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Multi-Path Feature Fusion Module for Semantic Segmentation

Sangyong Parkt Yong Seok Heo'"

ABSTRACT

In this paper, we present a new architecture for semantic segmentation. Semantic segmentation aims

at a pixel-wise classification which is important to fully understand images. Previous semantic
segmentation networks use features of multi-layers in the encoder to predict final results. However, they
do not contain various receptive fields in the multi-layers features, which easily lead to inaccurate results
for boundaries between different classes and small objects. To solve this problem, we propose a multi—path
feature fusion module that allows for features of each layers to contain various receptive fields by use

of a set of dilated convolutions with different dilatation rates. Various experiments demonstrate that our

method outperforms previous methods in terms of mean intersection over unit (mloU).
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Fig. 1. Definition of semantic segmentation problem,
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Fig. 2. Difference of general convolution filters and di—
lated convolution filters, (a) are illustrations of
general convolution filters and (b) are illus—
trations of dilated convolution filters,
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(Multi-path feature fusion module)
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Fig. 3. Structure of atrous spatial pyramid pooling (ASPP),
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Fig. 6. Prediction results of Cityscapes validation dataset using Deeplab—V3+[7]. (a) is the input images, (b) is the
ground truth images, (c) is baseline[7] prediction images and (d) is our prediction images.
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Table 2, Results of networks used multi—path features,
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Validation set Table 3. Results of cityscapes validation dataset using
Method mloU(%) BiseNet[14] architecture.
U-Net[3] 57.417 Method Validation set mloU(%)
w/o dilated convolution MFF 76.440 BiseNet[14] 65.005
Our MFF 78.990 BiseNet[14] + MFF(Ours) 66.062




10 ZEOICINEE =2X HM24A HM1=(2021. 1)

1x1 conv & up

Encoder — concatenation  Decoder

1 conv & up ‘ | x1 conv & up ‘

1x1 conv & up | 1x1 convolution and upsampling

Fig. 7. Without dilated convolution MFF network architecture,
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Fig. 8. Prediction results of Cityscapes validation dataset using BiseNet[14]. (a) is the input images, (b) is the ground
truth images, (c) is baseline[14] prediction images and (d) is our prediction images.
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