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➢ Mamba provides global receptive fields with linear computational complexity, offering an efficient alternative to quadratic self-attention for  Salient Object Detection (SOD).

➢ Converting 2D feature maps into 1D sequences can weaken spatial continuity during state-space scanning. Preserving continuous salient regions is therefore important for 
complete object localization and coherent feature representation.

➢ Although Mamba efficiently captures global context, precise object boundaries and fine-grained structures remain challenging, a critical  requirement for SOD.

Motivation

Proposed Model 
❖ Diffusion Guided State Space Framework  

Reformulates SOD as progressive denoising, bridging 
state-space modeling and diffusion refinement.

❖ Diffusion Structural Prior (DSP) Injects structural 
priors into multi-scale state-space encoding for 
enhanced global coherence.

❖ Adaptive Saliency Prompting (ASP) Guides 
multi-scale selective scanning with saliency-aware 
prompts.

❖ Progressive Boundary Refinement Combines IMDR 
& BARH for improved saliency prediction and 
sharper object contours.
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Experiments and Results

Figure 2: Qualitative Comparison of our DGSSM against SOTA methods

Figure 1: Overall architecture of our proposed Model DGSSM.

Table 1: Comparison of our DGSSM against other SOTA RGB-D SOD methods on five benchmark datasets.

Table 2: Comparison of our DGSSM against other SOTA RGB-T SOD methods on three benchmark datasets.

Figure 3: Accuracy efficiency trade-off between FLOPs, performance (Fm), and 
parameters.

★ Mamba enables long-range reasoning with 
linear complexity.

★ DSP and ASP modules improve global coherence 
and spatial representation.

★ IMDR & BARH modules deliver sharper object 
contours.

★ DGSSM achieves consistent SOTA performance 
across 13 RGB, RGB-D, RGB-T benchmarks 
with a compact model footprint.

★ Achieves superior accuracy with lower FLOPs 
and fewer parameters.

★ Generalizes across RGB, RGB-D and RGB-T 
modalities.

★ Efficient and scalable for high-resolution dense 
prediction.

Conclusion
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DGSSM synergistically combines the efficiency of state 
space models and the structural power of diffusion models, 
setting a new benchmark for salient object detection.


