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An Efficient Semantic Segmentation Algorithm for Indoor RGBD Scenes Based on SwiftNet
WANG Bo, XU Gang, SU Shilin
School of Electrical Engineering, Anhui Polytechnic University, Anhui Wuhu 241000, China

Abstract: Objective Existing RGBD semantic segmentation algorithms fail to fully utilize shape information provided by
depth images and suffer from high computational costs, particularly for complex lighting, diverse materials, and spatial
structures in indoor scenes. This paper proposed an efficient semantic segmentation method for indoor RGBD scenes based
on SwiftNet. Methods Firstly, in the SwifiNet (a lightweight multi-scale road RGB scene semantic segmentation
algorithm), depth images were incorporated. By leveraging the color stability of depth images and the distance information
provided for each pixel relative to the camera, this approach reduced the impact of factors such as lighting, color
variations, and distances on segmentation results. Next, a specialized extraction of geometric shape features from depth
images was conducted. Depth features were decomposed into positional components and shape components, with two
learnable weights introduced to independently collaborate with them. Convolution operations were then applied for the

reweighting and combination of these two components, securing the intrinsic geometric shape information from the depth
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data without incurring additional computation and memory during the inference phase. Finally, to capture richer contextual
information more rapidly, the depth aggregation pyramid pooling module was enhanced to extract context information in
parallel, referred to as the Fast Aggregation Pyramid Pooling Module (FAPPM). Results Through evaluation experiments
on the NYUv2 and SUNRGBD indoor datasets, the results demonstrated that compared with the current well-performing
ESANet model, the proposed approach achieved improvements of 2. 21% and 3. 2% in mean intersection over union (MloU)
on these datasets, respectively. Furthermore, it achieves a processing speed of 33. 36 frames per second (FPS). Conclusion

The validation confirms the algorithm’ s efficiency and accuracy in handling complex indoor semantic segmentation tasks,

providing solid support for subsequent intelligent robot tasks in indoor applications.

Keywords: RGBD semantic segmentation; shape-aware convolution; indoor scene; feature fusion; deep learning
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Table 1 Comparative experimental results on the NYUDv2 and SUNRGBD datasets
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SSMA® ResNet50 RGBD — 44.43 189. 81 65. 82 12.42
ACNet''? ResNet50 RGBD 48. 38 48.11 126. 47 116. 61 16. 54
SA-Gate!™! ResNet50 RGBD 50. 43 49. 44 204.97 63. 46 11.91
RDFNet! ™! ResNet50 RGBD 50. 12 47.73 257.45 70. 96 5. 83
ESANet!? ResNet50 RGBD 50. 68 48. 31 115. 50 57.39 22.88
ESANet ResNet34 RGBD 50. 30 48.17 99. 56 49. 36 33.90
Ours ResNet50 RGBD 53.53 53.33 109. 08 56. 44 24.52
Ours ResNet34 RGBD 52.51 51.37 96. 88 48. 83 33.36
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Table 2 Comparison with baseline models

Model  Backbone Image  GFLOPs Params/M  MloU
ResNet50  RGB 110. 47 58.16 42.95
SwiftNet
BesNet34 RGB = 98.05  44.32 3866
RGB 110. 12 56. 63 41.35
Ours  ResNet50
_RGBD  109.08  56.44  33.53
RGB 97.23 49. 41 37.57
Ours  ResNet34
RGBD 96. 88 48. 83 52.51
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Table 3 Effectiveness of different components in the network

Skip Fusion Context Depth convolution MioU PS
add se ppm dappm fappm vanilla shape

v v v 49. 31 33.70
v V4 v v 49. 56 33.86
v v v v 50. 51 33.34
v v v 49. 80 33.29
v v V4 v 52.44 33.96
v v v v 52.51 33.36

W 4 PR, JB/R T RSB ih NBuID ¥ & A8 b %
SCYGEER S, Sy BRI TR HT N 1 B 4 8 T
NBt1D AT MloU Al FPS FUZASARAE 00 , 5206 4%
FHITE NBuUDx 1 MF LT, )4 FPS WA 4271, B
MloU SEFR - W AR T feff HI B A B pg % 80, T 24 NBt1D
BB T2 3 B, MIoU 35 3] 17— 8 2 1
Tt EF] 52.51%, SR, E— BN E] 4 BR, BA
MloU W& A5 £ Ft, i5 %] 52.58%, 0 FPS & & T & &
32.78, LEHFEW] .Y NBt1D S % 3 i M4 Pk fg
et

x4 BERPERRILHRE RO
Table 4 Impact of convolutional blocks in the decoding

block on experimental results

Decoder module MloU FPS
Basic block 50. 65 34.03
NBt1Dx1 50. 07 34.10
NBt1Dx2 51.25 33.48
NBt1Dx3 52.51 33. 36
NBt1Dx4 52.58 32.78
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Table 5 Influence of upsampling methods on

experimental results

Upsampling MIoU FPS
Nearest—neighbor 50. 88 34.04
Bilinear 51.24 33.92
Leanred upampling 52.51 33.36
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Fig. 5 Visualization of the NYUv2 dataset
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