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Feature—-aware matting for transparent regions in natural images
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Abstract; Natural image matting, as a critical task in computer vision, involves separating foreground objects from images by
predicting precise alpha mattes. Due to highly blended foreground — background pixels in transparent regions, errors in mask
extraction are common. To address this issue, this paper proposes a transparent feature perception matting model equipped with a
transparent feature perception module, which is specifically designed to mitigate mis—matting in transparent region masks. This
module extracts contextual information across multiple scales, accurately perceives and separates highly blended foreground -
background pixels in transparent regions, and extracts detailed transparent features, effectively resolving mis —matting issues in
natural images. Experimental results on the Composition—1k dataset demonstrate the superiority of the transparent feature perception
matting model while addressing mis—matting issues in transparent region masks. Compared to classical DIM matting methods, the
proposed approach shows improvements of 45. 71% in MSE, 30. 95% in SAD, 47. 74% in Grad, and 39. 96% in Conn evaluation
metrics.
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Fig. 1 Diagram of model structure
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Fig. 2 Transparent feature awareness module
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Table 1 Quantitative results on Composition—1Kk test set
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Fig. 3 Visualization on Composition—1k test set

5 ZERIE

AR SCHR Y 375 B AR TR SRR PR AR A A E iR
125 I DX O B 1) o ) B R ) R, SRy ik, AR S |
AT BRI RS B, i i 22 ROBESR IR SCf
BORHBATE BT R M SRR S EIRGWE
AT DX 3 ] s BT 5% 00 A SSORRAIE , DT A R
IR P A% b o WY DX A R B R K ), AR
Composition—1k MIRXAE [ 19 SCH 25 R 130071k
P

S 3k

[1] MAQSOOD S, JAVED U, RIAZ M M, et al. Multiscale image
matting based multi — focus image fusion technique [ J ].
Electronics, 2020, 9(3) . 472.

[2] CHEN Tao, CHENG Mingming, TAN Ping, et al. Sketch2photo:
Internet image montage [ J |. ACM Transactions on Graphics,
2009, 28(5): 1-10.

[3] PORTER T, DUFF T. Compositing digital images [ C ]//

Proceedings of the 11™ Annual Conference on Computer Graphics

and Interactive Techniques. Minneapolis, USA :dblp, 1984; 253—

259.

KARACAN L, ERDEM A, ERDEM E. Image matting with KL-

divergence based sparse sampling [ C]//Proceedings of the IEEE

—
~
i

International Conference on Computer Vision. Piscataway, NIJ.

IEEE, 2015: 424-432.

LEVIN A, LISCHINSKI D, WEISS Y. A closed—form solution to

natural image matting[ J]. IEEE Transactions on Pattern Analysis

and Machine Intelligence, 2007, 30(2) ; 228-242.

CHEN Qifeng, LI Dingzeyu, TANG C K. KNN matting [ J .

IEEE Transactions on Pattern Analysis and Machine Intelligence,

2013, 35(9) . 2175-2188.

[7] ZHU X, WANG P, HUANG Z. Adaptive propagation matting
based on transparency of image [ J]. Multimedia Tools and
Applications, 2018, 77: 19089-19112.

[8] XU Ning, PRICE B, COHEN S, et al. Deep image matting
[ C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway, NJ. IEEE, 2017 2970 -
2979.

[9] HOU Qiqi, LIU Feng. Context — aware image matting for

—
W
[

6

[

simultaneous foreground and alpha estimation[ C ] //Proceedings of
the IEEE/CVF International Conference on Computer Vision.
Piscataway, NJ.IEEE, 2019. 4130-4139.

[10] LI Yaoyi, LU Hongtao. Natural image matting via guided
contextual attention[ J]. Proceedings of the AAAI Conference on
Artificial Intelligence, 2020, 34(7) : 11450-11457.

[11] SZEGEDY C, LIU W, JIA Y, et al. Going deeper with
convolutions [ C |//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway, NJ.IEEE,
2015 1-9.

[ 12]HOLSCHEIDER M, KRONLAND-MARTINET R, MORLET J,
et al. A real-time algorithm for signal analysis with the help of the
wavelet transform [ M ]// COMBES J M, GROSSMANN A,



144 Bk

L5 8 A %14 %

TCHAMITCHIAN P. Wavelets. Inverse Problems and Theoretical
Imaging. Cham: Springer, 1990. 286-297.

[13]WOO S, PARK J, LEE J Y, et al. Cbam: Convolutional block
attention [ M ]//FERRARI V, HEBERT M,
SMINCHISESCU C. Computer Vision - ECCV 2018. Lecture
Notes in Computer Science. Cham:Springer, 2018,11211; 3—19.

[14]YU Yang, ZHANG Yi, CHENG Zeyu, et al. MCA;

Multidimensional collaborative attention in deep convolutional

module

neural networks for image recognition [ J J.
Applications of Artificial Intelligence, 2023, 126 107079.
[15]LOU A, LOEW M. Cfpnet; Channel-wise feature pyramid for

real— time semantic segmentation [ C ]//2021 IEEE International

Engineering

Conference on Image Processing (ICIP). Piscataway, NJ. IEEE,
2021, 1894-1898.

[16] DIEDERIK P K. Adam: A method for stochastic optimization
[J]. arXiv preprint arXiv,1412. 6980, 2014.

[17]LU Hao, DAI Yutong, SHEN Chunhua, et al. Indices matter:
Learning to index for deep image matting[ C]//Proceedings of the
IEEE/CVF International Conference
Piscataway, NJ.IEEE,2019. 3266-3275.

[ 18 ]DAI Yutong, LU Hao, SHEN Chunhua. Learning affinity—aware
upsampling for deep image matting [ C ]//Proceedings of the
IEEE/CVF Conference on Computer
Recognition. Piscataway, NJ.IEEE, 2021 6841-6850.

[19]LIU Yuyao, XIE Jiake, QIAO Yu,
information alignment for image matting [ J]. IEEE Transactions
on Multimedia, 2021, 24 2727-2738.

[20]FENG Fujian, HUANG Han, LIU Di, et al. Local complexity
difference matting based on weight map and alpha mattes [ J].
Multimedia Tools and Applications, 2022, 81 (30). 43357 -
43372.

on Computer Vision.

and Pattern

Vision

et al. Prior — induced



