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Abstract

Image saliency detection is a key branch of computer vision. It attempts to imitate the characteris-
tics of human visual selective attention, accurately identify and highlight the most concerned target
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or area in the image. The factors affecting the accuracy of highlight detection in the environment
include illumination change, complex background, different target sizes and low contrast. In recent
years, convolutional neural network (CNN) as a typical deep learning technology has greatly im-
proved the detection performance, but the generalization performance of a single model is still lim-
ited in the face of complex background interference and low contrast targets. In view of these prob-
lems, a new method based on a variety of feature combinations to detect the large image is proposed.
This method fully integrates multi-scale feature extraction, cross modal information fusion and
multi-level attention mechanism, and effectively improves the robustness and accuracy of the
model in complex background and low contrast environment. The experimental results show that
the performance of the proposed multi feature fusion method has been significantly improved in
terms of S, F and Mae, and the accuracy and stability have also been improved. The experimental
results are based on a large number of public standard data sets, and compared with the perfor-
mance of mainstream models. This study also discusses the role of different features and fusion
strategies, which provides a new direction for the research of large scale detection in complex
scenes.
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Figure 2. The overall architecture of the proposed multi feature fusion saliency detection model
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Figure 3. Precision recall curve
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