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Analysis of Deep Learning Model for Arbitrary Intercepted LPI Signal Classification

A

g &

—

02
0

4z %

FoEiMal. 0

=

[
rton
Okl
ro

Junseob Kim + Sunghwan Cho * Sunil Hwang* - Wonjin Lee** - Yeongyoon Choi***

2 <
B =22 9o &x]H A3 H(LPL low probability of intercept) A1 &5 F2]5}7] §3F A5 A olFEAE A5,
ol Bl AAE Ase WE Ve R 9 "y Edo AeS vlaste] At 71E AFelA Aled]
T A FAastety g str] Sla HFE gl FEEAoW el B g ik e 7)ol
&ty £ dFolMe Alsdold A34E T3 17198 dad 299 Ass B4, HEE S5 Al MobileNet
V3 Smalls W RYZ, Densenet-1695 AME RdZ &835= Wk At}

Abstract

This paper presents a signal generation architecture for simulating arbitrarily intercepted low-probability-of-intercept (LPI) signals in
a battlefield environment. Additionally, the performances of deep learning models in classifying the generated signals are compared in
terms of the classification time, GPU memory usage, and accuracy. Previous studies have utilized ensemble learning to minimize signal
classification time and enhance accuracy; however, an explicit criteria for the adoption of deep learning models have been lacking. This
paper presents the analysis of the performances of 11 deep learning models on the basis of simulation results and proposes an ensemble
model that utilizes MobileNet V3 Small as the main model and Densenet-169 as the sub-model.
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Fig. 1. Architecture for generating arbitrary intercepted LPI
signals.
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Table 1. Comparative analysis of model performances.

Inference|  GPU
Model time | Memory
(sec) | (MByte)

Top-1 Top-2 | Top-5
Acc (%) | Ace (%) | Acc (%)

ShuffleNet
V2 x0s | 299 | 92 | 8183 | 9318 | 9846
ShuffleNet
V20 | 375 | 602 | 8738 | 9568 | 99.10

ResNet-50 | 5.54 1,102 89.89 96.25 99.14
ResNet-152 | 8.55 1,420 89.84 96.66 99.25

ResNext-101
-32x8d

MobileNet
V3 Small

MobileNet
V3 Large
Wide
ResNet-50-2
Wide
ResNet-101-2
Densenet-169 | 6.63 971 90.24 96.56 99.24
Densenet-201 | 7.84 984 89.90 96.61 99.41

11.10 | 1,626 89.98 96.49 99.30

3.75 668 88.11 95.56 | 98.85

431 925 89.36 95.85 98.92

6.56 1,363 89.97 96.47 99.20

1093 | 1,709 80.73 96.46 | 99.34
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