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Motivation Y

We proposed a novel decoder module for salient object detection: a dual
attention aggregation module (DAAM), which can achieve better performance
than baseline models.

To address the two current iIssues: .

 Several methods are estimated based on an encoder-decoder
structure with a straightforward design in decoders, leading to a
sub-optimal capacity of capturing the details in a specific salient ‘
region.

We introduced the dilated refinement block (DRB) for salient object detection to
expand the receptive field and refine the feature maps output by the backbone
encoder.

* Multiple existing salient object detection methods directly use the
feature maps from the backbone encoder without further ‘
processing which results in the limitation of the receptive field.

We designed and conducted a thorough evaluation and comparison with twelve
methods on six benchmark datasets, and DAANet can achieve advanced
performance with a light-weighted configuration.
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Qualitative comparison with previous approaches

bl G S A
Ll 1la ST
LAREERERENED
IEEIIE']

when applying these objective functions to all output,
the total loss can be formulated as,

Liotal = Z ﬁi(“lﬁbce + aZLiou)
=1

GT DAANet-B| BASNet PiCANet-R BMPM  R3Net+ PAGRN DGRL !
Methods Size(MB)| Training Data DUTS-TE [21]
q J Datasets #Images|\maxFg 1T mFg T MAE |
‘ UCF [27] 117.9 [MSRAIOK 10,000 | 0.771 0.629 0.117
Amulet [28] | 132.6 |MSRA10K 10,000 | 0.778 0.676 0.085
PR : S DSS [29] 4473 | MSRA-B 2,500 | 0.826 0.791 0.057
Quantitative ablation study on DUTS-TE dataset Quantitative PAGRN [30] - |DUTS-TR 10,553 | 0.855 0.788 0.056
: : BMPM [15] - |DUTS-TR 10,553 | 0.851 0.751 0.049
No Backbone FPN confies DUTS-TE Co_m parison with AFNet [31] | 1439 |DUTS-TR 10,553 0.046
' & previous methods on RAS [32] MSRA-B 2,500 | 0.831 0.755 0.060
IOU DAAM DRB | mF3 MAE .
PiCANet [33] | 153.3 |DUTS-TR 10,553 | 0.851 0.755 0.054
1 VGG16 0.749  0.053 the DUTS-TE dataset DAANet-A | 89.8 |DUTS-TR 10,553 | 0.867 0.795

2 VGG16 v 0.773  0.049
3 VGG16 v v 0.792  0.044 DGRL [34] | 648.0 |DUTS-TR 10,553 | 0.829 0.798 0.050
4 VGG16 v v v | 0795 0.043 SRM [35] 213.1 |DUTS-TR 10,553 | 0.827 0.757 0.059
5 ResNet50 v v 0.801 0.042 PiCANet-R [33]| 197.2 |DUTS-TR 10,553 | 0.860 0.764 0.051
6 ResNet50 v v s | 0801  0.042 BASNet [36] | 348.5 |DUTS-TR 10,553 | 0.859 0.796 0.048
7 MobileNetV?2 v Ve 0.767 0.051 DAANet-B 229.0 |DUTS-TR 10,553 | 0.870 0.801 0.042

8 | MobileNetV2 | v v v | 0762 0.052
DAANet-C 15.8 |DUTS-TR 10,553 | 0.836 0.767 0.051

Conclusion
* The paper presents DAANet, an advanced salient object detection  Future research will concentrate on enhancing DAANet's

This approach,

model, employing a dual attention aggregation module (DAAM) and
dilated refinement block (DRB).
ImageNet pre-trained backbone and FPN architecture, significantly
enhances feature capture and the accuracy of salient masks

leveraging an

performance, exploring additional improvements in salient object
detection, and adapting the model for efficient deployment in
domain-specific applications, particularly on resource-constrained
platforms such as mobile devices and embedded systems.
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