$00 % 2 KB =E5BFERFR Vol.22, No.2
2024 42 H Journal of Terahertz Science and Electronic Information Technology Feb., 2024

XEHES . 2095-4980(2024)02-0142-10

BETHSNERBNHEAN FE SEI TR

Bk, EXCET, A #U, KBRES, FAFY, TEAY

(LIFTEMizs Ry (EEAMAMET, LA ME 264001; 2.91422 %BBN, WA MHE 2652005 3. M ZEWHF5EBE, dL50 100071
4.92038 FBBN, IIFR & 2661095 5.31401 FBBA, LR MMEH 264099)

B OE. AERENRBENSEDFNEEE LA THES RN R AR R TR E A, #
H—HETHAREMANSEI F ik, AR T —NFEAERNEDOCW)ER, EFAHTFTEEE
AL EHAREAA2ETERE —ANEFOREWHE; Tt —FFHAORDEREH kB 3T
EFMNESELEHZEANES, RARAERTFIBENFINE, ZEH P B EXHEHEN
BE, P BEXFEmAEF, dBELTHEENLRERTAERSE, ZR LB EFARAGTENRI T
Bt ERS, REEERNG A EHE,

KR BABRMRRG; L PEHE;, FE5ERE; TF; RNMEEAF X

RESES: TNI74 XHERARERD: A doi: 10.11805/TKYDA2023181

Data imbalance SEI method based on dynamic weight model

DUAN Kexin'?, YAN VVenjun*l , LIU Kai', ZHANG Jianting3 , LI Chunlei*, WANG Yihui'”®
(1.Institute of Information Fusion, Naval Aviation University , Yantai Shandong 264001 ; 2.Unit 91422 of Chinese People's Liberation Army ,
Yantai Shandong 265200, China; 3.Navy Research Institute of People's Liberation Army, Beijing 100071, China; 4.Unit 92038 of
Chinese People's Liberation Army, Qingdao Shandong 266109, China; 5.Unit 31401 of Chinese People's Liberation Army ,
Yantai Shandong 264099, China)

Abstract: To tackle with the problem of decreased recognition accuracy caused by imbalanced
individual data distribution in Specific Emitter Identification(SEI), a dynamic weight model based method
is proposed for individual identification of radiation sources. A Dynamic Class Weight(DCW) model is
built. A moderate initial weight value is obtained by using a meta learning algorithm through two-layer
calculation with a small amount of sample data. Then, a new cost sensitive loss function is designed to
calculate the backward adjustment of the distance between the predicted value and the true value, which
gives the minority learning weight, and moderately increases the attention to the minority data. It is more
friendly to the minority. It has obvious advantages in the processing of highly unbalanced data, which
alleviates the calculation misleading of the majority of samples in the whole recognition process, thus
improving the overall recognition accuracy.
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? Tablel Process of MAML algorithm
‘i/r:itizillt PN :;;:ila;let e 6, —| upqa;i e 6, algorithm: Model-Agnostic Meta—Learning
& 1g weng require: p(7): distribution over tasks
require: o, 3: step size hyperparameters
Vo Ve o
t 1 1: randomly initialize
gradient gradient 2: while not done do
calculation calculation 3: sample batch of tasks T~p(T)

T T for all 7, do

4:
query—set support—set 5: evaluate VoL, ( fﬁ) with respect to K examples
Xqi X 6: compute adapted parameters with gradient

descent: 0/=0-aV ,L,( f,)

¢: machine learning hyperparameters

6: training parameters 7: end for
L(): loss function 8: Update 004V, >, L;(,)
Fig.1 Diagram of meta learning algorithm 9: end while
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dynamic class weights tag prediction
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AR SCHI B G O Windows 10, XU 574 F- & 2 Matlab R2018b,
TR JIE 2 ) 155 A B84 of Tensorflow2.2.0,, % 3£ F GNU Radio 4% 14 #)
R4 A IR, dE A K PF JC 2k W A 1% (Universal Software Radio
Peripheral, USRP){E N 5 S W Ak &% . LR, & MER
GNU Radio % {1 i i1 55 HIL Fil 8 5 USRP-B210 £H A Y % 7 TC £k i Sl
(Software Defined Radio, SDR) & 1E N5 5 Kt %®E, B —F Fig.5 Radiation source signal acquisition system
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24 dB, HHKHHLEA (SR CAE T REREAZCN 2 000, 45 55FEA I REE S BN 2 048, Y L5 AE F1I 3 £E 114 H 451
H 3. HAEBIARTHEE S, FEUINZRE P — R 0 H B BB ML R AR, B A 18 58 SR RE M 1 A ) 2 4E, VI
A 1 NI 2R 3 Y 27 B0 20 ) DA DI 450 4 B9 R 24 20% FIK 24 5% 18 R /D80S, 4R 2 il 2k 4 4 5948 B35 LA
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Table3 Training and test set settings for simulation data

dataset category
atase El E2 E3 E4 Es E6 E7 ES
standard training set 1500 1500 1500 1500 1500 1500 1500 1500
standard test set 500 500 500 500 500 500 500 500
training setl 200 1500 300 1500 200 1500 400 1500
training set2 1500 80 1500 100 1500 100 1500 90
training set3 100 1500 50 1500 90 1500 60 1500
training set4 1500 200 1 500 300 1500 350 1500 200
1600 600 1600
1400
1 400 500
1900 1200
400
1000 1000
800 300 800
- 600
200 400
400
200 100 200 I I [
§ 0
El E2 E3 E4 E5 E6 E7 ES El E2 E3 E4 E5 E6 B7 E8 El E2 E3 E4 E5 E6 E7 E8
(a) standard training set (b) standard test set (c) training set 1
1600 1600 1 600
1400 1400 1400
1200 1200 1200
1000 1000 1000
800 800 800
600 600 600
400 400 400
200 200 200 I I
0 | | | | [ | | | 0 [ | - | | ] 0 I I
El E2 E3 E4 E5 E6 E7 E8 El E2 E3 B4 B5 E6 E7 E8 El E2 E3 E4 E5 E6 E7 E8
(d) training set 2 (e) training set 3 (f) training set 4
Fig.6 Dataset comlumn charts
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SEH] DCW B A &M, PEH DCW-CNN il 5t i CNN i
FEULAIMEREXT L. 24 B T 41 JE DCW BEHOR [, AR 2 L4 ——
SR TN 25 S RO AR o A3 AR 2 S 4 b IR AR fE DI 2R 4 12 ~—— training set 2

training set 3
——— training set 4

IR 1, VgkBE2, GEIMINLGES, RIS RER,
o1 P o o 000 B AR B 2 A T 8% AE N RTI4TN R R
2 0 ) 2% 114 TR0 1 A 23 L R 8 TR

2P S TEARE DI 248 BT aCR—R 22 R 2, AR
- i K dE S B, Wi T DCW BB i) DCW-CNN #H t F 5t 1R
CNN A W W A e # o 6 HA 4R H1 (% DCW 7 &b B SF- i 50 4% 48 B,

loss

Py | L

0 1 1 1
5 T LA 3 1) T 0 e AR T K 22 O R (R O e T O
AR s A7 1) b I iR XF /D B 2 RRAE 1 2 ) , 1E A 4 e Fig.7 Loss value change curves of unbalanced training set

IR R AR, AR BB 1B 7 AT RSO R L
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Fig.9 Comparison of recognition performance under different
training sample numbers
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Fig.8 Comparison of recognition accuracy between DCW—-CNN and CNN
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h 12 000 BF 5385010 R 5 T 50 A 4 000 B 24 1%, 33X J& i T REAR B I, 28 W 45 78 55 /0 B REAS v i A o T 4
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Fig.10 Recognition results for different numbers of emitters
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