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Abstract

Aimed at edge extraction of photovoltaic panels in the complicated photovoltaic power sta-
tions, this paper puts forward a precise detection method. For the proposed method, first, mul-
ti-dimensional image features are introduced. The feature representations from different layers of
network detect image edge correspond to the dimension of this layer. The plenty of information in
different dimension features is fully integrated to make the edge detection of object with different
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dimensions be more precise. Second, this method makes use of multi-task learning structure and
digs out the correlation and complementarity between semantic segmentation and edge detection
to make low-level features of image more concentrate on the object edge to be extracted and
eliminate the interference of irrelevant objects or noise in the scene, thereby generating a more
ideal image edge. Both quantitative experimental result and visualization result show that this
method can acquire more precise image edge detection effect.
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Figure 1. Illustration of Canny edge detection
[ 1. Canny 1454 M 7= 1
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Figure 2. From left to right are the original image, edge annotation and semantic annotation correspondingly
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Figure 3. Feature extraction of our model
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Figure 4. Result fusion module
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Figure 5. Result comparison of our method and BDCN. (a) Test image; (b) BDCN method result; (c) Our method result
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Table 1. Comparison of ODS and OIS results
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