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Abstract : Semantic segmentation plays a crucial role in autonomous driving by assigning pixel-wise labels to images.
Traditional convolutional neural networks (CNNs) based semantic segmentation approaches incorporate conventional
down-sampling layers in the initial stage to enhance computational efficiency. The feature maps in the initial layers of a CNN
are more effective when individual channels capture diverse and complementary information. Thus, this work introduced a
sub-modality attention network that explicitly separates high-frequency and low-frequency components, focused on
integrating separated pieces of information, allowing them to complement each other's deficiencies at the early feature
extraction stage. Our results demonstrate that deepening CNNs is not the only path to performance improvement—
incorporating handcrafted priors, such as the Wavelet transform, can also yield significant gains.
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Efficient Semantic Segmentation Based on Sub-Modality Attention

Table 1 Detailed architecture of the proposed semantic segmentation

Input Operators Output
512 x256 %3
WT 1024 x 512 x 3 Wavelet transform
512 x256 %9
512 %256 %3 1x1 conv 512 x 256 x 16
LF FEL
512 x256 x 16 Downsampler block 256 x 128 x 64
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Encoder 256 x 128 x 64, Sub-Modal

S M 256 x 128 x 64 Attention Fusion 236 x 128 x 64
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Fig. 3 Qualitative results on cityscapes dataset
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Table 2 Quantitative results with cityscapes dataset

mloU Computation time
ERFNet 0.7085 8.3 ms
Method in 13) 0.7305 7.0 ms
Proposed method 0.7472 7.2 ms

Table 3 Quantitative results with KITTI-360 dataset

mloU Computation time
ERFNet 0.5442 8.5ms
Method in 13) 0.5663 7.1 ms
Proposed method 0.5924 7.3 ms

Table 4 Quantitative results with MCSS dataset

mloU Computation time
ERFNet 0.5095 13.15 ms
Method in 13) 0.5709 10.68 ms
Proposed method 0.5816 10.98 ms
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