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Abstract: An image semantic segmentation model based on region and deep residual network is proposed.
Region based methods use multi-scale to create overlapping regions, which can identify multi-scale objects and
obtain fine object segmentation boundary. Fully convolutional methods learn features automatically by using
Convolutional Neural Network (CNN) to perform end-to-end training for pixel classification tasks, but typically
produce coarse segmentation boundaries. The advantages of these two methods are combined: firstly, candidate
regions are generated by region generation network, and then the image is fed through the deep residual
network with dilated convolution to obtain the feature map. Then the candidate regions and the feature maps
are combined to get the features of the regions, and the features are mapped to each pixel in the regions.
Finally, the global average pooling layer is used to classify pixels. Multiple different models are obtained by
training with different sizes of candidate region inputs. When testing, the final segmentation are obtained by
fusing the classification results of these models. The experimental results on SIFT FLOW and PASCAL
Context datasets show that the proposed method has higher average accuracy than some state-of-the-art
algorithms.
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