565 4 A 11 ] HUIREAR Vol. 65,No. 11
2025 4F 11 H Telecommunication Engineering November, 2025

DOI:10. 20079/j. issn. 1001-893x. 240613002

He i 2 I BERFAE R £ i S i RIS S DU D i
ZRI, BB RBA, T 2R

(Fedb PR TR N T8 AE~<Be in/dt F5 1L 063200)

8 E:RAF T (Deep Learning, DL) 5% % 3L 8 3y A 4] 32 A ( Automatic Modulation Identification,
AMT) K 9 7 2 5 o A3 5 K vk )i R 5 4 A i 5 mh,ﬁm T —AFHIR 5 RUE AR K
LB AMI 7ok, b, iR T30 % RSB IEakOAE3E il it ¥ R E B RE M & AR R
PBEZ 50 5 RBAFAE DAY AR 3 R RIZ 5 45 AR 69 R AR 4R A ;;\t,,\, *@gj G iE A% AE B IR A
Y, 5 AIRE T o B ARG R BN, LS B E RS ) RN R ERE, ?gt’dé‘i-ﬁ%#ﬂﬁéé
RlBER Y R R4 AE R T4k, %6 35 T 2 7P o £ 8, B8 R A m oA 3 X a9 25, A f 3L
PRk, FREREKN TRF FEVAMELEHRZT 5.91% , 58 F R4 8. 5><105 SR
HARBT A 4542 0.062 4 s, 5L g bR AR L& & J 0945 L Bt iR B A E Ve R dE
KR A AR RN REFT T ; 5 REFIERS

e P = %R

FraRl S (FIERS ) BRI (0SID) ; el T

i AT ERERS
hE4ES . TN761;TP18 AR ERD A XEHS:1001-893X(2025) 11-1869-09

Lightweight Modulated Signal Recognition
Based on Enhanced Multi-scale Feature Fusion

WU Changcheng,SUN Xiaochuan, YU Jike, LI Yingqi

(College of Artificial Intelligence ,North China University of Science and Technology , Tangshan 063210, China)

Abstract ; Deep learning ( DL) is an effective method for achieving automatic modulation identification
(AMI) technology. However, DL methods generally struggle to balance recognition accuracy and efficiency
simultaneously. To address this,a lightweight AMI method based on enhanced multi-scale feature fusion is
proposed. First,a lightweight multi-scale feature fusion module is designed ,which efficiently extracts multi-
scale features of modulation signals through a cross-scale convolutional structure, enhancing the model’s
ability to represent different signal features. Next,an adaptive feature enhancement module is constructed,
combining depthwise separable convolution and attention mechanisms to adaptively learn channel weights of
key features, highlighting important signal features while reducing interference from irrelevant ones. Finally,
a differential balance classifier is designed to focus on recognizing subtle modulation patterns, enabling
efficient classification. Experimental results show that the proposed method improves recognition accuracy
by an average of 5. 91% , reduces the number of parameters by approximately 8.5x%10°, and decreases
iteration time per sample by 0.062 4 seconds. Compared with the advanced models, it achieves higher
accuracy , faster speed ,and fewer parameters.
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