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Abstract: Objective Co-SOD aims to identify target regions from a set of related images that are not only visually salient

but also semantically consistent across the group. The core challenge of Co-SOD lies in not only detecting visually promi-

nent objects within individual images but also 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 relationships. These

approaches extract discriminative representations based on handcrafted features such as color, shape, and texture to mine

common salient objects. While such methods perform reasonably well under simple backgrounds, they often fail in complex

real-world scenarios with strong background clutter, severe occlusions, or multiple coexisting objects. In such cases, non-

co-salient but visually salient objects can easily interfere with detection, leading to high false detection rates, poor robust-

ness, and limited

Key words: Co-salient object detection; semantic guidance; open vocabulary; co-salient object detection framework;

Cross-modal Similarity ; dynamic threshold adaptation strategy

generalization. In recent years, with the rapid
progress of deep neural networks, Co-SOD methods
based on CNN (Convolutional Neural Network ) or ViT
(Vision Transformer) have been proposed. By learn-
ing high-level semantic features across images, these
methods significantly improve detection performance.
However, 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 multi-object 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 distinguish them correctly, mistakenly including
non-co-salient objects in the detection results, which
reduces overall performance. For instance, in multi-
class image datasets such as CoCA, a single image
often contains multiple visually prominent objects, but
only a subset of them are semantically related and con-
stitute co-salient - targets. Other salient regions,
although visually striking, act as semantic distractors.
Without explicit semantic filtering mechanisms, tradi-
tional 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 paper proposes a semantic-guided open-vocabulary
co-salient object detection framework. The proposed
method leverages language prompts to guide the model’

s altention toward target regions that are semantically

aligned with image categories, thereby enabling seman-
tic filtering of co-salient objects in complex multi-
object scenarios and improving detection accuracy and
semantic generalization ability. Method The proposed
semantic-guided open-vocabulary Co-SOD framework
integrates three key components: a CLIP-based group-
consistent category generation method, the open-
vocabulary object detection model OWLv2, and the
universal segmentation model SAM, forming a com-
plete pipeline that spans from semantic prompt genera-
tion 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 cat-
egory for a given image set. This 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 candi-
date category text features, and automatically gener-
ates the most representative category name that is con-
sistent across the group, serving as reliable input for
the detection model. Subsequently, the generated
group-consistent category name is used as a natural lan-
guage prompt and fed into the open-vocabulary object
detection model OWLv2: OWLv2, pre-trained on
large-scale image-text pairs, possesses strong cross-
modal semantic alignment and matching capabilities.

By mapping both image region features and text prompt

features into a unified semantic space, OWLv2 can
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identify target regions most relevant to the natural lan-
guage prompts. To further improve the robustness of
semantic understanding, ‘this-work constructs multiple
semantically related natural language phrases for each
category name and adopts a multi-prompt parallel input
mechanism to feed them into OWLv2 simultaneously.
This enhances the model’ s capacity to capture diverse
semantic descriptions, improves stability and robust-
ness in semantic matching, and effectively addresses
uncertainties caused by language ambiguity. During
the candidate region  generation stage, similarities
between region feature vectors and text semantic vec-
tors are calculated to identify candidate regions most
related to the input prompts, with the model outputting
corresponding bounding boxes and confidence scores.
To further improve detection flexibility and adaptabil-
ity, a dynamic thresholding strategy is introduced.
This mechanism automatically adjusts detection thresh-
olds based on the confidence levels of semantic
matches, thereby increasing the recall of low-
confidence targets while maintaining precision. As a
result, the framework is better able to detect occluded
or weakly salient targets and avoid missed detections
caused by overly strict thresholds. In the saliency seg-
mentation stage, the bounding box regions filtered dur-
ing the semantic detection stage are passed to the
SAM. SAM then performs pixel-level mask generation
for each region of interest. Leveraging its powerful
structural perception and boundary modeling capabili-
ties, SAM produces high-quality segmentation results.
The final system outputs salient masks that are structur-
ally complete and have clear boundaries. This design
effectively decouples the two subtasks of semantic per-
ception and visual detail modeling, allowing each mod-
ule to fully leverage its strengths, thereby enhancing
the overall semantic guidance ability and object delin-
eation quality of the system. Result Experiments were
conducted on three publicly available datasets: CoCA,
CoSal2015, and CoSOD3k. The proposed method was
compared with 15 state-of-the-art Co-SOD methods.
On the CoCA dataset, our method achieved a 25. 7%

improvement in F-measure and a 5.2% reduction in

MAE compared to the second-best model. On the
CoSOD3k dataset, our: method improved the F-
measure by 2.5%. On the CoSal2015 dataset, it
improved the F-measure by 2.2% and reduced the
MAE by 1.2%. These results comprehensively vali-
date the strong ability of the proposed framework to rec-
ognize semantically relevant co-salient objects in multi-
object open scenarios. Furthermore, ablation experi-
ments conducted on the CoSOD3k dataset further con-
firm the effectiveness of the proposed approach in
enhancing co-salient “object detection performance.
Conclusion This. paper proposes a semantic-guided
open-vocabulary co-salient object detection frame-
work. The framework first leverages a CLIP-based
group-consistent category generation method to auto-
matically generate semantic prompts for image groups,
and then integrates OWLv2 for open-vocabulary object
detection with SAM for universal segmentation. This
enables explicit semantic filtering of co-salient targets
as well as fine-grained pixel-level segmentation. The
proposed framework significantly enhances semantic
generalization and target recognition robusiness,
enabling effective localization of semantically consis-
tent salient objects in multi-object and complex back-
ground scenarios. By unifying the three critical compo-
nents—semantic prompt generation, open-vocabulary
detection, and saliency segmentation—this framework
provides an innovative and practical solution for

advancing co-salient object detection in open environ-

ments.
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Fig. 1 Comparison diagram between traditional Co-SOD methods and the proposed method
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B 18 5 AR Y (Minderer 45 ,2022) . OWL-ViT % F

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vision Transformer 2244, 256 1728 CLIP A7 () 545
TR SO FEHLE , REAE AR HEATE 2 A AR TE = 4 ke il
EE 5 Z i SCHIDC Y H ARIX S8

5545458 B ARRIN J 3 s A 2 i B 1 O =X
ANTF], OWL- VAT i iod 55 BB X 3 5 SCA R 7 22 [
R 18 SCAFARLRE Ofe 52 Ji H B A0 , 528 B 50 1 I s

5z ALRETT, R AT 2 H AR IR G R
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OWL-ViT [ 420 JO AR 30 1 B B X 5%, SE 3
B X IR SOARTE 2 (R B VL . 4R TR
25 H AR 3 SCOZ AR T AR 5T
HERRARAS OW Lv2 VE Ay 1 SCAE 356 DX sl A e By
HIF T ICAS I G A7, 52303 A% 5 26 5138 L —
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s AR 150 53 Ry A5 T 05 DX I, 44 B A X358 2
TR A 1] Vie R, TRV R A5 2% 2 42 R SCAR 45
i ) Tee R, B, B80S 3 13 X 5
SCAZ [R] P AR 5 AR BLRE s, o B et LA DT e AR
Al A NA R (6) PR
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[vl-|7,

Shf R A PR IX S B I 2 531, OW Lv2 75 I
AT SCAR B 78 v e IS A B RE e i 4, T s D A
AKX PR

J = argmax s;, Score; = max s, (7)
7 7

AP R 5 DX v, fi PEBC 1 SCAR S 7R &K 51, Score,
P HOX I B e KARBUE AT o3 o BEBRDREAG o0 i 3
JE ISR Y DX A A0 B, I A OGS I 1) 320 FAE
SRS o ZHLEIE T OWLv2 58 KA ik ia) i
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PUN R HESR A A 2457, T 14 I WIS AHE i)
TSI i A XA RS T DL E N T R e
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SIS B F I SR & TG I Y & i
W

WAL, A3 i v SRR RS I 235 3R 1Y) 5 | 3 e
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2016) ., CoCA (Zhang %5 ,2020) fll CoSOD3k (Fan %5,
2020) = A~ H A1 LS Re Ak Y P R S 32 H
G I RS S AR g IR | AT G M S T R 1]
AR T TR AG DU A o A BB B, A Y iy A —
PG B X IO7 9 i SR 7S ) , 3 ok A 285 060 55 L )
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b ARG U AE o 5 2 n] JE — 0 45 5 o BB B (4N
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i DeepACG (Co-Saliency Detection via Semantic-
Aware Contrast Gromov-Wasserstein Distance) (Zhang
&5 2021) .DMT(Discriminative Co-Saliency and Back-
ground Mining Transformer) (Li % , 2023) . DCFM
(Democratic Comprehensive Feature Mining) (Yu %,
2022) . GCoNet+ (Group Collaborative Co-Salient
Object Detector +) (Zheng %5 ,2023) . HrSSMN ( Hier-
archical high-order Spatial-Semantic Modulation Net-

work ) (Zhang 2§ ,2022) . GCoNet (Group Collaborative
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Network ) (Fan 2%,2021) .GICD( Gradient-Induced Co-
Saliency Detection) (Zhang 4§ ,2020) , CoGEM (Group
Exchange-Masking) (Wu 4§ ,2023) . GCAGC (Graph
Convolutional network with Attention Graph Cluster-
ing) (Zhang % , 2020) . CADC (Consensus-Aware
Dynamic Convolution) (Zhang 45 , 2021) , UFO (Uni-
fied Framework for Co-Object Segmentation) (Su %%,
2023) .ICSM (Information Calibration and Sliding Min-
ing) (Wei 4% ,2024) . UniTR (A Unified TRansformer-
Based Framework for Co-Object and Multi-Modal
Saliency Detection) (Guo 4§ , 2024) Lk J ASCoD
(Appearance and Shape Co-Representations for Co-
Saliency Detection) (Guo 5% ,2025) %5 . PEAG 45 bR
F5 -2 2 %% 22 (MAE) (Wang % ,2019) (e K F {H
(F,;"’“) (Achanta 45 ,2009) . fx K E {E(E:;"”) (Fan %,
2018)F1 S, (Fan 4,2017) , Herp MAE R TR 22
N AR TR bR e (AR I RE AL
3.2 BX—HMEIE

TEAHTTE ) I3 IERESE F, CLIP Wi T e 541
N A Bl AR G SC— R 2R 4R 7S , DT R IS SE R T
HCREASIN 55 7 BISR A TR L5150 N EEIZ
BEH R & B 5 A RE A SCFE CoCA | CoSal2015
I CoSOD3k = HHE b, %) CLIP [ 3l A4 il i 26
o0 24 PR 5 B A LSRN R T TR A, IS
TR B R SRR 1R

F1 BEX—BERIELE

Table 1 Semantic Consistency Verification Experiment

FIERES HEL URIES
CoCA 80 100.0%
Cosal2015 50 100.0%
CoSOD3k 160 97.5%

MR AT, CLIP A 3l A i i 200 44 PR 7
Y R BTG DL T BEAS 5 B AR B2 O v B —
o BE A EA OISO, W2 i ST
BYE: 0 (U sheep 5 antelope) , AN 2520 TE X 55 F1
JE SRR 55 URCR . XS5 R KW LT CLIP 1Y
N —Z AR N7 VR BRI A O TR AR i 1 17 L
T AR MG R 3 E SCE PR, S 2L TR
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25 ik RS R i — P R UE 1A SO R T vk
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B E X ILEE R . 1548 T RIri i ayisE o S
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A A FSL s B s 4R 1 IS TS e i Rl
PERE .

BARKRE TE CoCA B4 b, A 0743 I
E3© S, Fpe  MAE 35 b5 L HUAG T 0.948.,0.907,
0.897 F1 0. 025 MYPL 7 45 2 5 £ CoSOD3k £ 4i £
b HUE T 0.915.0. 880.,0. 884 il 0. 046 AL 545
H5 7E CoSal2015 %l % I, W FEHUAE T 0.952,
0.919.0. 938 F1 0. 033 AU SF45 R .

FHELE T HERE SR A AR SO VA TE CoCA 2
e b, B S, Fpe 18 bR okl 42 TF T 13, 1%,
16. 9% H1 25. 7%, MAE 38 bR A LL IR 7 ik FRET
5. 2%, F4r B E T T A AT ORI S T Y S
KM AE S . #E CoSal2015 Bl 4E b, kA Ege .S,
Fpe 3845 B BT 1% 1. 3% 2. 2% [T}, MAE [
% 1. 2%, #E— 2D B0 UE T AR P m] 0 2 PE A 7 55
M4 R . #E CoSOD3k B4 b, ik MR IS T
WU RE R BN, E— 25 UE B T I S A AR AR R
FUBE a5t 0 PR S E etk

UEAR, Il 3 iR A SCilE— 5 T S 2R
TR RE MR AT EE 2 R . AT Rk 4 SR AT LA
B A SO AR 4T 5T BRAS T4 M | o ¢
DA T3, B BT T T H AR 2 40 1 )
AR R % T2 REE B, rde ik g by
AR AR S — Bk S X SE et B B T &
TR A EI R

Zi LTk, AR SC 35 E CoCA L CoSOD3k F
CoSal2015 45 Z A bR MR 4L b (A I 285 SR 44 F
XFEC T UER T BT AR T S5 ] T 2 M A A SR A
T N B BRIz B 1 5 BN
3.4 HELKIG

SRy 355 U T4t A5 A% AR RO R ARG I 5 - 4P
RERTTRR , A8 SCERUABL ALK Y CoSOD3K AR I3k
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Table 2 Comparison with other state—of—the—art methods on three benchmark datasets

CoCA CoSOD3k CoSal2015
Ve

Ey 1 s, 1 Fpe 1 MAE |\ Ey Y S, 1V Fpe 1 MAE | Ey 1S, 1 Fpt 1 MAE |
GCAGC 0.754 0.669 0523 0.111 0816 0785 0740 0.100 0.866 0.817 0813  0.085
GICD 0701 0.658 0504 0.125 0831 0794 0743 0089 0884 0842 0834 0.072
DeepACG 0771  0.688  0.552  0.102 0838 0792 0756 0.089 0.892 0854 0842 0.064
CADC 0.744 0.681 0548 0.132 0840 0801 0859 0096 0906 0866 0.862 0.064
GCoNet 0.760  0.673 0.544  0.105 0.860 0.802. 0777 0071 0.887 0845 0.847 0.068
HiSSMN 0739 0.671 ~-0.532  0.106 0.842 - 0.788 0753  0.087 0895 0.845 0.841  0.062
DCFM 0783 0.710 0.598 0.085 0.874 0810 0.805 0.067 ~0.892 0838 0856 0.067
UFO 0782  0.697 0571 0.095 0874 0819 0797 0073 0906 0860 0.865 0.064
GCoNet+ 0814 0738 0.637 0.081 0901 0843 0834 0062 0924 0881 0891 0.056
DMT 0.800 0725 0.619 0.108 0.895 0851 0.835 0063 0936 0897 0905 0.045
CoGEM 0808 0726 0599 0.095 0911 0853 0.829 0061 0933 0885 0.882 0.053
CLIP-COD 0817 0735 0.635 0.077 0916 0858 0.838 0053 0939 0906 0916  0.049
1CSM 0.806 0725 0.626  0.099 0.890. 0.858 0.843 0061 0942 0.899 0.896 0.052
UniTR 0782 0702  0.567 0.096 0879 0.827 0.802 0.072 0906 0.866 0.862  0.064
ASCoD 0816 0738  0.640  0.083 0901 0830 0819 0063 0907 0861 0867 0.06l
OURS 0.948 0907 0897 0.025 0915 0880 0884 0046 0952 0919 0938 0.033

TE IORL TR 7R 25 97 de (L4 2R

T X LU PRI AS T T R I, BAR S SRk 3 Ak 4
Fis .

BT R A SRR AR 3 R AT B A T
LA FH SAM 438 eI 3R 5] A CLIP [ 3128 5
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— 55 B A BIE [ A N SR e AL AE CoSOD3k
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BRI A B 5 B A

HOR A AR X H L8 26 4 v FRANT R ST
£ 7 5E BB (T=0. 1 - 0. 8) 5 a0 25 W4 14 38 I 5
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SR FH [ 8 L o, R 7R o A 8 T 580 {1 ) 2B 36 1
JEHURR Y B AR, AR REASTE 35 o 2 W 7E Hw

DX, H 2551 AR M |, 3000 H50 R T 5
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B, EAR AT LA/ DA, (55 S 2 M H AR Ay
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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

He =t CoSOD3k
CLIP SAM OWLv2 (N Ep 1 S, 1 Fpe 1 MAE |
0.612 0.564 0.498 0.281
fi] 0.870 0.819 0.809 0.093
N N N EhA 0.915 0.880 0.884 0.046

e 4P, RS A A 2 AR H ks ik 2 ARF EZH,
B, HREREE , NG TER A KB, AR DL e
HOCA R R A PRI TR ZE A 0 FIR 4. LLRTAY S

AR RELE RV B A 201 F AR, (HIX AR S B N ] A
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0.8 0.546 0.434 0.302 0.332 i
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