AN Comrrand sl St Lvwwer ity

Iranian Journal of Wargaming

Crline ISSK 26767708 Print ISSN 26765234

httpo A wewwiijwe i/

Modulation Classification in Multipath Fading Channels

Using Higher-Order Statistics and Optimized SVM Classifier
Hashem Kalbkhani'® and Mahdi Ouria?

1. Associate Professor, Department of Electrical Engineering, Urmia University of Technology, Urmia,
Iran. E-mail: h.kalbkhani@uut.ac.ir

2. Assistant Professor,
mahdi.ouria@chmail.ir

AJA Command and Staff University, Tehran,

Iran. E-mail:

Article Info

ABSTRACT

Avrticle type:
Research Article

Article history:
Received ...............
Received in revised form
Accepted .........

Published online .......

Keywords:

Higher-order statistics,
Kernel optimization,
Modulation classification,

Multipath channel

Objective: Automatic modulation classification (AMC) is a key
technology in modern wireless communication and while facing many
challenges, it has attracted wide attention in various fields, especially
electronic warfare and military applications. The wireless propagation
environment is very complicated due to the existence of wide
obstacles and in practice, the channel has a multi-path fading behavior
that is not considered in most research.

Methodology: In this research, we use high-order statistics as features
for AMC in multi-path fading channels. To increase the classification
accuracy, the received samples are divided into smaller segments, and
statistics are calculated for each part. For classification, the support
vector machine (SVM) with Gaussian kernel is used, and the standard
deviation of the kernel is optimized using the particle swarm
optimization (PSO) algorithm to maximize the classification
accuracy.

Findings: To evaluate the proposed method, eight commonly used
digital modulation types were used. The results show that the
number of received samples and also the number of segments affect
the correct identification accuracy. Also, optimizing the standard
deviation of the kernel improves the accuracy of correct signal
identification.

Originality: The obtained results show that the proposed method
can be used as an effective algorithm to detect the modulation type
of digital signals in electronic warfare scenarios and other
commercial applications.
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! Signal identification

2 Physical layer

3 Fifth-generation (5G)

4 Radio access technology (RAT)

5 Radio frequency identification (RFID)
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! Radio-frequency (RF)

2 Automatic modulation classification (AMC)
3 Demodulation

# Internet-of-things (1oT)

5 Software-defined radio (SDR)
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! Beyond 5G (B5G)

2 Multiple-input multiple-output (MIMO)
3 Likelihood-based (LB)

4 Feature-based (FB)

5 Artificial neural network (ANN)
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! Additive white Gaussian noise (AWGN)
2 Convolutional neural network (CNN)

3 Support vector machine (SVM)

4 Kernel

5 Deep learning neural network (DLNN)
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! Residual network (ResNet)
2 Reparameterization causal convolutional network (RepCCNet)
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! Composite modulation

2 Cyclic-paw-print (CPP)

3 Discrete cosine transform (DCT)

4 Random forest (RF)

S Blind

¢ Orthogonal frequency division multiplexing (OFDM)

7 Normalized statistical dispersion of amplitude (NSDA)
8 Discrete Fourier transform (DFT)

® Self-linear convolution (SLC)
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! Soft margin

2 All-together

3 One-against-one

4 Particle swarm optimization (PSO)
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Step 1. Initialization
For each particle i = 1, ...,Np
(a) Initialize the particle’s position with a uniform distribution as
P;(0)~(LB,UB), where LB and UB represent the lower and upper
bounds of search space
(b) Initialize pbest to its initial position: gbest = P;(0)
(c) Initialize gbest to the minimal value of the swarm: gbest(0) =
argmin f[P,(0)]
(d) Initialize velocity: V;~U(—|UB — LB|,|UB — LB|)

Step 2. Repeat until a termination criterion is met
For each particle i = 1, ..., Ny, do
(@) Pick random numbers: 1y, ,~U(0, 1)
(b) Update particle’s velocity as V;(t + 1) = wV;(t) +
¢ (pbest(i, t) — Pi(t)) + cyry(ghbest(i, t) — P;(t))
(c) Update particle’s position as P;(t + 1) = P;(t) + V;(t + 1)
(d) If fIP,(0)] < flpbest(i, t)], do
(i)  Update the best-known position of particle i: pbest(i,t) =
Pi(t)
(i) 1f f[P;(t)] < flgbest(t)], update the swarm’s best-known
position: gbhest(t) = P;(t).
(e) ¢« (t+1);

Step 3. Output gbest(t) that holds the best-found solution.
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