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Real-Time Semantic Segmentation for Road Scene Based on Data
Enhancement and Dual-Path Fusion Network

ZHANG Zhi-wen, LIU Tian-ge, NIE Peng-ju
(School of Information Science and Engineering, Yanshan University, Qinhuangdao, Hebei 066000, China)

Abstract: Semantic segmentation of road scene image plays a crucial role in industrial applications. However, chal-
lenges such as the great variety of target objects, high illumination variability in different scenes, and especially the in-
creased requirement in speed and accuracy, make the segmentation of road scene images become difficult. To solve the
above challenges, we propose an efficient convolutional neural network named dual-path fusion network(DFNet), consist-
ing of spatial-path and detail-path. The spatial-path learns global information through low-resolution feature maps. Mean-
while, the detail-path can extract local details through high-resolution feature maps. DFNet starts with a trainable image pre-
processing module(IPM), which is applied to unify the input images to have the same consistency of variance mean value
on the RGB channel. Attention refinement module(ARM), which includes global pooling and strip pooling, is utilized in
spatial-path to guide the feature learning while extracting the global features. After spatial-path and detail-path, a feature fu-
sion module(FFM) is employed to effectively fuse the global and local detail features to achieve the final segmenting result.
Besides the novel network DFNet, we propose a data augmentation strategy to enrich the training dataset and further solve

the data imbalance issue of small objects. This straightforward “copy and paste” strategy can improve the performance of
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the same network by 2% in mloU. We test our method on two public datasets, where it reaches FPS of 98 and mloU of
70.1% on the CityScapes dataset(image size of 1 024x2 048), and FPS of 208 meantime mloU of 65.7% on CamVid dataset

(image size of 720x960). The experimental results show that our method achieves outperformance on speed as well as a

competitive accuracy, compare to state-of-the-art methods. It also demonstrates that our approach can reach a good balance

between speed and accuracy.
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