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Fig.2 Schematic diagram of the three types of sample data used in the second stage
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Tab.1 Detection accuracy of DIOR dataset

TREE 27 2] ) 4% 20 W BREE F1H
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Tab.2 Comparison examples of typical detection results of different network structures
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Fig.9 Detection results of water conservancy facilities
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Remote sensing—based detection of dams in the Daqing River basin

through optimization using hard negative samples of bridges

GUO Yong', ZHANG Linxiang', XU Zeyu®, CAI Zhongxiang'
(1. Geospatial Information Institute, Information Engineering University, Zhengzhou 450052, China; 2. National Engineering Research

Center for Geomatics, Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100101, China)

Abstract: The dam detection is crucial for urban planning, ecological environment assessment, and other purposes.

Currently, research on remote —sensing —based dam detection mainly focuses on algorithm improvements using
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sample sets or small —scale localized detections, with a significant gap in practical applications over large —scale
geographical regions. In large —scale regions, the sparse distribution of dams, along with the presence of more
surface features such as bridges, significantly interferes with dam detection. To address this issue, this study
explored the Daqing River basin as a case study to investigate remote sensing methods for dam detection in large—
scale regions. This study consisted of two main phases. In the first stage, bridges, which are easily confused with
dams, are considered hard negative samples (i.e., samples prone to false positives) for training. The neural
network structure suitable for dam detection was improved based on the DIOR open dataset. In the second phase,
the detection model was developed through fine—scale tuning using the optimized network alongside multi —source
sample data from the large Daqing River basin. Concurrently, dams within the Daqing River region were detected.
The optimized model yielded dam detection F1 of 0.783 in the first phase of tests and identified 330 dams in the
Daqing River basin during the second phase. These results align with the existing publicly available dam spatial
distribution dataset GRandD, even providing more details. The results of this study indicate that the model,
optimized using bridge samples, can effectively mitigate the incorrect extraction of bridges, thereby improving
detection accuracy.

Keywords: dam; hard negative samples; Daqing River basin; CenterNet; object detection
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