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Abstract Co-salient object detection aims to identify common salient objects from a group of related
images. Most prior arts focus on extracting shared representations across images to localize co-salient
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regions. In recent years, some methods attempt to explore backgrounds. However, they often directly

reuse foreground modules, overlooking the semantic complexity of background regions. Specifically,

some background areas may appear visually similar to co-salient objects, i.e., semantic ambiguity,

making it difficult to discriminate features. Meanwhile, background areas across different images often

vary significantly, i.e., semantic heterogeneity, which compromises the effectiveness of foreground

modules designed to capture inter-image commonalities. To address these issues, we propose a novel

co-salient object detection method tailored to complex background semantics. The method introduces

two dedicated modules: the Ambiguous Background Retrieval (ABR) module and the Heterogeneous

Background Retrieval (HBR) module, respectively. By explicitly modeling the relationship between

background representations and co-salient representations, the proposed method effectively filters out

complex background areas, thereby improving the accuracy of co-saliency maps. Extensive experiments
are conducted on three widely-used benchmark datasets: CoCA, CoSOD3k, and CoSal2015. Results show
that, on datasets with complex backgrounds, the proposed method improves the structural similarity

metric by 2.7% and the mean enhanced alignment metric by 3.0% over the baseline, outperforming

existing state-of -the-art approaches.
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Background

This paper addresses a fundamental challenge in the field
of computer vision, specifically in Co-Salient Object Detection
(CoSOD), which aims to identify and segment common
salient objects from a group of related images. CoSOD is an
important subtask of salient object detection and has practical
applications in areas such as image co-segmentation, visual
surveillance, and object tracking.

Traditionally, CoSOD methods emphasize learning
consistent co-salient representations across images by focusing
on common features while suppressing irrelevant signals.
State-of -the-art approaches often leverage global pooling
techniques and transformer-based architectures to refine the
shared representations of co-salient regions. While these
techniques have advanced the field considerably, they typically
treat background modeling as a secondary process, often
reusing the same pipeline designed for foreground processing.
However, in real-world scenarios, backgrounds frequently
exhibit two critical properties: ambiguity—where background
regions mimic the appearance of co-salient objects — and
heterogeneity —where backgrounds vary significantly across
images. These issues severely compromise the reliability of
co-salient representation learning. Existing methods such as
DMT attempt to explicitly incorporate background modeling
but fail to distinguish the complexity of background patterns
from co-salient features effectively.

To bridge this gap, the authors propose a novel
Ambiguous and Heterogeneous Background Exploration
(AHBE) framework. This method introduces two dedicated
modules: Ambiguous Background Retrieval (ABR) and
Heterogeneous Background Retrieval (HBR), each designed to
isolate and suppress misleading background cues. The ABR
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module retrieves background features that closely resemble the
co-salient proxy, addressing ambiguity. Meanwhile, HBR
emphasizes dissimilar background retrieval to mitigate
heterogeneity. These background cues are then used to
iteratively refine co-saliency maps, leading to improved
segmentation performance.

Experimental results across three benchmark datasets—
CoSal2015, CoSOD3k, and CoCA—demonstrate that AHBE
outperforms methods,

significantly state-of -the-art

particularly in challenging scenarios with complex
backgrounds. Moreover, the proposed framework achieves
strong results with relatively limited training data, highlighting
its efficiency and robustness.

In summary, this paper makes three main contributions:
(1) it identifies and formalizes ambiguity and heterogeneity as
critical issues in CoSOD; (2) it proposes ABR and HBR
modules for fine-grained background modeling; and (3) it
establishes new state-of-the-art performance across multiple
datasets with a computationally efficient design.
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