E50% 5§ 10 #3/2024 £ 10 A/AHENTTE ARILX

ETRELSGERFER 3 B & 8080

i%yglﬁ?/}j}k "F‘E‘i—lxa FJ X#‘@-‘ #Z]ﬁ’j
(P22 IS H R 2 HL - TRE 2 B, B VY P2 710121)

W O NRE st HERKIN (COD) H 8 1) 25 [BE B AN 52 2 A B bR i SR Y (] 81, 2 H — Fh 35 F IR 3 2
PR Dhke H AR i S 4 A kil 3 3k 7;%5/2%%1“5@ETTEI’J@C@%#*IJQQ%QIHﬁuﬁi?i@tﬂﬁﬁﬁﬁlﬁﬁﬁ%
(CTDAM) H-AIF 35 A48 S4B (FBSMD Al RHEH R B (BIM) , CTDAM F) 4 5 a2 B 7 s R 47 240 IR
G RR T 5 MG P 0 D e H AR B9 S 25 55 78 VE B TR IE Al A A H CAFENVD rh 5| AR v 2 0 AN i 1
BN IEATH B IR SRS 2 Al G L iR B R 35 B A R 4 Jm BT SO SUE B AR s FBSM R AR
MLHIRHARZ S5 5 2R A S & Ab BN TR 3 B8 25 05 2 M) AR 61 56 2% 5 BIM R ] FBSM fir $244E i1 2448 5 8-,
5 A S PRREE W BSE B AR IR anfbii iy . 7 CAMO.CHAMELEON F1 COD 10K 4% 1 F F 4 4
BPEASG FEBRIEAT A 12 FIE PR S50, 45 SR 3 B ik AR PR BB AR X L i 8 e b S fE COD 10K %idi 4
b HSE A R 22 (MAE) A3 T 0. 034,

KB Ohde HARREI s RRAF 0 58 T B DR A LR SUE R iR

TER A% $E  https: //github. com/erfree/BTNet

FE 4% 5 TP391 XEtERERD: A DOL:,10. 19678/j. issn. 1000-3428. 0068431

Edge Refinement Detection of Camouflage Targets (Based .on Deep Texture Features

YUAN Hao, GE Haibo, XIN Shiao , XU Dongmei,« Y ANG Yudi

(School of Electronic Engineering, Xi'an University of Posts and Telecommunications. Xi'an 710121, Shaanxi, China)

[Abstract] To solve the problem of incomplete spatial information and fuzzy target boundaries in conventional
Camouflage Object Detection (COD), a COD algorithm based on depth texture features and edge thinning is
proposed. Based on the texture difference and edge details of the target, the algorithm designs Context Texture
Difference Amplification Module (CTDAM) , Feature'Boundary Search Module (FBSM), and Boundary Inference
Module (BIM). CTDAM uses global receptive field«coverage and parallel multi-branch hybrid convolution to
highlight the texture differences of occluded camotflage targets. Additionally, it introduces local attention and
position channel perception to guide feature cross-layer fusion in Attention Feature Fusion Module ( AFFM).
Therefore, it achieves the effect of balaneing local information and enhancing semantic information of global
context. FBSM uses a self-attention mechanism to combine low- and high-level features to deal with the dependence
between different boundary pikelss, and BIM uses the boundary guidance factor provided by FBSM to guide the
fusion features to infer thefreal target and refine the edge details. Quantitative and qualitative experiments are
conducted on the CAM®, CHAMELEON, and COD 10K datasets using four objective evaluation indices. The
results demonstrate that the proposed algorithm is superior to other eight algorithms. On the COD 10K dataset,
the Mean Absolute Error (MAE) is 0. 034.

[Key words] Camouflage Object Detection (COD); feature boundary search; attention feature fusion; context
information; texture difference
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Table 1 Evaluation index results of each method on three datasets
. CHAMELEON CAMO-Test COD 10K-Test

ik Sa 4 FpA EgA MAEY  Sat FpA EgA MAEY  Sat FpA E¢A  MAEY
PFNet 0. 794 0.778 0. 783 0. 051 0. 714 0. 685 0. 777 0. 098 0.753 0. 662 0. 742 0. 065
SINetV2 0. 751 0. 805 0. 814 0. 048 0. 742 0. 667 0. 803 0. 095 0.733 0.672 0.761 0. 055
LSR 0. 809 0. 818 0. 808 0. 044 0. 769 0. 682 0. 801 0.092 0. 774 0. 681 0. 794 0. 056
C2F-V2 0. 868 0. 817 0. 869 0. 048 0.773 0. 698 0. 811 0. 091 0. 786 0. 679 0. 803 0. 052
MFNet 0. 870 0. 821 0. 907 0. 039 0. 769 0. 710 0. 825 0. 085 0. 789 0. 685 0. 861 0. 045
BSA-Net 0. 872 0. 833 0.912 0. 037 0. 783 0.731 0. 842 0. 083 0. 791 0. 705 0. 869 0. 041
DGNet 0. 897 0. 841 0.935 0.035 0. 787 0. 744 0. 838 0. 080 0. 804 0. 715 0. 877 0. 037
TPRNet 0. 882 0. 828 0.931 0. 033 0. 817 0. 746 0. 842 0. 077 0. 801 0. 726 05877 0. 036
AR 0. 894 0. 842 0.941 0. 027 0. 807 0.778 0. 861 0.077 0. 816 0.732 0. 888 0. 034

MRyE R 1 458 R, /£ CHAMELEON %442
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Fig.5 Qualitative comparison results of each method
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Fig.6 Results, of efficiency comparison of each method
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Table 2 Results

of ablation experiment

SEi ok CHAMELEON CAMO-Test COD 10K-Test

gl S«eA Egh FA MAEy SeA EgA Fg4 MAEy SeA Egh FgA MAEY
1 B 0.811 0.813 0.703 0.060 0.731 0.765 0.611 0.100 0.765 0.786 0.546 0.051
2 B+FBSM 0.823 0.825 0.712 0.055 0.742 0.771 0.632 0.095 0.771 0.791 0.557 0.049
3 B+CTDAM 0.831 0.834 0.725 0.053 0.748 0.781 0.633 0.093 0.774 0.796 0.568 0.048
4 B+FBSM+CTDAM 0.845 0.849 0.742 0.049 0.758 0.793 0.644 0.089 0.782 0.812 0.581 0.046
5 B+FBSM+CTDAM+AFFM  0.867 0.873 0.756 0.041 0.771 0.814 0.668 0.084 0.792 0.833 0.603 0.044
6 AT 0.889 0.911 0.788 0.028 0.795 0.836 0.698 0.078 0.812 0.856 0.631 0.039
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