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Abstract; Convolutional neural network is generally used for feature extraction. It extracts the geometric features of points, lines and
surfaces at the bottom of the image,and then maps them to high-level semantic features. However, the traditional convolution network
only extracts general features from the input samples,instead of deliberately distinguishing the foreground and background, which makes
the features extracted by the model contain a lot of background noise and weakens its representation ability. On the basis of spatial
attention, a convolution branch called feature augment block (FA-block) is proposed. This network structure learns the spatial distribution
of the target from the mask of the sample and acquires a weight representing the importance degree for each pixel, then highlights the
target part by weighting. This method aims to suppress background noise and augment the target features to be learned , make the features

extracted from the backbone network more pure. The experiment on Pascal VOC dataset proves the effectiveness of FA—block. Through

the validation of MS COCO dataset, FA—block improves the performance of a group of baselines of Faster Renn by 5.5% .
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