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BICIERHE, (ER A A R A 28 i L BG4 2R
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(2011a) FIHPCAZHIHBRZAR DA RIZIAEfL, 12
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2o BRIZAL, CCA BRI LS Wl i 28 5 45 4 A4 AH
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Bl 5 3 B AR PR AW IR &, DMRE R
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AR, FEPOR B B LU R R N 4, $2
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ARG R EIR S K (eCognition) H1 Y £ 53 #F
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Fig. 1 Flow chart of method in this paper
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25, ARIGEEBRABE XX sn, . sw, Flw, JE
TR, =k (12) — (14) s

w = (12)
mean(w)

sw; = ki (13)
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Fig. 5 Hermiston data
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Fig. 6 Taizhou data
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Table 1 Influence of packet number on Bay Area dataset
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Kappa =
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4 91.38 88.23 94.98 0.8276
5 92.03 89.93 94.44 0.8405
6 93.13 89.92 96.82 0.8627
7 86.52 88.05 84.76 0.7287
8 85.48 85.83 85.07 0.7084
9 85.03 87.77 81.89 0.6984
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Fig. 7 The relation between packet number and accuracy on
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I3 B E 2T 6 I OA Fll Kappa S MU 5 RAR, 4391
41 93.13% F10.8627 . X Ui 4 k% T 6 if, ffi
FNGBS #1754k W 24 1T DL B 2 1A 55U B A
3 N R B A R P 1 A NS v € B - 7] 5
Yk K I BEBOSE BN 60

AR SCHE AT RBAR 2 0 B R F 2 5 B i vh
25y BEREIT R, %k i TR 8] 5 1
MSEREH B R. R T RERN S FE S
B, 1 Bay Avea BUHEAE IR TSR] A 40 1 2500
AR, BARZER N2, R3IFIR,
F2 BEESHESHE Bay Area BIEE X OA B E00

Table 2 The effect of superpixel segmentation parameters

on OA in Bay Area dataset
JEARSEL
0.4 0.5 0.6
0.1 0.9160 0.9169 0.9087
0.2 0.9190 0.9313 0.9218
0.3 0.9163 0.9032 0.9122

TE - A% oL R (.

R3 BHEESESETEBay Area H3EEE _EXF Kappa B30
Table 3 The effect of superpixel segmentation parameters

on Kappa in Bay Area dataset

- Bl
- 0.4 0.5 0.6
0.1 0.8320 0.8339 0.8175
02 0.8378 0.8627 0.8438
03 0.8325 0.8062 0.8238

TE - A% OO b e (.

R XS T IR, SRS E 0.2,
[A] S 2500 0.5 1), OA Al Kappa HUS e KA,
I, ASCEIE AR S ECRIE i S 5055 5l & o 0.2
0.5,
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R T B R AR SR A% 2 AR 1 T VR A AU
A IR-MAD . S-IR-MAD L4 J A 3¢ J7 ¥ 1 Bay
Area B4 FARTS BAE I T AT AL R R, WKl 8
Ji7R o
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(a) The first iteration weight of  (b) The 50th iteration weight of
IR-MAD

IR-MAD

(d) Ay B e A A
(d) The final weight of our
method

(¢) The 8th iteration weight of
S-IR-MAD
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(e) Label image
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Fig. 8 Weight visualization images
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(a) Variation characteristics

before histogram specification
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(e) Results before histogram
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(d) Results after histogram
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(b) Variation characteristics
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Fig. 9 Change characteristics and detection results before and after histogram specification
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x4 HABEHENTEBay Area iR E EX TR NIBER
220
Table 4 The effect of histogram specification on change

detection accuracy in Bay Area dataset

1%
Tk OA_UN  OA_CHG 0A Kappa
HJ7 FEIE LR 96.95 79.62 87.69 75.58
E7 B e L fE 96.71 85.34 90.63 81.34

(a) SAM il 45
(a) Result of SAM

(d) PRARDA AN 45 R

(d) Result of decision fusion

R5 RKELETEBay Area HIHEEE I TL A TIE B RIS
Table 5 The effect of decision fusion on change detection

accuracy in Bay Area dataset

1%
itk OA_UN  OA_CHG 0A Kappa
R AR 88.92 91.51 90.30 80.49
SAM 98.91 81.81 89.77 79.70
BT EME 96.71 85.34 90.63 81.34
PSR Rl 96.82 89.92 93.13 86.27

TE - A% oML R (.

3.6 ZEER3TEE
B 11— 14 R [ D7 iR 7E 4 A Bcs 4 L ke

(b) FLEFFAEAGIAS
(b) Result of weight

MG EEXT e S TRl LAy, AR ARRE S0 24
M OA_CHG i . SAM 23245 Fe i OA_UN fieri,
1M B FEHLE AL 5 B9 OA Al Kappa 22 80H H TR0
HA Tt . YRGS 9 OA_UN FTOA_CHG 8§
PR B SR N G0 S A AR AE RN SAM 7k, (HU
OA Fil Kappa R B N B4, B I FFLE LIS 5
SRS T 2.5% F10.0493, X ULRH PSR G Al L34y
RAEARFITEAR, s AR RS B

() BT RIHLE PAS I 45 5
(¢) Result of histogram

specification

(e) IREERAL
(e) Label image

O] IR A g S 253 01 . ) X 0
BI10  BRRRL G TR 7324 R

Fig. 10  Classification results before and after decision fusion
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(e) Result of IR-MAD (f) Result of ISFA (g) Result of DSFA (h) Result of our method
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Fig. 11 Comparison of test result in Bay Area data
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Fig. 12 Comparison of test result in Barbara data
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(a) bR&21% (b) CVA G2 5 (¢) PCA K45 5 (d) MAD i 2% S

(a) Label image (b) Result of CVA (¢) Result of PCA (d) Result of MAD
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(e) Result of IR-MAD (f) Result of ISFA (g) Result of DSFA (h) Result of our method
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Fig. 13 Comparison of test result in Hermiston data
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Fig. 14 Comparison of test result in Taizhou data
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BARKIAE S o XTI, MAD. IR-MAD F
ISFA £ 4 BRI AR IORS B2 AR f A, e,
IR-MAD 7£ &5 M a4 L1 OA K H] T 98.01%, {H
JETE Bay Area $UIE4E [ OA A 74.61%, XJ&RH
MAD . IR-MAD Fl ISFA /23l i:f 3K fift R BOE R, X
AN TR B A A BB RRAE 1) 07 9 R A AR A A
TSR AR AR A0 R P 1 B ) 22 W s (s, {4 AR
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FaxE; CVA. PCA BRI ILF R, 76418088
£ LRI RO E, HOA#IRE] T 85% LA
;5 DSFARRRA T UREE 2 S iR, B HOR
PIRRIES2 2T BB T, 7E 430 45 1) OA LARIL 3|
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x6 AXFESHMFERMNBEITLL
Table 6 Accuracy comparison of the method in this paper and other methods
1%
Sk Bay Area Il A5 4 Barbara i 4 Hermiston MR 4E BN A
.
OA_UN OA_CHG OA Kappa OA_UN OA_CHG OA Kappa OA_UN OA_CHG OA Kappa OA_UN OA_CHG OA  Kappa
CVA 9146 8815 89.69 7935 89.77 86.85 88.62 7627 9633 94.62 96.11 8394 99.06 9245 9776 92.82
PCA 9372 8044 86.62 7339 90.47 87.69 8938 77.83 96.57 9440 96.29 8456 99.16 90.68 9749 91.89
MAD 87.69 3323 5858 20.09 89.49 81.84 8648 7157 82.11 56.78 78.86 29.11 98.65 88.15 96.58 88.94
IR-
MIZD 95.67 5626 7461 5044 8492 7192 7981 5733 9630 93.06 9588 8289 9944 9222 98.01 93.59
ISFA 88.63 62.86 74.86 5048 8234 90.1% 8541 7033 96.95 95.06 96.71 86.18 95.71 86.32 93.86 80.90
DSFA 88.76  84.75 86.62 7321 93.50 82.67 8925 77.16 93.89 9487 94.02 76.81 99.79 87.08 9728 91.01
ii 96.82 8992 93.13 8627 94.16 9322 9379 87.03 9882 9590 9845 93.17 9898 9503 9820 94.29
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Unsupervised super pixel level change detection based on canonical
correlation analysis

ZHAO Yuanhao,SUN Genyun,ZHANG Aizhu,JIAO Zhijun,SUN Chao

College of Oceanography and Space Informatics, China University of Petroleum (East China), Qingdao 266580, China

Abstract: Change detection, a critical task in remote sensing and geospatial analysis, involves the identification of areas where alterations in
land cover types have occurred over time using multi-temporal images. The accurate detection of such changes is essential for various
applications, including environmental monitoring, urban development assessment, and natural disaster management. However, existing
change detection methods are often susceptible to noise and the influence of specific land features, resulting in significant speckle
phenomena and reduced detection accuracy. These limitations hinder the reliable identification of change patterns in land cover, impacting
the effectiveness of downstream analyses and decision-making processes.

To address these challenges, this paper proposes an unsupervised superpixel-level change detection method that combines canonical
correlation analysis and histogram matching. This method aims to improve the accuracy and reliability of change detection by addressing the
limitations associated with traditional approaches. The proposed method consists of several steps. First, the remote sensing images were pre-
processed and superpixel-segmented. This step is aimed at improving the quality of the image and dividing it into homogeneous regions
called superpixels. Superpixel segmentation helps to preserve spatial information and reduces the influence of noise on subsequent analysis.
Next, the weight of each superpixel was calculated based on the superpixel scale and the unchanged probability. Superpixel weights are used
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to highlight the importance of different regions in the change detection process. After obtaining the weights, the method proceeds to extract
change features at the superpixel level using multivariate change detection and histogram matching. Multivariate change detection involves
analyzing the spectral information of the superpixels to identify changes in land cover types. Histogram matching, on the other hand, aims to
align the histograms of the superpixels from different time periods, enabling more accurate comparison and detection of changes. Finally, a
change detection result map was developed based on the weighted image, classical methods, and change features.Three hyperspectral test da-
tasets and one multispectral test dataset were used for experimental verification.

Experimental validation of the proposed method was conducted on three hyperspectral test datasets and one multispectral test dataset.
The results demonstrate the superior performance of the proposed method, with the Overall Accuracy (OA) and Kappa index surpassing
those of existing methods across all four test datasets. Specifically, the OA values consistently exceed 90% on all datasets, indicating the
high accuracy and robustness of the proposed method. Moreover, comparative analysis reveals significant improvements in the OA when
compared to other existing methods. The proposed method achieves an OA increase of 4.41%, 3.44%, 1.74%, and 0.19% on the four datas-
ets, highlighting its efficacy in enhancing change detection accuracy and reliability. In conclusion, the proposed unsupervised superpixel-lev-
el change detection method, which integrates canonical correlation analysis and histogram matching, demonstrates remarkable performance
in detecting changes in land cover types from multi-temporal remote sensing images.
Key words: remote sensing, super pixel, change detection, canonical correlation analysis, histogram specification
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