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RGB-D multi-class instance segmentation based on double pyramid
feature fusion model

ZHANG Xu-dongT, WANG Yu-ting, FAN Zhi-guo, FU Xu-wen
(School of Computer and Information, Hefei University of Technology, Hefei 230009, China)

Abstract: For RGB images instance segmentation, some segmentation errors may occur in areas with similar textures
but different categories. This paper introduces depth information and makes use of three-dimensional geometric features
of RGB-D images, proposing the double pyramid feature fusion model. The method constructs two pyramid depth
networks with different complexity to extract RGB and Depth features of different resolutions, then add two features of
corresponding resolution. In this way, we change the input features of region Proposal network, then the classification
network, regression network and mask network output positioning and classification results to get RGB-D images instance
segmentation results. The experimental results show that the proposed model can learn the complementary information
between depth images and RGB images, and get satisfactory RGB-D instance segmentation results. Compared to the
mask R-CNN model that does not contain depth information, the average precision of the proposed model is increased by
7.4 %.
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mean bathtub bed bookshelf box chair counter  desk door dresser

RGB DPM 9.0 0.9 27.6 0.1 7.8 7.3 0.7 2.5 14
RGBD DPM 23.9 19.3 56.0 17.5 0.6 23.5 24.0 6.2 9.5 16.4
RGB RCNN 22.5 16.9 45.3 28.5 0.7 25.9 30.4 9.7 16.3 18.9
SCHIR [28] i 37.3 444 71.0 32.9 14 43.3 44.0 15.1 24.5 304
RILTT(APy) 46.2 50.0 83.8 54.4 3.6 64.4 59.5 20.0 28.1 38.5

garbage bin lamp monitor  nightstand  sink  pillow sofa table television toilet
RGB DPM 6.6 22.2 10.0 5.9 4.3 9.4 5.5 5.8 343
RGBD DPM 26.7 26.7 34.9 32.6 22.8 20.7 34.2 17.2 19.5 45.1
RGB RCNN 27.9 27.9 32.5 17.0 16.6 11.1 29.4 12.7 27.4 44.1
ik [28] 77 36.5 36.5 52.6 40.0 36.1 348 53.9 24.4 37.5 46.8
A (APy) 39.0 46.2 50.7 43.3 47.2 49.8 68.3 34.6 39.5 56.4

mean bathtub bed bookshelf box chair counter  desk door dresser

box 14.0 5.9 40.0 0.7 5.5 0.5 3.2 14.5 26.9
region 28.1 324 54.9 1.1 27.0 21.4 8.9 20.3 29.0
fg mask 28.0 14.7 59.9 1.3 29.2 54 7.2 22.6 332
SCHR [10] 773k 32.1 18.9 66.1 10.2 15 355 32.8 10.2 22.8 33.7
AT (AP, 41.1 38.4 78.8 30.6 3.0 574 48.8 13.6 27.7 35.0

garbage bin lamp monitor  nightstand  sink  pillow sofa table  television toilet
box 32.9 1.2 40.2 11.1 9.4 6.1 13.6 2.6 35.1 11.9
region 37.1 26.3 48.3 38.6 30.9 33.1 30.5 10.2 33.7 39.9
fg mask 38.1 31.2 54.8 394 32.0 32.1 36.2 11.2 374 37.5
SCHiR [10] 757% 38.3 355 53.3 42.7 344 315 40.7 143 37.4 50.5
RILTT1(AP,) 39.0 36.8 50.6 43.3 47.2 48.6 60.0 30.0 39.5 53.2
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I, B 2% B 42 1 (R 5k 22 0 48 R B RGB HREAIE, 76 RPN
JZ Z TR 0T L 53 3 2 0 P FRARFALE. 1% BT BE R AR
UE MR 5 2 21 B 30038 U5 B, SCREFI VR
B A5 SR 5 e ALK 5. S0 25 JE 3R I, 1% Y 448 A
TUTT LA 20057 ST PR RIRFAE 1 ELAME B, 7 SR EAE B 1)
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