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Abstract: Aiming at the practical application requirements of high precision, lightweight and
instant for Specific Emitter Identification(SEI), a lightweight model design for radiation source
individual recognition of Automatic Dependent Surveillance—Broadcast(ADS-B) signal is proposed in
this paper. Firstly, the signal data is decoded according to the characteristics of the signal data, and the
weight of the unbalanced sample is adjusted to improve the sample quality. Then, the small features of
different dimensions are obtained by grouping convolution and splicing with the initial features to realize
multidimensional complementary feature fusion and parallel synchronization to improve the recognition
efficiency. Network model compression and cross—layer connection are implemented by using a Ghost
bottleneck structure, which tends to save computing resources while integrating multi—-dimensional
characteristics. The experimental results show that the proposed algorithm has the advantages of simple
structure and low computational load, high recognition rate of 95.2%, and a stable recognition effect in
different capacity samples. The proposed design better balances the needs of individual identification
accuracy, lightweight and efficiency for SEI.
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o B — 20 U0 I R TR i GO 2 2 TE AR S R i R RR AR A, MR S e | W AT R L UM
R 3 A B A ORI ik S A IR SR ) B A B E AT b . R LRI, AR SO () S 8 A F A B AR T
ResNet50, DenseNetl121, MobileNetV2, EfficientNet, X & A SCHEIEXI & NFERTAM, % FirA, T/
EGERR BT &, FER A0 T3 56 R S TR 58 iUl 2k o 76 ADS-B {55 MR PR RE |, A% SCEE 3 [ ResNet50
DenseNet121 B¢ Ik, H L5350 2 RN 485 . FEPEREAH 2 AR RAGOLT . A SCH 2% i AL i 2 .

1 LR AP L

Tablel Comparison of network model complexity

module parameter quantity floating—point computation recognition accuracy/%
ResNet50 25.5x10° 3.8x10° 95.5
DenseNet121 8.0x10° 2.9x10° 95.7
MobileNetV2 3.4x10° 0.3x10° 93.4
EfficientNet 5.3%10° 0.4x10° 92.8
proposed method 2.3x10° 0.2x10° 95.2

3.3.3 Bk E RS

TRBE 2 SR (R 50— 2 R L Z VIR RE AR 2R 52 IR, SR 40 A7 AS [ AR A 5008 T A S0 50 1k A 30 01) v
B, MREARZESE K 50, YIGAEARCER >R 7 321, 33 154 F180 543 (4L HE 42 HEAT 2 Ve PERE O B0, 43 91 Rl 4%
£1, 2, 3,

MR, ERAFRZERBERKOELT, A ERARREAEIERE, HaEN%E1Hh, 52214
BEAK B B R 146.42 A5 B0 T A G AR R U8 S A PR BE I B8 3IF 1 AR SCBA 3k A0 8 B 1 Rl 8 B T A 3 1)
1 RAERE S . 2 IR SE BRI 3 5w A VR 5 39 R A R 0 08 0 o AR SR S AR T M B, AR SO /D i R AR LRI K
SR R T T LA S B g R

2 AFREARCT BRI UNMER 3 L gL

Table2 Comparison of recognition accuracies with different sample sizes

training set number of training samples recognition accuracy/%
1 7321 95
2 33154 96
3 80 534 93

4 H

B0 S RS AU 32 BR T IR W B L MRS | TR AR AR R A R R R IR, AR SO G A A RUR
T FA) 46 TG 2 7 AIE Fh 5 14 40 2 4 BRUEL I 5 15 )22 1 $2 1 Ghost bottleneck 4514, SEHL 2 4k BERFIE R & o SCgn 45 R R
B, 58 2 i R SR AR LG, 7 SO 1) 40 S D50 A T30 1% B e 2 A e - 1 SRR B L TE R A O
JE SRR, S SE PRI I 5 b AR SE  Be A i AR AL TRl RE
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