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Research on Foreground Image Extraction
Based on Saliency Object Detection

JIA Xiaoyun'.YANG Zhenying'", SHAO Fan®?,L.UO Haocai'
(1. School of Electronic Information and Artificial Intelligence, Shaanxi University of Science & Technology.,

Xi’an.,Shaanxi 710021, China;2. Xi’an High Tech No. 1 Middle School. Xi”an,Shaanxi 710075. China)

Abstract: To solve the problem of deep learning image matting algorithms in natural scenes relying on manual interac-
tion and poor foreground extraction performance., a method of detecting salient targets is proposed to implement image fore-
ground extraction algorithms. This algorithm consists of two networks: salient object detection and alpha estimation. The
former introduces a mixed loss function and deep supervision strategy on the basis of the baseline network to improve the
completeness of image foreground extraction, while the latter optimizes the baseline network by adding a context attention
guidance module to achieve accurate restoration of foreground image details. The improved algorithm is studied using human
portraits in natural scenes as the foreground to be extracted, trained on a self-made dataset, and tested on the publicly availa-
ble dataset Composition-1K. The improved algorithm has the mean square error (MSE) index as low as 2. 329 X 10"
square pixels, and the gradient error index reduced by nearly 60% compared to the benchmark algorithm. The experiment
shows that the improved algorithm improves the accuracy of alpha value estimation in semi transparent areas such as hair and
glass, thereby improving the accuracy of image matting. It also has strong robustness and generalization ability, and can be
applied in application scenarios such as image editing.
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