Fa6 H3W AN S N Vol.46
2024 £ 3 H Infrared Technology Mar.

No.3
2024

(1.

0

E T Em M%) w7 REIRRE S 7505

B!, REKXD, AEt!, £ %3

GREESRY: BT SERIESEE, 28 &0 230601; 2. Z#uHitEsm KEE 5 N LRGP, Z8 500 230088;

3. RIEERGF AR A E AR E, Z8 A8 230031)

WE: A TRAREKRTHEGBEGRR, WET — MRk mEGHNLHEFRNEENE%E (Double-
branch Antagonism Network, DANet) , 1Z W% = Z @ F R, FHER A MFER L 3 MES, &
%, RAERFERGEA LB TR LEHAR, K 00, 45°, 90°F1 135°Mm ¥k 77 Ia] B 15 2% #4003 1K AT
X, REEAGRERE, ¥24#FNEGEs 0\ EMHE, RIEGHETRE; 2K, K53
L ERFAEf gl AR ME AT AR A wfE, KA ENFRIEENELS AR EG., LHERH, @l
R FE MBS EE, EAXRBRAMTINETHERALENRA, SEAREERR [ RkEFR
B Sa. Saa~ Sh Sy M, EFHHE  EAM. SR MEXMEGREHE L, 2 EPRAT 22.16%.
9.23%. 23.44%7%1 38.71%,

KR HEgmbe;, RE¥Y; RkE®

FESES: TP391 XEAFRIRAD: A NXEHRS: 1001-8891(2024)03-0288-07

Fusion Method for Polarization Direction Image
Based on Double-branch Antagonism Network

FENG Rui', YUAN Hongwu>?, ZHOU Yuye', WANG Feng®
(1. School of Electronic and Information Engineering, Anhui Jianzhu University, Hefei 230601, China;
2. School of Big Data and Artificial Intelligence, Anhui Xinhua University, Hefei 230088, China;
3. Key Laboratory of Polarization Imaging Detection Technology in Anhui Province, Hefei 230031, China)

Abstract: To improve the quality of the fused image, the study presents a double-branch antagonism network
(DANet) for the polarization direction images. The network includes three main modules: feature extraction,
fusion, and transformation. First, the feature extraction module incorporates low and high-frequency branches,
and the polarization direction images of 0°, 45°, 90°, and 135° are concatenated and imported to the low-
frequency branch to extract energy features. Two sets of polarization antagonism images (0°, 90°, 45°, and
135°) are subtracted and entered into the high-frequency branch to extract detailed features and energy.
Detailed features are fused to feature maps. Finally, the feature maps were transformed into fused images.
Experiment results show that the fusion images obtained by DANet make obvious progress in visual effects
and evaluation metrics, compared with the composite intensity image /, polarization antagonistic image S, Sad,
Sh, and Sy, the average gradient, information entropy, spatial frequency, and mean gray value of the image are
increased by at least 22.16%, 9.23%, 23.44% and 38.71%, respectively.
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Fig.2 Polarization and intensity pictures of 0°, 45°, 90°and 135°
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Table 1 Network parameters

Input Output
Layer channel  channel
I Convl 4 128
ow Conv2 128 64
frequency
Feature Conv3 64 50
extraction Conv4 2 16
High
ﬁéguenc Convs 18 16
Y Conve 34 50
Feature fusion Fusion 50 50
Feature Conv7 50 1
transformation
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Table 2 Training parameters

Parameters Values
Training set 8388
Testing set 932
Training round 20
Epoch 4
Optimizer Adam
Activation function ReLU
Initial learning rate le 4

Learning rate decay rate ~ 0.5*1r/4 round
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Fig.6 0°,45°, 90° and 135° polarization direction images of input
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Fig.7 Results comparison diagram
# 3 g RSB TR bR

Table 3 Evaluation indexes of the output results

1 Sd Sadd Sh Sy DANet
AG 0.0099 0.0128 0.0119 0.0144 0.0126 0.0185
IE 6.06 6.18 6.08 6.15 6.39 7.04
SF 0.35 0.49 0.40 0.46 0.45 0.64
IM 41 49 47 46 57 93
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