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Abstract: The facial part segmentation using semantic segmentation is an important task to be the foundation of various researches

such as facial expression recognition and face authentication. In this paper, we studied improvement of the performance of facial part

segmentation based on SegNet Basic architecture.
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Figure 1. Our architecture
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Figure 2. Convolution block architecture.
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Table 1. Accuracy of facial part segmentation

Value SegNet Basic Shorteut Dense Block Our
Conneciton Architecture
face 0.7794 0.8091 0.7951 0.8034
hair 0.6554 0.7205 0.7071 0.7342
eye 0.4197 0.4163 0.4247 0.4248
nose 0.6235 0.6524 0.6426 0.6547
mouth 0.5892 0.6219 0.6041 0.6073
hat 0.3592 0.4778 0.4826 0.4982
background 0.9417 0.9592 0.9547 0.9593
mean loU 0.624 0.6653 0.6587 0.6688
VRAM [GB]

Original SegNet Basic

Shortcut Connection Dense Block Our Architecture

Figure 3. Result image of facial part segmentation
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