
• Semantic segmentation models typically 

downsample images progressively to 

understand context. This process destroys 

fine spatial details. 

• In the context of autonomous driving 

perception, it results in poor results near 

objects like poles and in areas with 

complex detail.

• Standard upsampling methods like bilinear 

interpolation ignore image content and cannot 

recover edges that were lost during 

downsampling.
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• We introduce a novel feature-guided upsampling network for semantic 

segmentation that utilizes the high-resolution features to guide the 

upsampling process.

• The architecture is a U-Net with a pretrained ResNet34 backbone, and a 

custom decoder that performs guided upsampling.

• The encoder-decoder architecture is a 

popular choice in semantic segmentation. 

U-Net [1] uses transposed convolution, 

and DeepLab [2] uses bilinear 

interpolation. Both methods are not 

considered content-aware, and they fail 

to recover fine spatial details lost during 

encoding.

• PixelShuffle [3] is a learnable upsampling 

approach that uses sub-pixel convolution. 

Still, it lacks a guidance mechanism to 

exploit the spatial cues in the high-

resolution input.

• Convolutional Block Attention Module 

(CBAM) [4] introduces the Channel 

Attention Module and the Spatial 

Attention Module, originally designed for 

classification and detection tasks.
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Our modified U-Net

Our GU Block (Guided Upsampling Block)

mIoU Pixel Accuracy Dice Score

U-Net w/ Bilinear 
Upsampling Decoder

0.4489 0.9096 0.5485

Our Model 0.4578 0.9134 0.5646

• Our model achieves better results than baseline with the same 

training settings with minimal computational overhead.

• We have shown that our decoder architecture can be combined 

with pre-trained encoders to improve semantic segmentation

• Our experiment demonstrates that attention applied exclusively in 

the decoder’s fusion blocks is a computationally efficient strategy 

that does not sacrifice performance
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