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Image semantic segmentation and dehazing are key tasks in the computer vision. In recent years,

researches in both tasks have achieved substantial improvements in performance with the development
of Convolutional Neural Network (CNN). However, most of the previous works for semantic segmentation
assume the images are captured in clear weather and show degraded performance under hazy images

with low contrast and faded color. Meanwhile, dehazing aims to recover clear image given observed

hazy image, which is an ill-posed problem and can be alleviated with additional information about the

image. In this work, we propose a deep multi-task network for simultaneous semantic segmentation and

dehazing. The proposed network takes single haze image as input and predicts dense semantic

segmentation map and clear image. The visual information getting refined during the dehazing process

can help the recognition task of semantic segmentation. On the other hand, semantic features obtained

during the semantic segmentation process can provide cues for color priors for objects, which can help

dehazing process. Experimental results demonstrate the effectiveness of the proposed multi-task approach,

showing improved performance compared to the separate networks.
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Fig. 1. Challenge of semantic segmentation with hazy images. (a) Clean image, (b) Segmentation result of clean
image, (c) Ground truth segmentation image, (d) Synthesized hazy image, (e) Segmentation result of hazy
image, (f) Segmentation result of hazy image with proposed method,
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Fig. 2. Overall architecture of the proposed multi—task network for semantic segmentation and dehazing.
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Table 1, Performance of semantic segmentation with
different configurations
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Fig. 3. Semantic segmentation on hazy images with different networks, (a) Input hazy image, (b) Ground—truth seg—
mentation map (c)~(e) Semantic segmentation results with (c) Seg—C, (d) Seg—H and (e) Proposed network,
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Fig. 4. Dehazing results of dehazing network and proposed multi—task network, Objective metrics are averaged
over all images. (a) Hazy image, (b) Ground—truth clean image, (c) Dehazing result of single network and
(d) Dehazing result of proposed multi—task network,
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Fig. 5. Semantic segmentation results on hazy image. (a) Input hazy image, (b) Ground—truth, (c) Result of SFSU
[13], and (d) Result of proposed method.
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