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Camouflaged object detection by fusing Transformer and CNN
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Abstract; Addressing the challenges of effectively locating and segmenting camouflaged objects in complex
camouflage scenarios, where most methods falter, a Transformer and CNN fusion for camouflaged object
detection is proposed. Firstly, to enhance the feature representation capability of camouflaged objects, a dual-
branch encoder-decoder structure is introduced. Secondly, to address the problem of easy deviation in object
localization, a dual-branch boundary perception module is designed; to alleviate the problems of false
detection and missed detection in detecting camouflaged objects, an interactive fusion refinement mechanism is
constructed. By using feature grouping techniques to refine the texture of camouflaged objects, the detection
accuracy of models in complex scenes is improved. The model was tested on three challenging datasets, and
the results show that the proposed method performs well. In particular, compared with the classic ZoomNet
algorithm, the proposed method has reduced the MAE by 4.76% and the S-measure is increased by 1.59% on
the CAMO dataset.

Keywords : camouflaged object detection; dual—branch; boundary perception; fusion refinement
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Tab.1 Comparison of FTCNet with seven camouflaged object detection algorithms
CAMO CHAMELEON NC4K
Tk
S.  Fy  MAE E, Se Fy  MAE E, Se Fy  MAE  E,
C2FNet"'* 0.796 0.719 0.080 0.854  0.888 0.828 0.032 0.935 0.838 0.762 0.049 0.897
SINet-'?! 0.751 0.606 0.100 0.771 0.869 0.740 0.044 0.891 0.808 0.723 0.058 0.871
FAPNet ! 0.815 0.734 0.076 0.865 0.893 0.825 0.028 0.940 0.851 0.775 0.047 0.899
OCENet!"* 0.802 0.723 0.080 0.852 0.897 0.833 0.027 0.940 0.853 0.785 0.045 0.902
PreyNet'"! 0.790 0.708 0.077 0.842  0.895 0.844 0.028 0.952 — — — —
CamoFocus'™  0.812  0.752 0.071 0.873  0.898 0.849 0.027 0.953 0.847 0.788 0.043  0.909
ZoomNet" " 0.820 0.752 0.066 0.877 0.902 0.845 0.023 0.943 0.853 0.784 0.043  0.896
FTCNet 0.833 0.762 0.063 0.886  0.904 0.850 0.025 0.941 0.862 0.790 0.042  0.909
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Fig.4 Visualization of comparison results
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Tab.2 Experimental study of ablation on CAMO dataset and NC4K dataset

CAMO NC4K
M Method
S. Fy MAE E, S, Fy MAE B,

1 B1 0.807 0.742 0.066 0.875 0.844 0.779 0.046 0.907
2 B2 0.801 0.726 0.079 0.858 0.846 0.773 0.051 0.901
3 B2+DEAM 0.810 0.746 0.072 0.866 0.852 0.784 0.046 0.907
4 B2+IFRM 0.803 0.737 0.076 0.869 0.857 0.778 0.044 0.905
5 B2+DEAM+ IFRM  0.833 0.762 0.063 0.886 0.862 0.790 0.042 0.909
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