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Small Target Segmentation Method in Remote Sensing Image
based on Improved DeepLabV3p

JIN Qiangian, LUO Jian, ZHANG Xiaoqian, YANG Mei, LI Yang
(School of Electronic Information Engineering, Xihua Normal University , Nanchong 637009 , China)

Abstract; Due to the complexity of background information and the imbalance of target categories, small and medium-
sized targets in remote sensing images are often subject to false detection and missing detection in segmentation. In order
to solve this problem, an improved segmentation method for small and medium-sized targets of remote sensing images is
proposed, which is based on DeepLabV3p. The ASPP module of multi-level receptive field fusion is proposed to obtain
more receptive fields. In the decoding part, Adds SE attention mechanism to enable the model to obtain more accurate
channel information. The weighted Cross Entropyloss function and LovaszSoftmaxloss function are used for training. Fi-
nally, the CRFs is used for image post-processing of the prediction results, and the model output is refined. The experi-
mental results show that using this method to segment images in DLRSD dataset, the mlOU can reach 73.22% ,which is
3.78% higher than that of the basic network, effectively improves the segmentation precision and accuracy of small and
medium targets in remote sensing images.

Keywords : Deepl.abV3p ; remote sensing images ; SE attention mechanism ; ASPP ; CRFs;mixed loss function



