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Multi-level feature aggregation with vision transformer for semantic segmentation
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[ Abstract] Aiming at the problem that the traditional convolutional neural network cannot make full use of the context information
when extracting features in the field of image semantic segmentation, a multi—level feature aggregation image semantic segmentation
method based on Vision Transformer is proposed. First, the input image is divided into a series of slices, linear projection is
performed, and a learnable position embedding is added to obtain the coded input sequence. Through a transformer—based encoder, the
image is encoded into a series of patches so as to model the global context in the entire network. This encoder can be combined with a
simple linear decoder to obtain excellent results, and the performance can be further improved through multi—level feature aggregation
decoder. A large number of experiments show that the proposed method can effectively model the global context information for image
feature extraction, and achieves good segmentation accuracy in the semantic segmentation tasks of three public datasets ADE20K
(49.97% mloU ), Pascal Context (55.43% mloU), and Cityscapes (82.03% mloU). The ablation experiments fully prove the
effectiveness of the proposed method, which can be better used in the field of high—precision image semantic segmentation.
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Fig. 1 The illustration of MFAVT
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Tab. 1 Performance of different segmentation variants

Method Pretraining Backbone Patch size Params mloU
FCN 1K Rsenet—101 - 68.61M 75.51

FCN 21K Rsenet-101 - 68.61M 77.02
Seg—Basic 21K T-base 32 88.67TM 76.57
Seg—MFAVT 21K T-base 32 91.73M 76.71
Seg—Basic 21K T-base 16 88.67M 77.01
Seg—MFAVT 21K T-base 16 91.73M 77.43
Seg—MFAVT R T-base 16 91.73M 44.14
Seg—Basic 21K T-large 16 310.34M 78.35
Seg—MFAVT 21K T-large 16 320.01M 78.92
Seg—Basic— Deit 1K T-large 16 310.34M 79.28
Seg—~MFAVT- Deit 1K T-large 16 320.01M 79.51
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Tab. 2 Performance comparison on ADE20K validation set

Method Pretraining Backbone mloU
OCRNet!®) 1K ResNet—101 45.61
CCNet!7) 1K ResNet—101 45.51
DANet! '8 1K ResNet—101 45.32
DRANet! ! 1K ResNet—101 46.17
CPNet! 2] 1K ResNet—101 46.25
UperNet2!] 1K ResNet—101 44.92
Deeplaby3+1%2] 1K ResNet—101 46.39
Seg—Basic(SS) 21K VIT-1/16 47.89
Seg—Basic( MS) 21K VIT-1/16 48.78
Seg~MFAVT(SS) 21K VIT-L/16 48.01
Seg—~MFAVT(MS) 21K VIT-L/16 49.97
Seg—Basic—Deit( SS) 1K VIT-B/16 46.41
Seg—Basic—Deit( MS) 1K VIT-B/16 47.35
Seg—MFAVT-Deit( SS) 1K VIT-B/16 46.53
Seg—MFAVT-Deit( MS) 1K VIT-B/16 47.65
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Tab. 3 Performance comparison on Pascal Context validation set Tab. 4 Performance comparison on Cityscapes validation set
Method Pretraining Backbone mloU Method Pretraining Backbone mloU
DANet! ' 1K ResNet=101  52.59 DeeplabV3+2) 1K ResNet—-101  79.32
APCNet!%! 1K ResNet—101  54.70
CCNet!'"] 1K ResNet—-101 80.20
SVCNet 2 1K ResNet-101  53.19 ¢ eene
CFNet!?! 1K ResNet-101  54.05 PSPNet! 2! 1K ResNet-101 78.51
ACNet %! 1K ResNet-101 54.11 GCNet- 2! 1K ResNet—101 78.10
EMANet[?"! 1K ResNet-101  53.10
o o ANNI) IK ResNet-101  79.90
DeeplabV3+:2] 1K ResNet—101  48.51
Seg—Basic( SS) 21K VIT-1/16  52.35 ENcNet 3! 1K ResNet=101  76.90
Seg—Basic(MS) 21K VIT-L/16 53.62 DN [32] 1K ResNet—101 80.50
Seg—MFAVT(SS) 21K VIT-L/16 54.16 .
Seg—Basic(SS) 21K VIT-L/16 78.35
Seg—MFAVT(MS) 21K VIT-L/16 55.43
Seg—Basic—Deit ( SS) 1K VIT-B/16 52.02 Seg—Basic(MS) 21K VIT-1/16 81.21
Seg—Basic—Deit( MS) 1K VIT-B/16 53.13 Seg~MFAVT(SS) 21K VIT-1L/16 79.42
Seg—MFAVT-Deit(SS) 1K VIT-B/16 53.74
i Seg—MFAVT(MS) 21K VIT-L/16 $2.03
Seg—MFAVT-Deit( MS) 1K VIT-B/16 54.18

(b) MFAVT J5 %453 Hl %5
B2 7 ADE20K EEMKIATHLER
Fig. 2 Qualitative visualization results on ADE20K
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Fig. 3 Qualitative visualization results on Pascal Context
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Fig. 4 Qualitative visualization results on Cityscapes
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