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Abstract: In order to address the challenges of incomplete identification and inaccurate judgment in land
cover monitoring, while balancing integrity and practicality, a novel change detection method based on co-
refinement of object-level fusion and graph cut with KPCA-DSFA was proposed, which used two regis-
tered high-resolution remote sensing images. Firstly, relative radiometric correction and band stacking fu-
sion were performed on the two-phase images. A simple non-iterative clustering algorithm was adopted for
joint segmentation to generate homogeneous blocks that preserved the feature consistency of both image

phases. Then the kernel PCA convolutional mapping network and deep slow feature analysis were coupled
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together for spatial-spectral feature extraction and deep semantic parsing respectively. Taking super pixels
as the basic processing units, object-level high-dimensional spatial vectors were constructed via feature fu-
sion to obtain change confidence information. Finally, an energy function model was established based on
the Graph Cut, which leveraged the adjacency relationships and spatial differences of super pixel objects to
achieve precise extraction of change regions through global optimization. Experimental results demonstrate
that the proposed method achieves an overall accuracy of over 90% with excellent comprehensive perfor-
mance. It can effectively suppress "salt-and-pepper" noise, significantly improve the recall rate of change
regions, and exhibit favorable superiority and robustness.

Key words: kernel convolution mapping; change detection; super pixels; deep feature analysis; graph

cut model
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mapping network for spatial-spectral feature extraction
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Tab.3 Performance evaluation of algorithms on datal

(%)

Method Precision  Recall F-score  Accuracy

PCDA 52.32 43.43 47.46 77.78
IRMAD 51.22 41.13 45.62 77.33
OCVA 49.79 52.78 51.24 86.77
DCVA 64.97 46.37 54.12 88. 60
KPCA 65.71 48.40  55.74 85.88
DSFA 62.48 44.49 51.97 87.63

Ours 65.10 90. 26 75. 64 90.41
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Tab.4 Performance evaluation of algorithms on data2

(%)

Method Precision  Recall F-score  Accuracy

PCDA 33.05 70.33  44.97 86.69
IRMAD 35.55 72.97  47.81 89. 04
OCVA 34.79 71.23  46.75 88.47
DCVA 32.77 85.40  47.36 90. 74

KPCA 36.44 88.68  51.65 92.53

DSFA 36.82 86.28  51.61 91.92

Ours 36.58 91.05  52.19 94. 81
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