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Camouflaged object segmentation based on edge
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Abstract: The task of camouflaged object segmentation is to accurately classify and localize objects that
are highly similar to the background using pixel-level segmentation masks, which is more challenging than
traditional object segmentation tasks. Aiming at the problems that the target is highly similar to the
surrounding environment, the boundary is blurred, and the contrast is low, a camouflaged target
segmentation method based on edge enhancement and feature fusion is constructed. First, a set of edge
extraction modules is designed, aiming to accurately segment valid edge priors. Afterwards, a multi-scale
feature enhancement module and a cross-level feature aggregation module are introduced to mine multi-
scale contextual information within and between layers, respectively. In addition, a simple inter-layer
attention module is proposed to effectively filter out the interference information existing after fusion by

utilizing the difference between adjacent layers. Finally, accurate prediction results are obtained by
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combining feature maps of all levels with edge priors step by step. Experimental results show that the

model outperforms other algorithms on four camouflaged target benchmark datasets. Among them, the

weighted F value increased by 2.4%, the average absolute error decreased by 7.2%, and the

segmentation speed reached 44.2 FPS under the RTX 2080Ti hardware environment. Compared with

existing methods, this algorithm can segment camouflage targets more accurately.

Key words: deep learning; camouflaged object; image segmentation; edge feature; feature fusion
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Fig.1 Network structure diagram
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Fig.2 Multi-scale feature enhanced module
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Tab.1 Quantitative results of different models for four evaluation metrics on four dataset (CHAMELEON, CAMO-test,

COD10k-test, NC4K)

CHAMELEON CAMO-test
LR

S. A Eo* F}ﬁ MAE vy S, A E * F}”ﬁ MAE ¥
BASNet 0. 687 0.721 0.474 0.118 0.618 0.661 0.413 0.159
EGNet 0. 848 0. 870 0.702 0. 050 0.732 0.768 0. 583 0.104
CPD 0.853 0. 866 0.706 0.052 0.726 0.729 0. 550 0.115
F3Net 0. 848 0.917 0.744 0.047 0.711 0.780 0. 564 0.109
PraNet 0. 860 0.907 0.760 0. 044 0.769 0.824 0.663 0.094
SINet 0. 869 0.891 0.740 0.044 0.751 0.771 0. 606 0. 100
PFNet 0. 882 0.942 0.810 0.033 0.782 0. 852 0.695 0. 085
C2FNet 0. 888 0.946 0. 828 0.032 0.820 0. 864 0.752 0.066
SINetV2 0. 888 0.942 0.816 0.030 0.820 0. 882 0.743 0.070
LSR 0.890 0.948 0.820 0.030 0.787 0. 852 0.696 0. 080
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AT 0.892 0.952 0. 828 0.027 0. 828 0. 889 0.817 0.061

28 450 COD10K-test NC4K
S A Eo A Fi A MAE § S.A EoA A MAE §
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EGNet 0.737 0.779 0.509 0. 056 0.777 0. 864 0.639 0.075
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F3Net 0.739 0.819 0.544 0.051 0. 780 0. 848 0. 656 0.070
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Fig.6 P-R curves and F-measure curves of 10 different methods on four benchmark datasets. Our method is shown with a

solid red line. The closer the P-R curve is to the upper right corner and the higher the F-measure curve is, the better

the performance of the model is.
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Tab.2 Speed and model complexity analysis on multiple models

Method ATk SINet PFNet UGTR MGL-R LSR SINetV2
FLOPs/G 21.26 38.04 19. 00 1024 549. 62 66. 64 31.26
Params. /M 29. 47 48.95 49. 50 48. 87 63.58 50. 95 24.93
FPS 44.2 56 62 18 12 56 25
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Tab.3 Effectiveness analysis of different modules
N CODI10K-test
NGRS ZRERER RS SR BRIHERGET R — :
S, A Egh Fyh MAEy
0.766 0.828 0.552 0.045
N 0.803 0.857 0.639 0. 040
N 0.812 0.864 0.660 0.038
N 0.812 0.868 0.652 0.038
N/ 0.819 0.875 0.664 0.036
v v 0.816 0.872 0.666  0.036
N NG 0.822 0.890 0.673 0.034
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Fig. 7 Vision comparison of removed different modules
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Tab.4 Effect of the proportion of the two loss functions

on network performance

CODI0K-test

A TGN B FiA  MAEY
1 1 0.813 0.887 0.660  0.036
2 1 0.820 0.890 0.669  0.034

1 0.822 0.890 0.673  0.034
10 1 0.825 0.884 0.670  0.035
1 2 0.807 0.878 0.662  0.035
1 5 0.800 0.871 0.654  0.037
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