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Abstract: Objectives: Phase filtering is one of the key technologies in interferometric synthetic aperture radar (InSAR) data pro-
cessing, and the quality of interferograms significantly affects the accuracy of subsequent processing steps. The traditional phase

filtering methods with manual parameter adjustment not only have low filtering accuracy but also low computational efficiency. Deep
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learning-based phase filtering methods have great potential, but current convolutional neural networks (CNN) based methods over-
look the non-local features causing limiting accuracy. Transformer-based networks have strong global modeling capabilities and can
extract non-local features from interference fringes, but they struggle with handling local features of interference fringes. Methods:
To effectively improve the filtering effect, this paper proposes a joint local and non-local phase filtering method for InNSAR images
combined with the advantages of convolutional neural network (CNN) and Transformer network. First, based on the strong global
feature extraction capability of the robust Transformer network, a PFCT network structure is proposed for phase filtering. The network
performs both local and nonlocal filtering at the same time, avoiding the accuracy limitation problem caused by the neglect of nonlocal
features of interference fringes in the existing methods. Then, a new complex loss function is proposed to guide the network to
maintain the integrity of interference fringes while improving filtering performance. Results: In the simulation data experiment, the
mean square error index was 15.5% lower than the suboptimal algorithm, and the structural similarity index was 5.3% higher. In the
true data experiment, the residue removal index was 1.8% higher than the suboptimal method. The experiments show that the PFCT
network model only slightly reduces computational efficiency, but achieves better filtering results than other methods, effectively
maintaining the stripe structure while maintaining the filtering effect. Conclusions: The proposed method has a great filtering effect
and powerful generalization ability on InSAR phase filtering.

Key words: InSAR; phase filtering; deep learning; CNN; Transformer; loss function
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Fig.2 Reference DEM for Datasets

(a)3£4L B=45m (b)%E2k B=60m (c)#:4; B=90m (d)%:4k B=150m
Bl 3 AR LURZ T T3 AR AL E

Fig.3 Interferometric Phase Maps with Different Fringe Frequencies
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Fig.4 Coherence Maps Used to Simulate Datasets
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Fig.11 Comparison of Filtering Results with Traditional Methods
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Fig.12 Deep Learning Filtering Results under Parameter B=60
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Fig.13 Deep Learning Filtering Results under Parameter B=90

Bl 12 A 13 J@oR T AR SR SUR FE T AR IR L 2 ) BE IR R a5 B . WTLAE Y, ARSCHEH ) PFCT
W 28 55 A [7] 2% S0 BE R AR AL T B PT DABRAS AR B R B AR, S i 45 SR AN L SIEAR 67 A AL AL
MSFF_DCNN #1 Uformer %1% Wi i 56 SCH DN ET R IE B SUR A #7 40715 b 34 PECT, (H2% T
P 25 SURT B BUR AT, A8 S 308 DX 3 HE I 2 AU 28 Bl 7 H 2 3. MON et 15 5% S i FHR 2 I #5 2
FEAE KLU, AR T RER ALK, {H R HAEE E MSFF_DCNN Al Uformer B&4f . SAAT 5, PFCT
B SRR T e 5, EA R SR SUE FE T 40 B RIFRI S5 AN A0 15 CRFFRE /7. BT LA UR &2
RIS WL 1, PFCT SHi% ) MSE fe s lL IR HE B MSFF_DCNN B34 T 15.5%, SSIM 45
PR T 5.3%, JEILT PFCT Hikt 5 tEae.

1 BRI ES
Tab.1 Testing Results of Simulated Datasets
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MONet!?*] 1.186 0.679 975 0.018




MSFF_DCNNE4 0.801 0.721 1152 0.205
Uformer!?8] 0.983 0.713 1113 0.068
PFCT 0.677 0.759 855 0.091
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Fig.15 The Filtering Results of Measured Phase in Liaoning Region
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Fig.16 The Filtering Results of Measured Phase in Jiling Region
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NL InSAR 81192 43.9 179.478
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