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ECCLNet: a bi-gated cross-modal attention salient target detection
approach
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Abstract: In order to solve the problems of fixed feature dimensions, high computational complexity, and
serious category imbalance in multimodal feature fusion in the current Salient Object Detection (SOD), and the
deficiencies of the existing methods in terms of insufficient context modelling, loss of detailed features, and
cross-modal coupling stiffness lead to the limited detection performance, this paper proposes a novel bimodal
gated cross-modal attention salient target detection method, ECCLNet, to improve detection accuracy and
efficiency. The Cross-modal Enhancement Module (CEM) is adopted to achieve adaptive interaction between
RGB and depth/thermal infrared modal features, and the Cross-Level Refinement Module (CLRM) is designed
to combine deformable convolution and dynamic weighting strategies to achieve accurate alignment and
detection of multi-scale features. Meanwhile, for the problem of category imbalance, a Weighted Binary Cross-
Entropy (WBCE) loss function based on the square root balancing strategy is proposed to stabilise the training
and improve the boundary prediction accuracy. Comparative experiments are carried out on standard RGB-D and
RGB-T salient object detection data-sets of NLPR, SIP and VT series. The results indicate that the proposed
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ECCLNet outperforms all competing algorithms in both detection accuracy and inference efficiency, and can

offer technical support for studies related to multi-modal visual perception and intelligent object detection under

complex scenarios.

Keywords: salient object detection; cross-modal fusion; bi-gated attention; multi-scale feature refinement; RGB-

D/RGB-T
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DUT #dls 46 b5 NLPR #4457 NJU2K din S 464
GRS
s, F, E, Eyins s, F, E, Eyns s, F, E, Eyns
C2DFNet 0.930 0934 0958 0.025 0.934 0899 0955  0.021 0908  0.899 0919  0.038
CAVER 0913 0920  0.947 0.039 0922 0923 0954 0023 0927 0932 0956  0.028
DCMNet 0921 0923 0947 0.035 0.940 0924 0970  0.024 0915 0899 0920  0.036
CPNet 0951 0955 0971 0.019 0.940 0924 0970 0016 0935 0933 0935  0.025
TriTransNet 0928 0924  0.952 0.032 0921 0891 0955  0.025 0916 0903 0912  0.035
EBFSP 0.858  0.842  0.890 0.067 0.924 0897 0952  0.026 0903 0894 0907  0.039
HAINet 0910 0906 0938 0.038 0931 0897 0957  0.024 0912 0900 0922  0.038
SwinNet 0.945 0941 0967 0.023 0.927 0908 0959 0018 0931 0919 0929  0.028
A3 0952 0960  0.978 0.018 0936 0927 0971 0017 0932 0935 0961  0.023
SIP Hdie e 45 b LSFD ¥l 4248 b7
ik
s, F, E, Eyns s, F, E, Eyns
C2DFNet 0872 0867 0915 0.054 0.863 0863 0883  0.065
CAVER 0.895 0909  0.935 0.043 0.863  0.865 0907  0.074
DCMNet 0.885 0883 0926 0.047 0.877  0.867 0906  0.064
CPNet 0907 0917  0.941 0.035 0.892 0890 0919  0.049
TriTransNet ~ 0.886  0.892  0.924 0.043 0.866  0.868  0.889  0.066
EBFSP 0.885 0869 0917 0.049 0.861 0862  0.893  0.070
HAINet 0.880  0.875 0919 0.053 0.854 0852 0877  0.079
SwinNet 0911 0912 0943 0.035 0.878  0.868  0.899  0.060
AL 0919 0936 0952 0.030 0.896  0.888 0926  0.048
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Fig.7 P-R curves of different methods on RGB-T datasets
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Tab.2 E,,,,comparison based on Transformer algorithm and this algorithm

EMAL"
=87 Backbone

NLPR NJU2K SIP DUT

SwinNet Transformer 0.025 0.028 0.035 0.024

CMFormer Transformer 0.023 0.026 0.033 0.022
CATNet Transformer 0.024 0.027 0.034 0.023

ECCLNet CNN 0.021 0.023 0.030 0.018
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Tab.3 Ablation study on deformable convolution in

CLRM

A S BEE WEBBRE B F E,

ECCLNet x 0.020 0918 0.964
NLPR

ECCLNet N 0.017  0.927 0.971

ECCLNe x 0.025 0.921 0.955
NJU2K

ECCLNet N 0.023  0.935 0.961

ECCLNet x 0.036 0912 0.941

SIP
ECCLNet N 0.030  0.936  0.952
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Tab.4 Model complexity and efficiency analysis

- S8 106 i TR R/
ZHE/10° (i-s™)
ADF 175.291 135.857 135.857
DCNet 108.491 107.815 107.815
MIDD 52.428 87.774 87.774
SwinNet 198.784 124.724 124.724
LSNet 4.564 1.231 1.231
R3Net 60.240 56.160 56.160
EGNet 108.070 270.800 270.800
AFNet 37.100 38.400 38.400
ECCLNet 217.200 131.900 66.100
3 &%

A SCHE H— ORI 45 B RS R R O HE
ECCLNet, M Tl & HEmRM SR EH
Pkl o it 5] ARSI R (CEM) ., )2
FRIEANIEALER (CLRM) DA sh 25 A A9 A — 8
&S R AL, AR T RS RLA R 1
ST R LA B 288 ) 71 AN YAl A5 G e ) A

1E 6 1> RGB-D 5 RGB-T i & H A6 1l 35 v %k
AR BSR4 R, ECCLNet 718 #:  4:2
S B A R O R B B E L R,
B H AL B 4 T TR A Y AT i R S 2 Ak g
Sk PR E A A i 45 AH SC B AT 55 AL T AT AR RS 1
W SH

SR1M, ECCLNet SR, At
5B LG —E PR eAh, R
TERIE 5L AR T RIS, (HHAELL M slib)
VR HE I IR v 1) 38 P 1 T 0 — 29 S I

TTFITRERARKRZZR (BARZEM)

PI1IE . https://fxky.publish.founderss.cn



512 AT IRBRKRFFR (8 RFFIR)

% 45 %

Kk TAEW T 5 673 ECCLNet 1 #% &4k %11
5\ EMESEBENLE, DI & HAE LR E 28
S R B RCR AN T

2 % 3Lk (References)

[1]Kim J H, Lee J. Layered non-photorealistic rendering with
anisotropic  depth-of-field filtering[J]. Multimedia Tools and
Applications, 2020, 79(1): 1291-1309.

[2]Le T N, Sugimoto A. Video salient object detection using
spatiotemporal deep features[J]. IEEE Transactions on Image
Processing, 2018, 27(10): 5002-5015.

[3] Wei S K, Liao L X, Li J, et al. Saliency inside: learning attentive
CNNs for content-based image retrieval[J]. IEEE Transactions on
Image Processing, 2019, 28(9): 4580-4593.

[4] Yue H H, Guo J C, Yin X J, et al. Salient object detection in low-
light images via functional optimization-inspired feature polishing
[J]. Knowledge-Based Systems, 2022, 257: 109938.

[5]Wang X H, Liu Z B, Liesaputra V, et al. Feature specific
progressive improvement for salient object detection[J]. Pattern
Recognition, 2024, 147: 110085.

[6]Zhou W J, Guo Q L, Lei J S, et al. ECFFNet: effective and
consistent feature fusion network for RGB-T salient object detection
[J]. IEEE Transactions on Circuits and Systems for Video
Technology, 2022, 32(3): 1224-1235.

[7] Fan D P, Zhai Y J, Borji A, et al. BBS-Net: RGB-D salient object
detection with a bifurcated backbone strategy network[C]//
Computer Vision-ECCV 2020. Cham: Springer, 2020:275-292.

[8] Zhao X Q, Pang Y W, Zhang L H, et al. Suppress and balance: a
simple gated network for salient object detection[C]/Computer
Vision-ECCV 2020. Cham: Springer, 2020: 35-51.

[9] Zhao J X, Liu J J, Fan D P, et al. EGNet: edge guidance network for
salient object detection[C]//2019 IEEE/CVF International
Conference on Computer Vision. October 27-November 2, 2019.
Seoul, Korea. IEEE, 2019: 8778-8787.

[10] Bao L X, Zhou X F, Lu X K, et al. Quality-aware selective fusion

network for V-D-T salient object detection[J]. IEEE Transactions
on Image Processing, 2024, 33: 3212-3226.

[11]Liang B C, Luo H L. MEANet: an effective and lightweight

solution for salient object detection in optical remote sensing

images[J]. Expert Systems with Applications, 2024, 238: 1217785.

[12] Hao C, Yu Z T, Liu X, et al. A simple yet effective network based
on vision transformer for camouflaged object and salient object
detection[J]. IEEE Transactions on Image Processing, 2025, 34:
608-622.

[13] Yuan G J, Song J T, Li J J. IF-USOD: multimodal information
fusion interactive feature enhancement architecture for underwater
salient object detection[J]. Information Fusion, 2025, 117: 102806.

[14] Yang Q N, Zheng J H, Chen J. Multilevel diverse feature
aggregation
Neurocomputing, 2025, 628: 129648.

[15] Xu M Y, Zhou Z P, Xu H B, et al. CP-net: contour-perturbed

network  for  salient object  detection[J].

reconstruction network for self-supervised point cloud learning[J].
IEEE Transactions on Multimedia, 2024, 26: 8799-8810.

[16] Fu K R, Fan D P, Ji G P, et al. JL-DCEF: Joint learning and densely-
cooperative fusion framework for RGB-D salient object detection
[C]//2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), Seattle, WA, USA, 2020: 3049-3059.

[17] Peng D G, Zhou W Y, Pan J Z, et al. MSEDNet: multi-scale fusion
and edge-supervised network for RGB-T salient object detection
[J]. Neural Networks, 2024, 171: 410-422.

[18] Chen J, Zhang H Y, Gong M M, et al. Collaborative compensative
transformer network for salient object detection[J]. Pattern
Recognition, 2024, 154: 110600.

[19]Liu Y, Li C X, Dong X H, et al. Seamless detection: unifying
salient object detection and camouflaged object detection[J].
Expert Systems with Applications, 2025, 274: 126912.

[20] BRUL, 25 A28 it i . 2 FUZ B RS WUE R AP A& AR

R J5E D] 3T TRRBAR K A= (B IR R 2 HR),2024,43(1):
93-100.
Chen Hong, Li Hongxu, Jinhaibo. Intrusion detection method
based on multi-scale convolution and dual attention mechanism
[J]. Journal of Liaoning Technical University (Natural Science),
2024,43(1):93-100.

(211 B o I R 28 B AR PR 5 BT R H AL S A 3 S R B Al v o
& [1]. 1T TR AR R Z S (H AR FF0R),2025,44(4):505-512.
Chen Zhanguo, Chen Zhenjun, Xue Chenxia, et al. A complex
scene depth estimation network based on monocular camera[J].
Journal of Liaoning Technical University (Natural Science),2025,

44(4):505-512.

TTITRERAREZZR (BAREM)

RI1IE . https://fxky.publish.founderss.cn



