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Abstract

The detection of disguised targets is a highly valuable and challenging task. In response to the low recog-
nition rate and inaccurate edge recognition of existing deep learning networks for disguised targets, a
disguised target recognition model (TGDNet) based on improved edge dual-attention adaptive fusion
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and context fusion of BGNet is proposed in this paper to improve its segmentation and recognition per-
formance. This article uses the CAMO, CHAMELEON, COD10K, and NC4K datasets for training, and com-
pares them with neural network models such as SINET, UGTR, LSR, etc. The test results show that our
proposed TGDNet model has fast and stable convergence speed, and outperforms the comparison model
in key indicators, including S-measure, E-measure, F-measure, and MAE.
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Figure 1. Network architecture diagram
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Figure 2. Residual structure
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Figure 3. Inverted bottleneck structure
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Figure 4. Edge dual attention guidance module
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Figure 5. Attention fusion module
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Figure 6. Preview image of the dataset
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Table 1. Comparative experiment

= 1. XEbsong

CAMO CODI10K NC4K
eval ST Et F1 M| St Et F1 M| St Et F1 M|
SiNet 0.745 0.804 0.644 0.092 0776 0.864 0.631 0043 0.808 0.871 0.723  0.058
PFNet 0.782 0.841  0.695 0.085 0.800 0.877 0.660 0.040  0.829 0.887 0.745  0.053
S-MGL 0.772 0.806  0.664 0.089 0.811 0.844 0.654 0.037 0.829 0862 0731  0.055
R-MGL 0.775 0.812 0.673 0.088 0.814 0.851 0.666 0.035 0833 0867 0.739  0.053
UGTR 0.784 0.821 0.683 0.086 0.817 0.852 0.665 0036 0.839 0.874 0.746  0.052
LSR 0.787 0.838 0.696 0.080 0804 0.880 0.673 0.037 0.840 0.895 0.766  0.048
C2FNet 0.796 0.854 0719 0.080 0.813 0.890 0.686 0.036 0.838  0.897 0.762  0.049
JCSOD 0.800 0.859 0.728  0.073  0.809 0.884 0.684  0.035 0.841 0.898 0.771  0.047
BGNet 0.812 0.870 0749  0.073  0.831 0901 0722  0.033 0.851 0907 0.788  0.044
Ours 0.863 0916 0.825 0.049 0.860 0.921 0.784 0.023 0.881 0.930 0.840  0.031

4.6. JHEASCIG

FEA/NTIH, FRATIE A B A T T T Bl ST I6 SR 36 UF AT 5 5002 & MR ) A B A . BT Y
TH Fih S8 P AT SC I B IR A SRR ERAAR, 7E CAMO. CODI0K. NC4K X VU4 a4 it 4771 ik
SEUy, WIREE 2 fon, IR, #KIHi%EH MAE. F-measure 1 S-measure {E N IENTEFR, AT LA BI4E RN
TCM FEHL B IN DGFM BEEEAR 54 $2FF, 7F TCM + DGFM (TGDNet)f5 brik 25 A fH -

Table 2. Melting experiment
2. HASEIE

CAMO CODI10K NC4K
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