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are not only visually salient but also semantically consistent across the group. The core challenge of Co-SOD lies in detect-
ing visually prominent objects within individual images and determining which objects exhibit cross-image consistency
among multiple images. Traditional Co-SOD methods mainly rely on low-level visual features to construct inter-image rela-
tionships. These approaches extract discriminative representations on the basis of handcrafted features, such as color,
shape, and texture, to mine common salient objects. Although such methods perform reasonably well under simple back-
grounds, they often fail in complex real-world scenarios with strong background clutter, severe occlusions, or multiple
coexisting objects. In these cases, non-co-salient but visually salient objects can easily interfere with detection, leading to
high false detection rates, poor robustness, and limited generalization. In recent years, with the rapid progress of deep neu-
ral networks, Co-SOD methods that are based on convolutional neural networks or vision Transformer have been proposed.
By learning high-level semantic features across images, these methods substantially improve detection performance. How-
ever, they typically still rely on modeling image groups as the basis of detection without sufficiently incorporating explicit
semantic priors. As a result, they lack the capability for proactive understanding of image categories or user-specific targets
and therefore struggle in open-domain, multiobject scenarios or when fine-grained semantic distinctions are required. More-
over, when an image contains multiple visually salient but semantically irrelevant objects, these models often fail to distin-
guish them correctly, mistakenly including non-co-salient objects in the detection results, thus reducing the overall perfor-
mance. For instance, in multiclass image datasets, such as CoCA, a single image often contains multiple visually promi-
nent objects, but only a subset of them is semantically related and constitute co-salient targets. Other salient regions,
although visually striking, act as semantic distractors. Without explicit semantic filtering mechanisms, traditional methods
are often unable to distinguish which objects are the true co-salient targets, thus decreasing the accuracy of Co-SOD. To
address these limitations, this study proposes a semantic-guided open-vocabulary Co-SOD framework. The proposed
method leverages language prompts to guide the model’ s attention toward target regions that are semantically aligned with
image categories, thereby enabling semantic filtering of co-salient objects in complex multiobject scenarios and improving
detection accuracy and semantic generalization ability. Method The proposed semantic-guided open-vocabulary Co-SOD
framework integrates three key components, namely, a CLIP-based group-consistent category generation method, the open-
vocabulary object detection model OWLv2, and the universal segmentation model SAM, forming a complete pipeline that
begins from semantic prompt generation to object detection and pixel-level segmentation. First, the system introduces a
CLIP-based group-consistent category generation method to automatically derive the most representative group-consistent
category for a given image set. This procedure eliminates the need for manually specifying class names, reduces human
effort, and provides accurate and stable semantic prompts for subsequent detection. Specifically, the method computes
cross-modal similarities between the visual features of each image in the group and candidate category text features and auto-
matically generates the most representative category name that is consistent across the group to serve as a reliable input for
the detection model. Second, the generated group-consistent category name is used as a natural language prompt and fed
into the open-vocabulary object detection model OWLv2. OWLv2, which is pretrained on large-scale image-text pairs, pos-
sesses strong cross-modal semantic alignment and matching capabilities. By mapping image region and text prompt features
into a unified semantic space, OWLv2 can identify target regions that are highly relevant to the natural language prompts.
To further improve the robustness of semantic understanding, this work constructs multiple semantically related natural lan-
guage phrases for each category name and adopts a multiprompt parallel input mechanism to feed them into OWLv2 simulta-
neously. This process enhances the model’ s capacity to capture diverse semantic descriptions, improves stability and
robustness in semantic matching, and effectively addresses uncertainties caused by language ambiguity. During the candi-
date region generation stage, similarities between region feature and text semantic vectors are calculated to identify candi-
date regions that are highly related to the input prompts, with the model outputting corresponding bounding boxes and confi-
dence scores. A dynamic thresholding strategy is introduced to further improve detection flexibility and adaptability. This
mechanism automatically adjusts detection thresholds on the basis of the confidence levels of semantic matches, thereby
increasing the recall of low-confidence targets while maintaining precision. As a result, the framework can effectively
detect occluded or weakly salient targets and avoid missed detections caused by overly strict thresholds. At the saliency seg-

mentation stage, the bounding box regions filtered during the semantic detection stage are passed to segment anything
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model (SAM). SAM then performs pixel-level mask generation for each region of interest. Leveraging its powerful struc-
tural perception and boundary modeling capabilities, SAM produces high-quality segmentation results. The final system
outputs salient masks that are structurally complete and have clear boundaries. This design effectively decouples the two
subtasks of semantic perception and visual detail modeling, allowing each module to fully leverage its strengths, thereby
enhancing the overall semantic guidance ability and object delineation quality of the system. Result Experiments are con-
ducted on three publicly available datasets: CoCA, CoSal2015, and CoSOD3k. The proposed method is compared with 15
state-of-the-art Co-SOD methods. On the CoCA dataset, our method achieves a 25. 7% improvement in F measure and a
5. 2% reduction in the mean absolute error (MAE) compared with the second-best model. On the CoSOD3k dataset, our
method improves the F measure by 2. 5%. On the CoSal2015 dataset, it improves the F measure by 2. 2% and reduces
MAE by 1.2%. These results comprehensively validate the strong ability of the proposed framework to recognize semanti-
cally relevant co-salient objects in multiobject open scenarios. Ablation experiments conducted on the CoSOD3k dataset
further confirm the effectiveness of the proposed approach in enhancing Co-SOD performance. Conclusion This study pro-
poses a semantic-guided open-vocabulary Co-SOD framework. The framework leverages a CLIP-based group-consistent cat-
egory generation method to automatically generate semantic prompts for image groups and integrates OWLv2 for open-
vocabulary object detection with SAM for universal segmentation. This process enables explicit semantic filtering of co-
salient targets and fine-grained pixel-level segmentation. The proposed framework substantially enhances semantic general-
ization and target recognition robustness, enabling the effective localization of semantically consistent salient objects in mul-
tiobject and complex background scenarios. By unifying three critical components, namely, semantic prompt generation,
open-vocabulary detection, and saliency segmentation, this framework provides an innovative and practical solution for
advancing Co-SOD in open environments.

Key words: co-salient object detection(Co-SOD) ; semantic guidance; open vocabulary; co-salient object detection frame-

work ; cross-modal similarity; dynamic threshold adaptation strategy
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Fig. 1 Comparison diagram between traditional Co-SOD methods and the proposed method
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Table 1 Semantic consistency verification experiment
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Table 2 Comparison with other state-of-the-art methods on three benchmark datasets

) CoCA CoSOD3k CoSal2015

i Ey 1 s, T kgt MAEL Ep TS, T Rt MAEL E T s, T Fpe T MAE]
GCAGC 0.754  0.669 0523 0.111 0816 0785 0740 0.100 0866 0817 0813 0.085
GICD 0.701 ~ 0.658 0.504 0.125 0.831 0794 0743 0089 03884 0842 0834 0.072
DeepACG 0771 0.688  0.552  0.102 0.838 0792 0756 0089 0892 0854 0842  0.064
CADC 0.744  0.681  0.548  0.132 0.840 0.801 0859 0096 0906 0866 0862  0.064
GCoNet 0760  0.673  0.544  0.105 0.860 0.802 0777 0071 0887 0845 0.847  0.068
HrSSMN 0739 0.671 0532 0.106 0.842 0788 0753 0087 0895 0845 0841  0.062
DCFM 0783 0710 0598 0.085 0.874 0810 0805 0067 0892 0838 0856 0.067
UFO 0782 0.697 0571 0.095 0874 0819 0797 0073 0906 0860 0865 0.064
GCoNet+ 0.814 0738  0.637 0.081 0901 0.843 0834 0062 0924 0881 0891  0.056
DMT 0.800 0725  0.619 0.108 0.895 0851 0835 0063 0936 0897 0905 0.045
CoGEM 0.808 0726  0.599 0.095 0911 0853 0829 0061 0933 0885 0882 0053
CLIP-COD 0817 0735 0.635 0077 0916 0858 0838 0053 0939 0906 0916  0.049
1CSM 0.806 0725  0.626  0.099 0.890 0.858 0.843 0061 0942 0899 0896  0.052
UniTR 0782 0702  0.567 0.096 0879 0.827 0802 0072 0906 0866 0862  0.064
ASCoD 0816 0738 0.640 0083 0901 0830 0819 0063 0907 0861 0867 0.061
AL 0.948 0907 0897 0.025 0915 0.880 0.884 0.046 0.952 0919 0.938  0.033

IR R R SRR AR T "R (AR AT s | " FoR (B AT
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Fig. 3 Visual comparison of our method and state-of-the-art methods on test images
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Table 3 Ablation study of module combinations on CoSOD3k
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[EaRED
CLIP SAM OWLv2 Ex 1 s, 1 Fpe 1 MAE |
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J J N PSS 0.915 0.880 0.884 0.046
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Table 4 Threshold strategy comparison on CoSOD3k

i Byt s, 1 Fpe 1 MAEL
0.1 0.778 0.749 0.727 0.152
0.2 0.870 0.830 0.818 0.086
0.3 0.884 0.839 0.832 0.081
0.4 0.870 0.819 0.809 0.093
0.5 0.831 0.775 0.753 0.118
0.6 0.756 0.685 0.634 0.173
0.7 0.654 0.565 0.476 0.250
0.8 0.546 0.434 0.302 0.332
EIEY 0915 0.880 0.884 0.046
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Fig. 4 Segmentation results guided by textual prompts
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