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Fig. 3 Gaussian circle radius case diagram
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(a) SEfil#1 (b) S fl#2 (c) Sfl#3

(a) Example #1 (b) Example #2 (c) Example #3
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Fig. 4 The determination of impact crater’s center point
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Fig. 5 Impact crater’s center offset loss
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Fig. 6 Impact crater’s size loss
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Fig. 7 WAC orthophotos of Sinus Iridum and Storm Ocean study area
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Automatic anchor—free convolutional neural network method for
recognizing small-scale lunar impact craters
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Abstract: Impact craters are the most typical and common geomorphic units on the lunar surface. Their morphological WU characteristics
and spatial distribution record the evolution history, climate formation, and surface age of the moon. Due to the impact crater’s fuzzy edges
and nested impact craters, the automatic recognition of impact craters (especially small-scale one) still faces problems such as low accuracy
and difficulty in identifying small-scale within large-scale impact crater. Therefore, to address these, this paper proposes an automatic
anchor-free convolutional neural network method based on transfer learning strategy to locate and identify small-scale lunar impact craters
automatically.

Instead of using postprocessing operations such as nonmaximum suppression, the proposed method directly locates the centers of
impact craters and regresses their sizes on the high-resolution feature map generated by the stacked hourglass network; thus, it realizes the
automatic recognition of different types of impact craters. Moreover, the idea of transfer learning is used for training, not from scratch, so
that the model has higher reliability and robustness.

This paper selects the Orthophoto image captured by the LRO WAC camera on the Lunar Reconnaissance Orbiter and the Robbins
impact crater database in the Sinus Iridum and Oceanus Procellarum region to verify the reliability and robustness of the developed method.
The method in this paper achieves a recall rate of up to 74.71% and an accuracy of up to 75.97%. Compared with other existing methods, the
proposed method shows remarkable advantages in recognition accuracy and a high adaptability in extracting and identifying impact craters
in different areas of the lunar surface. Comparing the performance and accuracy by drawing roc curves of different models reveals that
transfer learning can effectively help the models converge better and improve the performance of model classification. The number of craters
identified by the model is calculated and compared with the number of craters in the Robbins database. Results show that the proposed
model can identify small-scale craters, and the number of craters identified in a certain diameter range is greater than that in the Robbins
database. Therefore, the proposed model can provide a new tool for improving the lunar surface impact crater database.

The automatic recognition model in this paper can effectively extract impact craters and can to a certain extent solve the identification
of small and medium-sized impact craters within nested impact craters. The key insight behind the developed method is to improve the
model recognition accuracy based on transfer learning. The proposed method does not need the non-maximum suppression operation, which
would effectively identify small and medium-sized ones within nested impact craters. Although the developed method shows a superior
recognition performance for the lunar impact craters, the following shortcomings must be addressed. The generalization of the model still
needs to be further improved. Therefore, future work will also make full use of the similarity of impact craters in different regions to reduce
the missed detection rate of impact craters on the lunar surface.

Key words: impact crater extraction, intelligent recognition, deep learning, target recognition, Sinus Iridum region, Oceanus Procellarum
region
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