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A survey of instance segmentation research based on deep learning

SU Li"*, SUN Yuxin', YUAN Shouzheng'

(1. College of Intelligent Science and Engineering, Harbin Engineering University, Harbin 150001, China; 2. Key Laboratory of Min-
istry of Education on Intelligent Technology and Application of Marine Equipment, Harbin Engineering University, Harbin 150001,
China)

Abstract: Deep learning has made great progress in the field of computer vision. Although instance segmentation re-
search based on deep learning has only become a research hotpot in recent years, relevant techniques can be widely used
in the fields of autonomous driving, complementary medicine and remote sensing imaging. Instance segmentation, as
one of the fundamental problems of computer vision, requires not only pixel-level segmentation of different classes of
targets, but also differentiation of different targets. In addition, the flexibility of target shapes, the occlusion between dif-
ferent targets and the tedious data annotation problems all make the instance segmentation task extremely challenging.
In this paper, firstly, some valuable research results in instance segmentation are systematically reviewed according to
two-stage instance segmentation and one-stage instance segmentation. Secondly, the advantages and disadvantages of
different algorithms are analyzed and the testing performance of different models on the COCO dataset is compared. In
addition, the applications of instance segmentation under special conditions are summarized, and common datasets and
evaluation metrics are briefly introduced. Finally, the possible future directions of instance segmentation and the chal-
lenges it faces are prospected.

Keywords: computer vision; instance segmentation; image segmentation; convolutional neural network; deep learning;
object detection; two-stage instance segmentation; one-stage instance segmentation
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Fig. 1 Paper focuses on the instance segmentation methods
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Table 1 Comparison of the advantages and disadvantages of different instance segmentation algorithms
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Table 2 Performance comparison of different instance segmentation algorithms
ER7S FEAith 1 2% SoJHM AP APy, AP, APy APy AP, #Params fps  GPU
[13]
Mask R-CNN ResNet-101 FPN 1x 357 580 37.8 155 38.1 524 1350M 5.1 V100
13
Mask R-CNN'" ResNeXt-101-FPN 1x 37.1 600 394 169 399 535 137.IM 79 V100
18
Masklab'"" ResNet-101 1x 354 574 374 169 383 492 — — —
[19]
PANet ResNeXt-101-FPN 1x 40.0 62.8 43.1 18.8 423 572 — 23.8 V100
21
MS R-CNN™ ResNet-101 FPN 1x 383 588 415 17.8 404 544 208.6M 59 V100
. 22
Point Rend"*” ResNet-50-FPN 1x 363 — @ — - —  — 1412M — —
23
BMask >’ ResNet-101-FPN 1x 377 593 40.6 168 399 546 1954M «— —
36
FCIS++* ResNet-101-C5 1x 33.6 545 @ — @— @— — -
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YOLACT550™" ResNet-101-FPN 4x 298 485 312 99 313 477 — 333 V100
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Cascade Mask R-CNN'""” ResNet-101-FPN 1x 384 602 414 202 410 506 252M 81 V100
58
arct ResNet-101-FPN 1x 39.7 61.8 43.1 21.0 422 535 3264M 24 V100
[41]
SOLO ResNet-101-FPN 6x 378 595 404 164 406 542 674M 228 V100
43
soLov2™! ResNet-101-FPN 6x 39.7 607 429 173 429 574 655M 314 V100
49
Tensormask'" ResNet-101-FPN 6x 37.1 593 394 174 39.1 516 — 2.7 V100
50
Polarmask”™ ResNet-101-FPN 1x 304 519 31.0 134 324 4238 — 123 V100
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MEInst” ResNet-101-FPN 1x 33.0 564 34.0 152 353 463 36.9M 162 V100
46
CenterMask' " Hourglass-104 — 345 561 363 163 374 484 — 123 V100
47
BlendMask""”! ResNet-101-FPN 3x 384 607 413 182 415 533 547M 9.8 1080Ti
40
CondInst™” ResNet-101-FPN 3x 39.1 609 42.0 215 41.7 509 543M 12.0 1080Ti
56
ISTR™ ResNet-101-FPN 3x 399 — — 228 419 523 — 11.0 1080Ti
[571
SOTR ResNet-101-FPN 3x 402 612 434 103 59.0 73.0 — 7.14 V100
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Table 3 Evaluation index of COCO dataset
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