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Fig. 5 Flow diagram of large—scale water conservancy facilities
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Fig. 7 Tarim River basin and typical water conservancy facilities
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E-YOLO 0.871 0.916 0.890 0.017
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Fig. 8 Tarim River basin and typical water conservancy facilities
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Fig. 9 Comparison of the results of different large—format image detection methods
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Detection of water conservancy facilities in large—format image combining
E-YOLO algorithm and NDWI constraint
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Abstract: Water facilities play an important role in water scheduling, ecological protection and restoration of natural wetlands, utilization

of resources and functions, and development. The traditional methods of statistics on the location and count of water conservancy facilities
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rely on compiled data, which has disadvantages such as time-consuming, untimely data update, and unknown specific geographic locations.
Remote sensing provides new possibilities for large-scale detection of water conservancy facilities. Aiming at the problem of detection of
water conservancy facilities with remote sensing images, this study proposes a large-scale image detection algorithm. Based on the YOLO
v3 network and the characteristics of water conservancy facilities, the study was divided into two main aspects: (1) We improved the YOLO
algorithm and obtained the E-YOLO algorithm. We proposed a PPA feature fusion method and a four-feature map cross prediction method
with proportional prediction box to optimize the problems of small samples. Besides, we improved the loss function by highlighting the loss
of confidence. In addition, we used the transfer learning method to read part of the feature extraction parameters of the pre-trained model.
(2) With the improved E-YOLO algorithm as the core, a large-area water conservancy facility detection algorithm combined with the water
body index constraint was obtained. Aiming at the problem of large image size with a small target scale, we used the water body index to
constrain the sliding step to reduce the missed detection rate and false detection rate at the same time. Then we combined the network output
with the contour merging method to optimize the detection results. We used the GF-2 data for this study. The experimental results show that:
the E-YOLO algorithm can significantly improve the detection effect of water conservancy facilities. Compared with YOLO v3, the average
F2 score of E-YOLO is increased by 1.25% and the E-YOLO algorithm has a better stability. The large-area detection method constrained
by the water index can improve the detection accuracy while ensuring efficiency. Compared with the large-step and small-step methods, its
F2 accuracy is increased by 3.72% and 2.70%, respectively. Our method provides a good solution for the detection of water conservancy
facilities.

Key words: water conservancy facilities, remote sensing detection, E-YOLO, large image, NDWI

Supported by National Key Research and Development Project (No. 2021YFC1523503); National Natural Science Foundation of China

(No. 41971390, 41671034); The Third Comprehensive Scientific Expedition to Xinjiang (No. 2021xjkk1403); The Key Research and
Development Program of Xinjiang Uygur Autonomous Region (No. 2022B03001-3)



