30]
Final complexity 36n+114 6n+72
Our case
n>>100 36n on

This result is similar to the result in [27] and for testing
complexity, we find:

Table 3: Time and Space complexities for testing the classical
LDA algorithm

. Time Space
Operation . X
complexity complexity
n n
X Vi 0 én
LDA projection 12n 2n
Final complexity 12n 8n

B. The Proposed Algorithm’s Time and Space
Complexities

Similar to the previous Section, we must calculate the
training and testing complexities. According to the
proposed nonlinear functions, the maximum number of
optimizable variables is two. Suppose a and b are the
number of loops for the first and second variables.
Starting with training complexity, we find:

Table 4: Time and Space complexities for training the proposed
algorithm

] . . Space
T |
Operation ime complexity complexity
Apply nonlinear on 2n
preprocess
B 1, 6(n+1) 6
Sy 18n 6
Calculate MD using
12 3
Ky /—ly ’ SW
Total complexity of 10n+6 2n+15
one-time preprocess
Repe.at for th_e first a(26n+18) 2n+6
variable a times
Repea.t for the.second ab(26n+18) 2n+6
variable b times
Apply LDA 36n 6n
Final complexity ab(26n+18)+36n 8n+6
Our case 26abn+36. 8
abn+36n n
n>>100

and for testing complexity, we find:

Table 5: Time and Space complexities for testing the proposed
algorithm

. Time Space
Operation . .
complexity complexity
n n
{Xi}izl’{yi}izl 0 2n
Apply nonlinear 2n 2n
preprocess
LDA projection 12n 8n
Final complexity 14n 12n
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C. A Comparison Between the Complexities of the
Classical LDA and the Proposed Algorithm

Calculating the ratio of the proposed algorithm's
complexity over the classical LDA algorithm's complexity
is done to compare their complexities, as shown in Table
6.

Table 6: The ratio of the complexity of the proposed algorithm
over the complexity of the classical LDA algorithm

stage Ratio of time Ration of space
& complexity complexity
training =ab+1 1.25
testing 1.17 1.5

As shown in Table 6, the time complexity of training
the proposed algorithm is higher than the time
complexity of the classical LDA algorithm due to the
optimization process. Otherwise, they are almost similar.

Simulation Results
A. Simulation of the Proposed Algorithm

Three steps for complete simulation:

I. Optimize the proposed-dist LDA, proposed-Box, and
proposed-Tanh algorithms for each selected HOC in
Section 2, as shown in Fig. 4.

Il. Calculate of the linear projection vector u as shown in
Fig. 5.

Ill. Calculate the Number of Misclassified Datasets
(NoMD) for the two mentioned problems: problem
pl in Section 4, the classification between 8PSK and
16PSK, and problem p2, which is the classification
between 16QAM and 64QAM.

B. The Proposed-Dist LDA Algorithm

Fig. 6 shows the simulation results of the normalized
NoMD values of the classical LDA (16) and the proposed-
dist LDA algorithms for the problems p1 and p2, and SNR
values [-5: 20] dB.

10°

10"t

o
= 102
z  [NUMU=Uba

_3 |™=classical LDA(p1)
10™ | e classical LDA(p2) >-32d
=4=proposed-dist LDA(p1)
1074 proposed-dist LDA(p2)

-5 0 5 10 15 20
SNR(dB)

Fig. 6: Normalized NoMD values of the classical LDA and the
proposed-dist LDA algorithms for the problems p1 and p2.

As shown in Fig. 6, the proposed-dist LDA algorithm
could improve the discrimination between 8PSK and
16PSK for SNR values greater than 13 dB and between
16QAM and 64QAM for SNR values greater than 4 dB and
for the normalized NoMD value of 0.04 (as an example),
the improvement by using the proposed-dist LDA
algorithm compared to the classical LDA algorithm is 2.64
dB for the problem p1 and 3.92 dB for the problem p2.

C. The Proposed-Box LDA Algorithm

Fig. 7 shows the simulation results of the normalized
NoMD values of the classical LDA and the proposed-Box
LDA algorithms for problems p1 and p2, and SNR values [-
5:20] dB.

10°

1071t

a
= 402
=z

=== classical LDA(p1)

me=classical LDA(p2) >

=4=proposed-Box LDA(p1)
proposed-Box LDA(p2)

2dB

1073

107
5 0 5 10 15 20

SNR(dB)

Fig. 7: Normalized NoMD values of the classical LDA and the
proposed-Box LDA algorithms for the problems p1 and p2.

As shown in Fig. 7, the proposed-Box LDA algorithm
could improve the discrimination between 8PSK and
16PSK for SNR values greater than 13 dB and between
16QAM and 64QAM for SNR values greater than 4 dB and
for the normalized NoMD value of 0.04 (as an example),
the improvement by using the proposed-Box LDA
algorithm compared to the classical LDA algorithm is 2.4
dB for the problem p1 and 3.72 for the problem p2.

D. The Proposed-Tanh LDA Algorithm

Fig. 8 shows the simulation results of the normalized
NoMD values of the classical LDA and the proposed-Tanh
LDA algorithms for problems p1 and p2, and SNR values [-
5:20] dB.

As shown in Fig. 8, the proposed-Tanh LDA algorithm
could improve the discrimination between 8PSK and
16PSK for SNR values greater than 13 dB and between
16QAM and 64QAM for SNR values greater than 4 dB and
for the normalized NoMD value of 0.04 (as an example),
the improvement by using the proposed-Tanh LDA
algorithm compared to the classical LDA algorithm is 2.48
dB for the problem p1 and 4 dB for the problem p2.
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Fig. 8: Normalized NoMD values of the classical LDA and the
proposed-Tanh LDA algorithms for the problems p1 and p2.

E. Classification Accuracy Improvement Compared with
Reference Papers [1], [2]

MPSK and MQAM have been classified in reference
papers [1], [2].

In [1], the author calculated the classification accuracy
of MPSK and MQAM over a flat fading channel for SNR
values of 10 dB and 0 dB. The classification accuracy of
MPSK and MQAM is calculated using our optimized
nonlinear LDA algorithm, i.e., the regularized distance-
based LDA algorithm. The improvement of our proposed
nonlinear LDA algorithm is calculated by subtracting the
classification accuracy of the reference paper [1] from the
classification accuracy of our proposed algorithm, as
shown in Table 7.

Table 7: Comparison between the performance of the reference
paper [1] and our proposed algorithm

SNR (dB) odB 10 dB

Classification accuracy in 76.8% 84.37%
Reference paper [1]

Classification accura'cy of our 78.25% 95.16%
proposed algorithm

The improvement of our proposed 1.45% 10.79%

algorithm

As shown in Table 7, the classification accuracy of our
proposed algorithm is improved compared with the
reference paper [1]. The maximum improvement of our
proposed algorithm compared with the reference paper
[1]is 10.79%.

In [2], the author calculated the classification accuracy
of MPSK and MQAM over a flat fading channel for SNR
range [0: 20] dB. The improvement of our proposed
nonlinear LDA algorithm is calculated by subtracting the
classification accuracy of the reference paper [2] from the
classification accuracy of our proposed algorithm, as
shown in Fig. 9.

-

o
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>
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o

3

Q

o

@

c

k]

.8 0.6 Reference paper[2]

% Our proposed algorithm
804 : ! !

© 0 5 10 15 20
‘G.EJ SNR(dB) (a)

£ 40, . s .

3 X0

S Y 38.552

£

- 20 )
1]

©

=2

L= . . .

o0 5 10 15 20
© SNR(dB) (b)

Fig. 9: Comparison between the performance of the reference
aper [2] and our proposed algorithm.

As shown in Fig. 9, the classification accuracy of our
proposed algorithm is improved compared with the
reference paper [2]. The maximum improvement of our
proposed algorithm compared with the reference paper
[2] is 38.552%.

Conclusion

To improve the classification, an optimized nonlinear
preprocess LDA algorithm has been developed. Three
optimized functions have been used. These functions
have similar performances.

According to Figs. 6, 7, and 8, the proposed preprocess
LDA algorithms improve the classification between 8PSK
and 16PSK for SNR values greater than 13 dB and between
16QAM and 64QAM for SNR values greater than 4 dB. The
proposed-dist LDA algorithm has the best performance
for classification between 8PSK and 16PSK. In contrast,
the proposed-Tanh LDA algorithm has the best
performance for classification between 16QAM and
64QAM. On the other hand, according to Table 7 and Fig.
9, the classification accuracy of our proposed algorithm is
improved compared with the reference papers [1], [2].
The maximum improvement of our proposed algorithm
compared with the reference paper [1] is 10.79%, and the
maximum improvement of our proposed algorithm
compared with the reference paper [2] is 38.552%.

By using the proposed optimization algorithm, the
AMC classification accuracy has been improved. Other
classification problems can use this algorithm. And other
nonlinear preprocess functions or optimization
algorithms may be found in future work.
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AMC Automatic Modulation Classification
SNR Signal-to-Noise Ratio
LDA Linear Discriminant Analysis
HOCs Higher-Order Cumulants
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MPSK M-array Phase Shift Keying
MQAM M-array Quadrature Amplitude shift
Modulation
LB Likelihood-Based
FB Feature-Based
iid Independent and identically
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