Journal of Image and Signal Processing B4 515 5 Ab#, 2025, 14(1), 100-107 Hans X0
Published Online January 2025 in Hans. https://www.hanspub.org/journal/jisp
https://doi.org/10.12677/jisp.2025.141010

—METRAFINTF R =N =

KA, ERET
e [ L R SR AR S AW, DY) RS
SRR AR AR, DU AR

ks H B 2024412 16 H; A B 20254F1H8H; KA H . 202541 H20H

wm B

HXEATIMBSRN T EFERRBEAME. H2RETH. SHERERSE, RET —METE
BEE S TR SR 7 B 5, SMFESERITIH . A bRiE S A B I AR B3 FP A [F AU 5
£; R, WEEANETXGBoost Ml A T — A BiE, BEidFHFERFTAREK 0B BERXTERE
PRBHE AT IR TR BRI A TS . FESLKRERY, EHTIHFEXGBoostEE A T =
TR BEBIENRE LR E96.8%, PN /NS5 ms, BAE TR AERERE.

X §Ei7]

ERES], TSR, XGBoost

A Detection Method of Jamming Frequency
Based on Ensemble Learning

Jili Zhu?, Zhenjun Fan?*

The 10th Research Institute of China Electronics Technology Group Corporation, Chengdu Sichuan
2Chengdu Spaceon Group Co., Ltd., Chengdu Sichuan

Received: Dec. 16%", 2024; accepted: Jan. 8", 2025; published: Jan. 20", 2025

Abstract

Aiming at the problems of low precision, easily disturbed by noise, and poor real-time performance
of traditional jamming frequency detection methods, a new method of jamming frequency detection
based on ensemble learning was proposed. Firstly, the simulation data were processed by normal-
ization, category labeling, etc., and three datasets of different sizes were generated. Then, multiple
binary classification models based on XGBoost are constructed for a single frequency. Finally, the
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binary classification model constructed in parallel is used to identify the frequency jamming of com-
munication frame data to obtain all the jamming frequencies. Simulation experimental results show
that the proposed method has an average accuracy of more than 96% and an average inference time
of less than 5 ms on the simulation data set, which verifies the high efficiency of the proposed method.
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Figure 1. Flowchart of machine learning model construction
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Figure 2. Flowchart of jamming frequency detection
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Table 1. Main parameters of communication system
# 1 BERGETESY

RGBH HUH
fEIESH L 11 %
FHETHR 20 MHz
BEATHF 5 bw 10 MHz
BT s e T 61
BEAT R AR of 2500 MHz
TAESE 2450 MHz~2550 MHz
AE T AR 100 m
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Table 2. The primary fields of a single frequency sample data
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Table 3. Major parameter settings for the XGBoost model
72 3. XGBoost i(REU M FESHIE
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eta BEFH 0.02
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num_class pAEE kA 2

TEINZEH, R B R BB E o R B bR ek 5, HAER Scikit-Learn #2445/ GridSearchCV
TSR () = BB AT IR
3.5. LR KR

LAY BB B AR FLZE IR A R T e w1 b BT IR AL I 245 B AEAS R B R R 3T

SZEy 1. T XGBoost 4 S F-HE4r2%
1542 3 rid 4L, IR T XGBoost s TP FAA, HAEYIGREERIGIESE L2 >t 2k in & 3
Fim o

XGBoost Loss Curve

——train

0. 51 —e—val

0. 0

0 20 40 60 80 100
lteration

Figure 3. Loss curve of XGBoost model
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Table 4. Experimental results of frequency jamming classification based on XGBoost

2 4. ET XGBoost RS S T L LR ER
e . A2 (%) ‘
K8 AR - . A4 BB (ms)
e MR
10 k 96.35 96.13 4.18
50 k 96.63 96.59 4.21
100 k 96.88 96.75 4.33
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Table 5. Experimental results of frequency jamming classification based on multi-XGBoost on test set
Fe 5. ETHEX XGBoost A B FH RSN 5 A TEMIN & LAY KIN 4R

MR/ AR FH#17% (%) H 62 (%) F1-score IS a4 BE (ms)
10 k 96.51 95.62 0.9606 4.38
Multi-XGBoost 50 k 96.81 95.92 0.9636 4.41
100 k 96.76 95.85 0.9630 4.58
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