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Instance segmentation method based on target contour

SUN Jin-guang, WANG Xue'

(School of Electronic and Information Engineering, Liaoning Technical University,
Huludao 125105, China)

Abstract: The purpose of instance segmentation is to use pixel-level instance mask to classify and locate a
single object, which is a challenging task in computer vision. At present, there are some problems such as
slow segmentation speed, low segmentation accuracy for small objects, and uneven segmentation edge.
Aiming at the above problems, a instance segmentation method based on target contour is proposed. On
the one hand, the feature extraction is carried out for the nodes on the object contour, which is not affected
by the detection box and avoids processing the internal pixels of the object, so as to accelerate the segmen-
tation speed. On the other hand, the gradual segmentation of the image is adopted to extract the features
on the contour of the object multi-level, and the multi-scale fusion feature processing method is used to bet-
ter extract the context semantic information and reduce the feature loss. The average segmentation accura-
cy of Cityscapes and KINS is 32. 4% AP and 32. 0% AP, respectively, which is better than the segmenta-
tion accuracy of many excellent works. The smoothness and the degree of fit of the object segmentation

edge have better processing effect. The instance segmentation network based on target contour has better
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segmentation ability in instance segmentation task.

Key words: object detection; instance segmentation; deformable contour; circle convolution; mulit-scale

fusion; progressive segmentation
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Fig.2 Flow chart of instance segmentation network based on target contour
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Fig.3 Progressive segmentation network
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Fig.9 Experimental effect of Cityscpes dataset
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Tab. 3 Results from the Cityscapes dataset( AP)
Algorithm AP person rider car truck bus train mcycle  bicycle
SGN™ 25.0 21.8 20.1 39.4 24.8 33.2 30.8 17.7 12. 4
PolygonRNN -+ + 25.5 29.4 21.8 48.3 21.1 32.3 23.7 13.6 13.6
Mask R-CNN" 26.2 30.5 23.7 46.9 22.8 32.3 18.6 19.1 16.0
GMIS™ 27.6 29.3 24.1 42.7 25.4 37.2 32.9 17.6 11.9
Spatial*” 27.6 34.5 26.1 52.4 21.7 31.2 16.4 20.1 18.9
PANET"™ 31.8 36.8 30.4 54.8 27.0 36.3 25.5 22.6 20.8
Deep Snake'™ 31.7 37.2 27.0 56.0 29.5 40.5 28.2 19.0 16.4
TCPN 32.4 39.6 29.0 57.8 28.5 40. 4 24.8 20.8 18.5
%4 Cityscapes BIEE T R (AP,,)
Tab.4 Results from the Cityscapes dataset( AP;,)
Algorithm AP, person rider car truck bus train mcycle bicycle
Deep Snake'” 58.3 72.2 64.3 81.5 41.2 58.8 51.3 50.4 46. 6
TCPN 59.8 74.8 67.3 84.0 40.5 60. 1 46.3 52.7 52.4

@ AR

(a) Person and bicycle

(b) YRR
(b) Big objects like cars
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Fig. 10 Experimental effect of KINS dataset
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Tab.5 Results from the KINS dataset
Algorithm amodal scg A SR A5 14 A N 14 4R 5
e o KURBEAE 40 130 50K -4 4 th T 36K H A
S o G 0 5 040 007 v BT B
Mask R.CNN 2 2 0T A 8 %
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Deep snake' 313 3 1 0 94 L KRS F e T O 0
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