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 Now RGB-D salient object detection (SOD) methods have ~ — Acsgvspaamee
proposed complex fusion architectures that refine RGB features il
and depth features simultaneously. Although these complex fusion | %7 ' |ue
strategies improve RGB-D SOD performance, they also increase :,..| “owwn
the size of models. $ s T |

» Recent studies have shown that multiscale Convolutional Neural £ %43
Networks (CNNs) can achieve better performance in Super- ot
resolution and image deblurring than single-scale CNNs. However,  **[ won | | |

the use of multiscale CNNs in RGB-D saliency detection is
hindered by the large model sizes and computations required.
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Different features can be observed at different
scales, allowing more comprehensive information to
be extracted.

Comparision with different methods
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Similarly, we use SEFF to fuse the decode features of

We have developed a multiscale network called SEFFSal to detect salient objects. .
adjacent scale as follows:

01. SEFFSal takes RGB and depth images at 3 different scales and employs FasterNet as the

FCSF (I)(FCPR FCPE’ SS)
fundamental feature extractor to extract features. o8F _ e ’

02. Our Saliency Enhanced Feature Fusion (SEFF) module|is responsible for fusing features
of RGB and depth images.
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03. To iImprove the features, we have incorporated Compact Pyramid Refinement (CPR) as

the decoder module. Then, SEFF is used to fuse the features of the decoders of different scales. « We proposed a multiscale RGB-D
- salient object detection network based on
04. we generate the saliency | ) 4 effect tont s
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