523 B4 5 ) - R N NI Vol. 23 No.5
2022 4F 10 A JOURNAL OF AIR FORCE ENGINEERING UNIVERSITY Oct. 2022

HF A5 AM-Softmax fI4% 4L SAR B{& 4 3%k

R, REEF . AAH . 2 OB, X W, REH
(L FETRREE B SR 7154, 710077
2.93575 FBEN T JL R £, 0670003 3. 93897 FBEN , P§22,710077)

H OE AT SAR B ok b & B 2 F & (CNN) 7 % 4w 18] & Lk s Z 18, B 45 Softmax B %K
Tk SAR BB ENZF AR A, R H — A ETHEAMYRE S HELF Softmax(AM-Soft-
max) B SAR B 2% 7 3k, &7 %@L T G 4 09 B R, R Bt CNN A AL By 80K o o 2% o 7
%, 88 )& L AM-Softmax # X Softmax, Dl SAR B P XA iR AN FE A - FRAPEKE, &
BWERWZ T EEARRSI ARG LR Y RITHEARNSAREGENZRR AN A EA N 2L EEHE
FikE 96% 0Lk,

KR M SAR E R 4 % AE ;o ik R Softmax

DOI  10.3969/j. issn. 2097-1915. 2022. 05. 006

mES%EE TP391 XHEFRER A XEHE  2097-1915(2022)05-0036-08

A Polarimetric SAR Image Classification Based on Model Fine-Tuning and
AM-Softmax

ZHAO Mingjun', CHENG Yinglei' , QIN Xianxiang', WANG Peng', WEN Pei*,ZHANG Bixiu®
(1. Information and Navigation School, Air Force Engineering University, Xi’an 710077, China;
2. Unit 93575, Chengde 067000, Hebei, China; 3. Unit 93897, Xi’an 710077, China)

Abstract Aimed at the problems that the convolutional neural netwok (CNN) method in polarimetric SAR
image classification is long in training time, and slow at convergence speed, and the original Softmax func-
tion cannot effectively deal with the intra-class differences of polarimetric SAR images, a model based on
fine-tuning and addinga polarimetric SAR image classification method is proposed by Additive Margin Soft-
max (AM-Softmax). This method improves the efficiency and classification accuracy of the CNN model
through the overall fine-tuning of the pre-trained network, and then replaces the Softmax with AM-Soft-
max to solve the problem of large intra-class variationin SAR images and further improve the classification
accuracy. The experiments show that this method is fast on convergence and deal with the problems of
large variation in polarization SAR images within a class, and the overall classification accuracy of the mod-
el reaches above 96%.
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