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A Survey of Panoptic Segmentation Methods

XU Peng-Bin' QU An-Guo' WANG Kun-Feng' LI Da-Zi'

Abstract In the field of computer vision, panoptic segmentation is a novel and important research topic. It is the
cornerstone of emerging leading-edge technologies such as machine perception and autonomous driving, and has
very important significance of research. This paper reviews the research progress of panoptic segmentation based on
deep learning methods, summarizes the basic processing flow of panoptic segmentation, and then classifies the
already published panoptic segmentation works based on the characteristics of its network structure, and makes a
more comprehensive introduction and analysis. Finally, the current problems and future development trends of the
panoptic segmentation task are analyzed, and some potential solutions are provided for solving the existing problems.
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Fig. 1

The processing flow of panoptic segmentation
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Table 2 Performance comparison of existing two-stage methods
] gL PQ mloU AP mAP Infer‘;ﬁf:) fime
Weakly- and semi-supervised VOC 2012 validation set 63.1 — 59.5 - —
panoptic segmentation
JSIS-Net" MS COCO test-dev 27.2 — — — —
TASCNet!"! Cityscapes 60.4 78.7 39.09 — —
AUNet!" Cityscapes val set 59.0 75.6 34.4 — —
Panoptic feature pyramid networks® MS COCO test-dev 40.9 — — — —
UPSNet”" MS COCO 42.5 54.3 34.3 — 17
Single network panoptic segmentation for - - o o o
street scene understanding!"” Mapillary Vistas 239 484
MS COCO 2018 panoptic
OANet!" segmentation 41.3 — — — —
challenge test-dev
OCFusion® MS COCO test-dev dataset 46.7 — — — —
SOGNet?! MS COCO 43.7 — — — —
PanDA™ MS COCO subsets 37.4 45.9 28.0 — —
BCRF!" Pascal VOC dataset 71.76 — — — —
Unifying training and mf_ere[%]ce for MS COCO test-dev set 479 o o o o
panoptic segmentation

BANet!™ MS COCO val set 41.1 — — — —
EfficientPSI™ Cityscapes validation set 63.6 79.3 374 — 166
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