"'*%*“"@ﬂ’“@”%”‘% moF oW R A %48 % 21

ELECTRONIC MEASUREMENT TECHNOLOGY 2025 4 11 H

DOI:10. 19651/j. cnki. emt. 2518431

VAR TR T 0 b2 5] 04 AR R IR A

%2t HAA#E £ A g A
(ZMTBREEFE5ELETEFR M 730070

T OE . 7RS4 R AR AT 45 b S X VR B 2 3T I 45 R I B AR B AN R B o A SR A A ), 4R T — A 3k T
AFHSCHE S i RN B 2 ST 0 R AR S TR R O vk . B VAR STTRAE S PR IR I/ Q R B &l 8L /N AR e Al Welch I
S s A AR A 38 TR AL BN AE B DLW /INER AR BUHE HE AT B 78 1 3 A SO 9 6 B2 3T I 4 b EA T R AE B I, O AL
BEIE T — A R 28 U L B X E i 2 B8 IASURITA8E 2 pR B, 70 40 38 U 5 5 1 URLA5 5 B9 R AE L 00 % T b AR5 11E ] 2 0 A L
A TR R 0 — B L U1 25 85 AT DR A R DS TR, S5 U A S 1 2 A B o R T BE AT RO . BT B AL 0 O R T
ADS-B 4l 45 f WiFi S04 45 L EAT TITAh , 5 IRERBERY AT T LB 0 X b T 28 AR a4 &5 7 SRR . 5056
SRR AR SCITHR 1 7 Tk BB O R BOUS T EAR S RCR O B SCHR B i B s A A O AR et . BT
FOUARRICU SR A SR 5T I REAR SR 1 L Ry 5% mE, 78 ADS-B B8R 4 1 i 3R 91 M1 2 87. 30 %, AHER
TFIRLRBIRIR T 690 ;78 WiFi B4R 4 L A IRAMERT 3R 94. 07 %0 AR T IR BRI HE T+ 55. 39% .

KW : AR R R IR AR 5 BN B YR

FESES: TNS39 X EEARIRED . A ERRAEZRSERG: 510.4010

Specific emitter identification based on contrastive learning in
limited samples

Huang Yifei Yan Guanghui Zheng Li Tang Chunyang

(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: In order to solve the problem of low accuracy of deep learning network when the training sample size is
insufficient, a specific radiation source recognition method based on time-frequency data enhancement and contrast
learning is proposed. Firstly, 1/Q information is extracted from the radiation source signal, and multi-modal
information is constructed through continuous wavelet transform and time-frequency data of Welch power spectrum
enhancement. In this way. the small sample data is expanded and sent into contrast learning networks for feature
extraction. In addition, a weighting and loss function based on cross entropy and supervised contrast loss is designed.
The features of specific radiation source signals are fully extracted to ensure that the two feature vector distributions
have the consistency of cosine loss, and the optimal model is saved after training. Finally. part of the training set data
is used to fine-tune the model. The proposed approach was evaluated on ADS-B dataset and WiFi dataset, compared
with baseline models, and compared with 28 data enhancement combinations. Experimental results show that the
method proposed in this paper achieves better results than the existing methods, and the data enhancement combination
method proposed in this paper has the best effect. Specifically, when the ratio of the number of labeled training
samples to the number of all training samples is 5% , the recognition accuracy on the ADS-B dataset is 87. 30% , which
is 6% higher than that of the baseline model. The recognition accuracy on WiFi data set is 94. 07 % , which is 55. 39%
higher than the baseline model.

Keywords: contrastive learning;specific emitter identification;data enhancement;deep learning
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Fig.1 Shows the formation principle of fingerprint

recognition for radiation sources
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Identification of specific radiation sources

based on time-frequency data enhancement
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(b) Improved data augmentation method
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Fig. 4 Comparison of the enhanced data with the original data
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Fig. 5 Block diagram of model fine-tuning
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Fig. 6 Comparison of the average accuracy rates of different

network models at various data ratios
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Table 1 Comparison of accuracy rates of different network models on the ADS-B and WiFi datasets %
. ADS-B WiFi
ZE 1% 5% 10%  15%  20%  Average 1% 5%  10%  15%  20%  Average
CVNN™" 26.40 67.30 82.30 90.50 92.60 71.82 13.62 29.03 41.06 75.35 95.67 50. 95
DRCN™ 26.50 70.90 88.80 90.80 92.80 73.96 13.49 29.46 56.10 81.30 87.18 53.51
SSRCNN* 16.40 40.40 90.30 90.90 92.00 66. 00 6.22 12.32 60.85 63.28 81.51 44. 84
TripleGAN™"  30.60 50.00 55.30 67.20 74.20  55.46  13.76 30.45 64.81 88.84 94.96  58.56
SimMIM™! 30.70 81.30 90.10 90.50 92.90 77.10 19.40 38.68 45.46 65.41 77.30 49. 25
MAT™" 33.10 71.90 73.70 90.90 93.40 72.60 12.43 21.99 59.50 98.17 99.80 58. 38
F-SupCon 37.20 74.40 85.10 90.00 93.20 75.98 38.78 91.25 97.58 98.99 99.23 85.17
TF-SupCon 54.80 87.30 88.20 91.80 93.60 83. 14 50.91 94.07 99.18 99.61 99.85 88.72
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Table 2 Ablation experiments under the ADS-B and WiFi datasets %
. ADS-B WiFi
Components CWT Welch CE SCL Ty 20% o 20%
w/o CE N J J 23.40 28. 40 35.58 44.01
w/o SCL N N N 81. 00 92.50 93. 66 97.31
w/o Welch N N N 59. 30 87.50 75.73 96. 56
w/o CWT N N/ N 75.40 91.70 56. 90 89. 46
TF-SupCon </ / / </ 87.30 93. 60 94.07 99. 44
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Fig. 7 Heat map of data enhancement accuracy under

the 5% ADS-B dataset
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Fig. 8 Heat map of data enhancement accuracy under

the 5% WiFi dataset
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