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Research on image matting method based on context enhancement
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Abstract: This paper conducts research on the problem of insufficient context information capture existing in the current image
matting model. Existing matting methods often struggle to effectively model long—distance dependencies when dealing with complex
scenarios, resulting in insufficient utilization of global context information. To address this issue, this paper proposes a cross—layer
information transmission mechanism, enabling the model to effectively share and integrate semantic information among different levels,
thereby enhancing the understanding ability of the global context and improving the model’s adaptability to complex scenarios and the
ability to preserve edge details. The experimental results on the Composition—1 k test set show that the cross—layer information transfer
mechanism enhances the capture of model context information, thereby improving the matting quality. Compared with the baseline
model, the proposed method performs better in enhancing the model’s understanding of the global context.
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Fig. 2 Cross—layer prior memory module
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Table 1 Quantitative results on the Composition—1 k test set

Method MSE SAD Grad Conn
Closed—Form 91.0 168. 1 126.9 167.9
KNN Matting 103.0 175.4 124. 1 176. 4

DIM 14.0 50. 4 31.0 50.8
IndexNet 13.0 45.8 25.9 43.7
LCDM 21.0 62.1 25.7 43.4
GCA 9.1 35.2 16.9 32.5
MGM 0 7.0 32.1 14.0 27.9
AR5 5.3 29.0 10.3 25.2
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Table 2 Ablation experiments on the Composition—1 k dataset

Method MSE SAD Grad Conn
Baseline 5.6 29.3 11.2 25.4
Baseline+CLPM 5.3 29.0 10.3 25.2
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