PHE AL S . 2025, 33(11)

« 316 - Computer Measurement & Control

gt 58 A

TEHS 1671 - 4598(2025)11 - 0316 - 08

DOI:10. 16526/j. cnki. 11-4762/tp. 2025. 11. 038

hFE4 %S TPI11. 3; TP18  THEEARIZED: A

E T Foster B IR ANIE =5 A&

i{'%%l’ & ?l,Z, g 22
(. PEEFRHEER AR BRI, AKE 050081;
2. LA RGOS N S R S R, A E 050081

R AR R RANE S TEE (5 T P S A B R, $R 7 — Pl ik T Foster M8 &2 ] GR35
TR T T3 T8 o I (LWL 6 ) TR 3 22 A4 0 2%+ Sk 11 3 o7 26 Ao L ] S5 B8 7 0 ok O SR IBUA BURRAIE s &5 — A
W B2 S Y XS A Y R AT YR G B A, 85 5k 22 PLA B e Sl 25 R 9 4% 4 i DUIE BT R S B, O g kI R A o
ZHORWIE 2 SRS BURIE R L, il — A AR 2R R D AR AR ZE R TR S B, RIFEBER ) £ T SR AR R
W07 AR RE W] A0 T HA G 2 ST s . RER A U D SIS IR BT 0 A S H R, SR B R B B A

KW AR WS STRER JRMENE e s IR PG

Method for Incremental Learning Based on Foster Modulation Recognition
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Abstract: A modulation recognition algorithm based on the Foster incremental learning is proposed to address the chal-
lenge of dynamically emerging novel modulation signals in communication scenarios. The algorithm employs a deep residual
shrinkage network incorporating a channel-shared threshold mechanism, which suppresses noise while extracting discrimina-
tive features by an adaptive soft-thresholding mechanism. Furthermore, the framework integrates a dual-phase learning par-
adigm to dynamically incorporate new modules, thereby accommodating novel modulation categories. The residual fitting
module dynamically expands the network capacity to adapt to new modulation types. To solve the issue of parameter explo-
sion caused by the increase of parameters during the training process, a knowledge distillation strategy is used to reduce fea-
ture dimensionality and redundant parameters while maintaining the model backbone. Experimental results demonstrate that
this method is superior in performance to other incremental learning algorithms. It can effectively achieve automatic modula-
tion recognition in dynamic environments, with a significant application value.
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