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ABSTRACT

In this paper, we propose a method to enhance
the semantic segmentation performance of SegNet by
using Conditional Random Fields (CRFs). As a deep

convolutional neural network architecture, SegNet

involves multiple scaling operations of feature maps,
degrading the output sharpness. The SegNet results
can be improved by using CRFs which interpolate
output labels based on structures and textures of
original images. We use the CamVid dataset to
conduct performance evaluations. The proposed
method achieves the higher performance than the
original SegNet approach. We believe that this study

guides for improving semantic segmentation.
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(a) Input image (b) Ground truth label
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(c) Result with SegNet (d) Result with SegNet&CRF
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Fig. 1. Comparison of semantic segmentation results
obtained by SegNet only and SegNet followed by CRFs.
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(c) Result with SegNet (d) Result with SegNet&CRF
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Fig. 2. Comparison of semantic segmentation results for several test images of the CamVid dataset

520

www.dbpia.co.kr



R 2 FANAE AT AT ANY G4 B A 34
E 1. AHE Azle] kA v,
Table 1. Qu antltatlve comparison on semantic segmentation results.
Label
Metric | Method Buil Walk Traffi Vehi | Ped Mean
Sky . Pole Road | Tree . ¢ Fence e‘ © Bike
ding way light cle strian
A SegNet! 0.925 0.771 0.800 0.935 0.942 0.857 0.853 0.887 0.944 0.877 0.707 0.863
ccu.
+CRF? 0.959 | 0.790 0.784 | 0.939 | 0.947 | 0.864 | 0.858 | 0.901 | 0.945 | 0.881 0.687 0.869
ToU SegNet 0.886 0.730 0.193 0.898 0.785 0.720 0.378 0.482 0.791 0.373 0.446 0.607
0
+CRF 0.911 | 0.751 | 0.200 | 0.901 | 0.790 | 0.732 | 0.410 | 0.494 | 0.796 | 0.382 | 0.452 | 0.620
BF SegNet 0.877 0.597 0.542 0.699 0.765 0.623 0.437 0.384 0.630 0.492 0.446 0.616
+CRF 0.887 | 0.609 | 0.577 | 0.740 | 0.801 | 0.646 | 0.506 | 0.423 | 0.676 | 0.549 | 0.493 | 0.654
SegNet': Conventional SegNet
+CRF”: SegNet with CRF
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