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Figure 5 Feature interaction fusion module
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Table 1 Quantitative evaluation results
S48 4 CAMO COD10K NC4K
E F M S E F M S E F M

SINet"”’ 0.751 0.834 0.606 0.100 0.771 0.797  0.551 0. 051 0.808 0.882 0.723 0. 058
LSR 0.775 0.847 0.673 0.088 0.814 0.865 0.666 0.035 0.833 0.893 0.739 0.053
BSA-Net'®’ 0.796 0.859 0.717 0.079 0.818 0.894 0.699 0.034 0.841 0.903 0.771 0. 048
BGNet'”” 0.812 0.876 0.749 0.073  0.831 0.902 0.722 0.033  0.851 0.911 0.788 0. 044
ZoomNet'* 0.820 0.878 0.752 0.066 0.838 0.892 0.729 0.029 0.853 0.904 0.784 0.043
DGNet™™ 0.839 0.900 0.769 0.057 0.822 0.876 0.693 0.033 0.857 0.907 0.784 0.042
PENet'® 0.828 0.890 0.771 0.063 0.831 0.908 0.723 0.031 0.855 0.912 0.795 0.042
EAMNet™®  0.831 0.890 0.763 0.064 0.839 0.907 0.733 0.029 0.862 0.916 0.801 0. 040
FDNet™™ 0.836 0.886 0.777 0.066 0.857 0.918 0.763 0.028 0.865 0.911 0.803 0.042
FEDER'" 0.802 0.870 0.738 0.071 0.822 0.900 0.716 0.032 0.847 0.910 0.789 0. 044
FSPNet'® 0.856 0.919 0.799 0.050 0.851 0.900 0.735 0.026 0.879 0.923 0.816 0.035
DINet'®  0.821 0. 883 — 0.068 0.832  0.901 — 0.031 0.856 0.910 — 0.043
ETGENet 0.863 0.930 0.826 0.047 0.861 0.924 0.777 0.023 0.882 0.936 0.838 0.032
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Figure 6 Qualitative evaluation results
K2 HUTHREETHER
Table 2 Quantitative evaluation results of ablation experiments
» ” COD10K NC4K
A G5 5 S SR
S E F M S E F M
a Baseline 0. 843 0. 907 0.744 0.027 0.872 0.928 0. 820 0.035
b Baseline+EPD 0. 850 0.911 0.754 0.026 0. 875 0.928 0. 825 0.035
¢ Baseline+ EPD+FGEM 0. 853 0.917 0.764 0.024 0.877 0.932 0. 830 0.034
d Baseline+TPD 0. 846 0.914 0.750 0.025 0.874 0.930 0.824 0.034
e Baseline+TPD+FGEM 0. 850 0.917 0.759 0. 024 0. 875 0.931 0. 828 0.034
f Baseline+ETPD 0. 854 0.914 0.761 0.025 0.878 0.931 0. 829 0.034
g Baseline+ ETPD+FGEM 0. 857 0.920 0.770 0.024 0. 880 0.934 0. 835 0.033
h Baseline+FIFM 0. 853 0.918 0.766 0. 025 0.878 0.934 0.833 0.033
i ETGENet 0. 861 0.924 0.777 0. 023 0. 882 0. 936 0. 838 0.032
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Edge-texture Guided Enhancement Network for Camouflaged Object Detection

WEI Mingjun'?, CHEN Xiaoru', LIU Ming', LIU Yazhi"*, LI Hui'

(1. College of Artificial Intelligence, North China University of Science and Technology, Tangshan 063210, China; 2. Hebei Provincial
Key Laboratory of Industrial Intelligent Perception, Tangshan 063210, China)

Abstract; Camouflaged object detection (COD) is facing significant challenges due to the high similarity between
target objects and their background, such as blurred edge predictions, incomplete detection results, and interfer-
ence caused by the insufficient use of edge and texture information. To address the issues of current COD, a novel
edge-texture guided enhancement network ( ETGENet) was proposed to further improve the performance of COD
through explicit and sufficient edge-texture guidance strategies. Firstly, a key feature guided enhancement module
(FGEM) was used in ETGENet, which could use parallel feature refinement branches to process and enhance ob-
ject features. The guide branch could obtain object features by guiding attention correlation with edge and texture
cues to enhance the network’s understanding of object details and suppress noise interference. While the self-en-
hancement branch could use the self-attention mechanism to refine the characteristics of camouflaged objects from a
global perspective. Secondly, a feature interaction fusion module ( FIFM) was also proposed to progressively fuse
adjacent features. FIFM could utilize the attention interaction mechanism and weighted fusion strategy to learn com-
plementary information between features to generate more complete predicted map. Experiments on three public
datasets CAMO, COD10K, and NC4K demonstrate that the proposed network outperformed state-of-the-art methods
in the field across metrics such as structure measure S, adaptive enhanced matching measure E, weighted F-meas-
ure, and mean absolute error M. Notably, on the largest test set, NC4K, the weighted F-measure surpassed the
best-performing method among the 12 advanced COD methods, FSPNet, by 2. 2 percentage points.

Keywords: camouflaged object detection; edge information; texture information; feature guide; feature interaction





