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Remote Sensing Image Segmentation of Macau Wetlands Based

on Convolutional Neural Network

Li, Cheng'; Cui, Hanwen?; Tian, Xiaolin

(1. School of Computer Science and Engineering, Faculty of Innovation Engineering;
2. State Key Laboratory of Lunar and Planetary Sciences, Macau University of Science and
Technology)

Abstract: Wetlands, as one of the important natural ecosystems on earth, have multiple
important functions and their value should not be underestimated. The importance of
wetlands has attracted extensive attention from experts and scholars, and therefore research
in the areas of wetland remote sensing image classification and wetland remote sensing
information extraction has become particularly critical. Remote sensing technology,
especially high spatial resolution satellite images, can be utilized to understand the
distribution, changes and characteristics of wetlands more comprehensively. Macau's
wetlands are renowned for their abundant biodiversity and unique landscapes, serving as
crucial habitats for migratory bird species and providing an ideal recreational destination
for visitors. Compared with previous studies in the field of remote sensing image
segmentation of wetlands in Macao, this study is unique in that this paper not only uses a
deep learning convolutional neural network (CNN) model, but also a support vector
machine (SVM), a random forest (RF), and a multi-model comparison, and the results of
the models are comprehensively evaluated (multiple parameter indexes) and visual
interpretation verification, which more effectively proves the validity and reliability of the
experimental methods in this study. The difficulty of this study is the possible interference
of cloudy weather in the island waters of the original image road and the difficulty in
clarifying the 6m sea level as the demarcation line between the coastal wetland and other
types of wetlands. The results show that the CNN model and RF model have better metrics
for wetland extraction in Macao, and the overall accuracy (OA) of the CNN and RF models
reached 0.9325, 0.9941, and the Kappa coefficients of the CNN and RF models were
0.8988, 0.9889, respectively. It demonstrates a high degree of accuracy and credibility in

the extraction of wetlands in Macao. In this study, the segmentation results of the three
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models were also analysed by visual interpretation, and the image segmentation results of
the CNN model were better than those of the RF model in the control group, which further
verified the effectiveness and feasibility of the CNN model.

Keywords: Deep learning; Remote sensing image segmentation; GF-2; Macao wetlands;

Convolutional neural networks; Random forest; Support vector machine; Target word

monitoring
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