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Salient Object Detection Using Weighted K-nearest
Neighbor Linear Blending

LI Wei LI Quanlong LIU Zhengyi
(College of Computer Science and Technology, Anhui University, Hefei 230601, China)

Abstract: Salient object detection which aims at automatically detecting what attracts human’s attention most
in a scene, bootstrap learning based on Support Vector Machine(SVM) has achieved excellent performance in
bottom-up methods. However, it is time-consuming for each image to be trained once based on multiple kernel
SVM ensemble. So a salient object detection model via Weighted K-Nearest Neighbor Linear Blending
(WKNNLB) is proposed. First of all, existing saliency detection methods are employed to generate weak
saliency maps and obtain training samples. Then, Weighted K-Nearest Neighbor (WKNN) is introduced to
learning salient score of samples. WKNN model needs no pre-training process, only needs selecting K value and
computing saliency value by the K-nearest neighbors labels of training sample and the distances between the K-
nearest neighbors training samples and the testing sample. In order to reduce the influence of selecting K value,
linear blending of multi-WKNNs is applied to generating strong saliency maps. Finally, multi-scale saliency
maps of weak and strong model are integrated together to further improve the detection performance. The
experimental results on common ASD and complex DUT-OMRON datasets show that the algorithm is effective
and superior in running time and performance. It can even perform favorable against the state-of-the-art

methods when adopting better weak saliency map.

Key words: Salient object detection; Bootstrap learning; Linear blending; Weighted K-Nearest
Neighbor(WKNN)
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