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Schematic diagram of InSAR time series clustering model based on self—supervised contrastive learning
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Fig. 2 Data augmentation based on rotation shape consistency
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Fig. 4 Five types of deformation trend type definition style diagram

T N R R R RO, AT
T RN E ACC (Clustering Accuracy) (Yang 55,
2010) F1JH — 1K B {5 B NMI (Normalized Mutual
Information) (Xu %, 2003) HE47RIEPERERL L .
ACC & 38 1o He B L 92 4 5 T s 48 22 1] ) DG P
BERTFEAT . NMIJE A it 2 A28 S A RLRE iy b o
R HEARXRIT
2l{li = m(ci)}
ACC = maxm% (11)
A, LR BRI ELSHE, o KR TIIE,
m(+) 275 BCHE A B0 TN P A0 L S 22 ) ) e G e
85, NAFEALE, )RR, RO
RE T, ARER[E 0,
21(1;; ¢c;)
NMI:H(li)(+H(ci) (12)
L, T=(1; o) Fm A B S B hR % | =
{liy Ly woey LY FITINRESDELC = {cl,, oLy -,
clyf ZIH M EAF R o H(-) FRI KA. ACCHINMI
WHMTEXE [0, 1] N, EBEIT1, FRE
FPERE BT
32 EESHLMRHEE

AR T4 AR IO R L SR SRR, A
FA G WS T BB i) F RS HGHAT T
A S, AR Ry, RES L, B

SR e S R0, 6,, VI KBLRI I E S
oo AT R SRR R, BEANS
B2 AL — X 0 A D TRL S LB AT LARAS A 1Y
R LA, I ® e {0.01, 0.001, 0.0001},
ze{0.01, 0.03, 0.3, 0.5, 0.7}, 0,e{-60°, —45°,
-30°, -15%}, 6,e{15°, 35°, 45", 60°}, Ae{0.3,
0.5, 0.7, 0.9}, HHARHS LA LSE] 11525
SRR GIER, XS5 I 45 R 17T Ak
G3br, ATRAREE RN AL S s .

60

/M
I e 4]'(1‘, J i
It ’w‘l;i"’ I
0.01 [l |
(=60 \
1E4 | ./ WA VA V4 & :
n T 0, 0, P} NMI

K5 WSS R by 2.6,.0, A 7351308
) AR R ES R RS f SR A 2 BRI SR
Fig. 5 Network parameter adjustment visualization results
(Among themn,7,60,,0,, Arespectively represent the learning
rate, temperature parameter, rotation angle parameters 1 and

2, and the model weight parameter )



2448 National Remote Sensing Bulletin i & 54k 2025, 29(7)

Xif NMI 25 S 047 I e i, vl L& B Rk
P RE R BT 1 S0 b 1 4 SRR 3 AR
BT S R A T SO E AR E T, I i
AHiE T IRHESEAHE N n=0.001, 6, =-15",
6,=30", £=0.05, A =0.7, ¥ batch K/} 256,
JREMBRE AP LR IR ZS B E, JEN
AABIEE EI T I 400 5 IOV ZR . AT TR
WR ik .

XT 5 A InSAR B (8] 32 5 B0 s AT b 3
BN E LT 6 EE IR .

(1) %153 batch: FEINZRAERN 53R/ Mit 74,
batch /N A 256,

(2) HHasgnm . X REASREAS N FH e i A8 45 55 T
A PR, TEREREART, WA (1),

(3) FFEAEHEEC . 38 1o g i 2% X 1 o PR AR R A7
FAES, Fh AR E R, WAk (2),

(4) ARZRAMEDRGT . KRR RRAE 0] S A 2
#523k (Projection Head) ™1, RIS HRARFIER R
Z=[z, 7'

(5) R REOTHR : KIS LUT 3Rk

ST ek (5 (6));

RESmEHLk (X (9));

SRR gL (X (10)).

(6) %Al . ] Adam D4k 25 %) W 28 2 8
PEATHOR, S — A

(a) RIEFF(ACC) XTI

(a) Clustering accuracy (ACC) comparison

K6 RATFILEREXT LLIA]
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Table 1 Ablation experiment results

WiReS ACC NMI

DTC 0.54 0.42
DTC+CC 0.62 0.52
DTC+MLP+CC 0.74 0.57
DTC+MLP+CC+SCH 0.78 0.64
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Table 2 Comparative experimental results of data

enhancement methods
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Fig. 9 The time series diagram of the clustering category mean of the Kafang tailings pond under DTCC, K-means, and K—shape methods

(The curve shows the time series trend of the category mean of each algorithm under different cluster numbers. The correlation

coefficient rij between categories is also marked. The smaller the value, the clearer the cluster boundary )
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Fig. 12 Comparison of spatial clustering effects of tailings dam deformation data under three different methods
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Self—supervised contrastive learning clustering method for InSAR time
series deformation data
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Abstract: The time-series Interferometric Synthetic Aperture Radar (InSAR) technique is widely recognized for its capability to monitor
large-scale deformations, making it instrumental in applications such as geologic disaster monitoring, urban infrastructure safety assessment,
and mining slope evaluation. This study aims to address the challenges in deciphering large-scale deformation time-series data obtained
through InSAR. By leveraging self-supervised contrastive learning, we enhance the classification and clustering capabilities of InSAR time-
series deformation data, which is critical for identifying geohazard signals and supporting infrastructure safety evaluation.

We propose a novel deep clustering framework based on self-supervised contrastive learning to enhance clustering performance on
unlabeled deformation time-series data. To overcome the limitations of traditional time-series data augmentation techniques, a rotational
consistency-based data augmentation strategy is introduced. This strategy maintains morphological similarity by rotating the original time
series at different angles, enabling the model to better capture invariance in time-series transformations. The method’ s clustering
performance is evaluated against traditional K-means clustering, with key metrics such as clustering accuracy and normalized mutual
information (NMI) used for comparison. The framework is further validated using deformation data extracted from the Sentinel-1 ascending
orbit dataset, covering the Kafang tailings pond in Gejiu City, Yunnan Province from January 2020 to October 2022.

The proposed method outperformed traditional K-means clustering, achieving a 25.8% improvement in clustering accuracy and a
16.3% increase in NMI. Compared with the K-shape method, the proposed method shows better accuracy in capturing time-series features
and similarity measurement. The clustering analysis performed on the Sentinel-1 dataset successfully classified deformation time series into
meaningful groups, revealing distinct deformation patterns and effectively identifying potential danger signals.

The integration of self-supervised contrastive learning with InSAR time-series analysis enhances the interpretability and classification
of deformation patterns. The proposed method provides a robust and efficient tool for geohazard monitoring, urban infrastructure evaluation,
and mining slope safety assessment. This approach has potential for broader applications in large-scale remote sensing data analysis.
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