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High-resolution image matting based on Token complexity aware allocation
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Abstract: In recent years, significant progress has been made in the performance of high—resolution image matting methods,
providing new possibilities for the efficient deployment of high-resolution image matting models on edge devices. However, due to
the lack of effective modeling of regional feature complexity in complex scenarios by token allocation mechanisms, the performance
of existing matting methods on high—resolution images still shows a significant decline. This article proposes a high —resolution
image cutout model based on Token complexity aware allocation to address this issue. This model introduces a complexity perception
module on the basis of the original allocation mechanism, which can adaptively predict the feature complexity level of each Token
and integrate it with the original allocation mechanism, thereby achieving fine—grained processing of high complexity areas such as
edges and semi transparency. Through this design, the model can significantly improve the accuracy of the matting results while
ensuring computational efficiency. The experimental results show that on the high —resolution dataset UHR —395, this method
improved the MSE, SAD, Grad, and Conn metrics by 13. 20%, 7. 08%, 0. 70%, and 9. 30%, respectively, achieving better
overall performance compared to existing mainstream methods.
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Fig. 1 Visual comparison of high—resolution image matting results
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Fig. 2 Diagram of model structure
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Table 1 Ablation experiment results

Methods MSE SAD Grad Conn

Baseline 11.66  696.27 225.44 478.58

Baseline + CAR 11.21  672.79 226.94 452.43

Baseline + CAR + Loss 10.12
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Table 2 Quantitative results on UHR-395 test set

Methods MSE SAD Grad Conn
DIM * 161.41  2970.18 2202.36 1 456.57
GCA—Mattingt - - - -
A2U" 58.26 1626.73  791.35 954. 14
MGM-trimap 25.38 997.39 432.81 632.41
TIMI-Nett - - - -
Matteformer 46.39 1453.87  537.54 765.717
ELGT-Matting * 39.18 1195.57  705.43 733.77
HRAMR-Matting 14.98 692.30 384.47 483.10
ViTMatte - - - -
MEMatte—-S 11. 66 696.27 225.44 478.58
Ours—S 10.12 646.93 223. 86 434.03
MEMatte—B 13.17 692.34 207. 81 474. 64
Ours—B 12.59 694. 64 209. 88 481.99
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Fig. 4 Visualization results of UHR-395 high resolution dataset
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