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Abstract: To address the issue that the single red-green-blue (RGB) modality contains limited semantic
information, is susceptible to noise interference, and exhibits suboptimal segmentation performance, this
paper proposes an RGB-depth (RGB-D) semantic segmentation algorithm based on an asymmetric feature
interaction method. First, a two-stream network is employed to extract features from the RGB and depth
modalities separately. By incorporating an asymmetric feature correction module, features from one
modality are used to correct those of the other, thereby suppressing intra-modal noise. Then, an
asymmetric fusion module is applied to further enhance information interaction between the modalities.
Additionally , multi-scale feature fusion is introduced in the decoder, and adversarial training is adopted
as an auxiliary strategy during the training process to effectively leverage contextual information and

improve overall accuracy. Experimental results demonstrate that the proposed algorithm effectively
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suppresses intra-modal noise and enhances the interaction of valid semantic information across modalities,,

achieving mean intersection over union ( mloU) scores of 57. 4% and 52. 1% on the New York University

depth dataset v2 ( NYUDepthv2 ) and the Stanford University RGB-D dataset ( SUN-RGBD ),

respectively.

Key words; red-green-blue-depth semantic segmentation; encoder-decoder; red-green-blue-depth

information complementary; deep learning
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TokenFusion MiT-B3 45.9 480 x640 9%. 4 54.2 - 530 x730  122.1 - -
CMX MiT-B2 66.6 480 x640 67.6 54.4 79.9 530 x730 86.3 49.7 82.8
CMX MiT-B4 139.9 480 x640  134.3 56.3 79.9 530 x730  173.8 52.1 83.5
CMX MiT-B5 181.1 480 x640  167.8 56.9 80. 1 530 x730  217.6 52.4 83.8
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AFRF-Seg MiT-B3 112.6 480 x640 91. 1 57.4 80.5 530 x730  117.6 52.1 83.6




164 | 1= A N S S 4

%48 %

MiT-B4 BB #EZS F —f0AR 5 ( CMNext, cross-modal
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B P AFR B8 AFF I NS R0 AR i L
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%3 AFR Tl AFF it FLIe R %

ky xk, TR R
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RERUSZIN , FEAT T BE X0 it e fim A A [R] 2 SORHIE Y
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f i SR/ mloU/ % PA/%
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5 MLPDecoder #H L., Hamburger fi# fh £ Fl
AFRF-Seg JIr >R FH B 5 4% v 5 A0 O JE B 20 A A B



%5 1

BB &5 . BT ARXFRAFIEALIE S RlE A9 RGB-D i L 73 165
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5 i, A0 L AE U 2k B R 51 AR B v I 2
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B B SR AR 2RI IR B A I

x5 ML SR
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AFRF-Seg ,CMX ( MiT-B5 ) #1 DFormer-L f % 1
FAR g AN 5 iR, ATLLE H, AFRF-Seg AU fE
AR G- 1 TR H A R ) 1 SCSOA) T L B8 v A
XF RGB G T B AR i TP SCL, i i e
FXFF DFormer 33X 3t F B AN 32 0 4% 1) BB 10k
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