
Lunar features detection for
energy discovery via deep learning

Item Type Article

Authors Chen, Siyuan; Li, Yu; Zhang, Tao; Zhu, Xingyu; Sun, Shuyu; Gao,
Xin

Citation Chen, S., Li, Y., Zhang, T., Zhu, X., Sun, S., & Gao, X. (2021). Lunar
features detection for energy discovery via deep learning. Applied
Energy, 296, 117085. doi:10.1016/j.apenergy.2021.117085

Eprint version Post-print

DOI 10.1016/j.apenergy.2021.117085

Publisher Elsevier BV

Journal Applied Energy

Rights NOTICE: this is the author’s version of a work that was accepted
for publication in Applied Energy. Changes resulting from the
publishing process, such as peer review, editing, corrections,
structural formatting, and other quality control mechanisms may
not be reflected in this document. Changes may have been made
to this work since it was submitted for publication. A definitive
version was subsequently published in Applied Energy, [296, ,
(2021-05-19)] DOI: 10.1016/j.apenergy.2021.117085 . © 2021. This
manuscript version is made available under the CC-BY-NC-ND
4.0 license http://creativecommons.org/licenses/by-nc-nd/4.0/

Download date 23/05/2023 20:10:02

Link to Item http://hdl.handle.net/10754/669320

http://dx.doi.org/10.1016/j.apenergy.2021.117085
http://hdl.handle.net/10754/669320


Highlights
Lunar Features Detection for Energy Discovery via Deep Learning
Siyuan Chen,Yu Li,Tao Zhang,Xingyu Zhu,Shuyu Sun,Xin Gao

• The first deep learning method to identify lunar features for energy discovery
• One computational method to predict multiple features automatically and simultaneously
• Deployment of cutting-edge machine learning techniques: HRNet and transfer learning
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ABSTRACT
Because of the impending energy crisis and the the environmental Impact of fossil fuels, re-
searchers are actively looking for alternatives, such as Helium-3 on the Moon. Although it
remains challenging to explore energies on the Moon due to the long physical distance, the
lunar features, such as craters and rilles, can be the hotspots for such energy sources, accord-
ing to recent studies. Thus, identifying lunar features, such as craters and rilles, can facilitate
the discovery of Helium-3 on the Moon, which is enriched in such hotspots. However, previ-
ously, no computational method was developed to recognize the lunar features automatically
for facilitating space energy discovery. In our research, we aim at developing the first deep
learning method to identify multiple lunar features simultaneously for potential energy source
discovery. Based on the state-of-the-art deep learning model, High Resolution Net, our model
can efficiently extract semantic information and high-resolution spatial information from the in-
put images, which ensures the performance for recognizing the lunar features. With a novel
framework, our method can recognize multiple lunar features, such as craters and rilles, at the
same time. We also used transfer learning to handle the data deficiency issue. With com-
prehensive experiments on three datasets, we show the effectiveness of the proposed method.
All the datasets and codes are available online. The source code and the data are available at
https://github.com/frankchen121212/High-Resolution-MoonNet

1. Introduction
The modern society is built upon energy. Previously, we rely heavily on conventional energy resources, such as

coal, oil, and natural gas. However, the unprecedented consumption of fossil energy in recent decades has caused
several serious global challenges, such as global warming and extreme weather. Furthermore, as the depletion of
conventional energy resources, which are not renewable, the energy crisis is approaching. To reduce the consumption
of fossil energy and prevent the energy crisis, researchers are actively searching for alternative energy resources, such
as nuclear and photovoltaics (Barnham, Mazzer and Clive, 2006). Interestingly, people are also exploring the space
(Crawford, Anand, Cockell, Falcke, Green, Jaumann and Wieczorek, 2012) to discover space energy as the alternative
for conventional energy. In the space, the Moon is unique as it is the closest astronomical body to Earth and relatively
well-studied compared to the other objects. Moreover, the Moon is proved to reserve abundant energy resources, such
as Helium-3 (Johnson, Swindle and Lucey, 1999), which is speculated as the future energy source because the fusion
of Helium-3 can release a large amount of energy without causing the surrounding material being radioactive.

Exploring the caters and rilles on the Moon, we are more likely to discover the space energy since they are the
hot-spots. To achieve that, we need to identify the craters and rilles on the lunar surface first. In the past century, such
identification is usually carried out visually and manually. (DeLatte, Crites, Guttenberg and Yairi, 2019a). However,
visual checking can be time-consuming and inaccurate, which raised the demand for developing automatic computa-
tional tools, especially machine learning methods, for detecting the craters and rilles on the Moon.

As summarized by (Zhang, Li, Chen, Feng, Zhu, Chen, Yao, Zheng, Cai, Song and Sun, 2021), the identification
of moon craters and rilles is closely related to geological compositions, which have been well characterized on lunar
surfaces. On the moon, the lunar highlands are believed to be rich in Ca,Al, Si and O, poor in Fe and Mg. However,
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lunar maria is believed to be relatively richer in Mg, Fe and relatively poorer in Al and Ca. Despite the high abundance
of Helium-3 on the Moon, it is still not easy to discover the energy source on the Moon because of the long physical
distance. Fortunately, the features on the lunar surface can be helpful. For example, both craters and rilles on the
Moon are shown to be the hotspots for finding Helium-3. For instance, lunar sinuous rilles (SRs) are assumed to be
the result of lava erosion into the lunar surface, while lava is considered as one of the primary sources for Helium-3
(Kurz, Colodner, Trull, Moore and O’Brien, 1990). Thus, we are more likely to discover abundant reservations of
Helium-3 around SRs. Similarly, the craters on the lunar surface can be caused by the solar wind, which is another
primary source for Helium-3 (Johnson et al., 1999).

Furthermore, other materials, such as aluminum, titanium, iron, tungsten, and copper, which are necessary compo-
nents for the construction of lunar solar power station, can also be directly extracted from the moon craters and rilles.
Identifying such materials will greatly facilitates the preparation process of solar energy development and utilization.

Because detecting and counting craters are also related to the geological study and aeronautic research, such as
determining the crater age (DeLatte et al., 2019a) and spacecraft landing Downes, Steiner and How (2020), researchers
have developed several computational methods for detecting craters on the Moon. Essentially, those methods can be
divided into the following three categories. Firstly, people have developed some traditional methods, which are not
based on machine learning. For example, researchers have used structural analysis (Vijayan, Vani and Sanjeevi, 2013),
object-based classification (Vamshi, Martha and Kumar, 2016), rotational pixel swapping (Yamamoto, Matsunaga,
Nakamura, Sekine, Hirata and Yamaguchi, 2017), and terrain analysis (Zhou, Zhao, Chen, Tu and Yan, 2018) to
build the computational methods. Secondly, people have used shallow machine learning methods, such as boosting
and decision tree (DeLatte et al., 2019a; Urbach and Stepinski, 2009), to develop computational tools. Among those
shallow learning algorithms, boosting is the most commonly used one (Martins, Pina, Marques and Silveira, 2008;
Ding, Stepinski, Mu, Bandeira, Ricardo, Wu, Lu, Cao and Wu, 2011; Di, Li, Yue, Sun and Liu, 2014; Wang and
Wu, 2019). In recent three years, people have also applied the deep learning methods to detect craters. Among them,
DeepMoon (Silburt, Ali-Dib, Zhu, Jackson, Valencia, Kissin, Tamayo andMenou, 2019; Lee, 2019) is the most famous
one. Several research projects (DeLatte, Crites, Guttenberg, Tasker and Yairi, 2019b; Downes et al., 2020) are based
on the DeepMoon method. Compared to the traditional methods or the shallow learning methods, the deep learning
methods are usually faster and more accurate because the deep learning model can automatically learn useful features
from the input data without human intervention. However, the current deep learning method in this field can have the
following disadvantages. As discussed above, most of the deep learning methods for detecting craters are following
DeepMoon, using UNet as the deep learning model. However, according to Sun, Xiao, Liu and Wang (2019a), UNet
does not explore the high-resolution information enough in the original input images as it performs downsampling
while performing convolution. Also, UNet does not fuse the multi-scale information efficiently. Within each layer, it
can only merge the information from two scales. Even worse, none of those methods were developed for the space
energy discovery purpose. They were designed to detect only craters, but not rilles, which is directly related to lunar
energy discovery. In fact, to the best of our knowledge, people are still identifying rilles visually (Hurwitz, Head,
Wilson and Hiesinger, 2012). If we apply the existing deep learning method directly onto the space energy discovery
field, we may omit essential locations. We should design a new specific deep learning method to detect craters and
rilles simultaneously for space energy discovery.

As discussed in DeLatte et al. (2019a), we may encounter various challenges when developing such an interdis-
ciplinary machine learning method to detect the lunar features for space energy discovery. The biggest challenge is
the data. As we know, to training the existing machine learning models, especially deep learning models, we need to
prepare a large amount of high-quality annotated data. However, in this field, the annotated data are highly limited.
Even worse, the annotation can be biased. That is, different researchers can have different annotations for the same
input image. That also means that if we have two datasets from different sources, we cannot simply mix them to in-
crease the data size, which may lead to undesirable results. Regarding our problem, since both craters and rilles are
related to lunar energy discovery, we should have a dataset with both features annotated. Unfortunately, there is no such
annotated dataset available. Furthermore, how to detect both craters and rilles with one method is very challenging.

To promote space energy discovery, we overcome the above challenges, construct a dataset, and propose the first
computational method based on the newest deep learning techniques, which can detect both craters and rilles au-
tomatically and simultaneously. Our approach is based on the state-of-the-art deep learning model for human pose
estimation, High Resolution Net (HRNet) (Sun et al., 2019a). As shown in Figure 1, although there is only one model
in our method, we have two sets of trained parameters, one for craters and the other one for rilles. With such a de-
sign, our method has the following advantages. Firstly, it is purely automatic. Unlike the semi-supervised learning
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Figure 1: Our method contains an end-to-end trained deep neural network that aims to deal with the challenging crater
and rille detection problem for space energy detection. (a) To obtain the prediction results for both craters and rilles
simultaneously, we have two sets of trained parameters sharing the same network architecture, known as HRNet. (b) The
illustration of the inner architecture of the HRNet. Yellow boxes represent the basic Residual blocks, for which Section 2.4.1
has more details. Orange boxes indicate the batch normalization function after each feature extractor. The parallel green
arrows represent convolution layers that maintain the input feature map of the same size as the output. While green arrows
pointing down indicate down-sampling operation. Black dotted arrows pointing upwards indicate up-sampling operation.
Finally, feature maps with different scales will be added and merged in the decoder to produce the final prediction. There
are multiple parallel branches with high-to-low and low-to-high sub-networks exchanging information with feature maps in
different scales.

methods implemented with Matlab, which requires manual annotation for part of the input images, our approach does
not require any human intervention. Secondly, our method can annotate both craters and rilles simultaneously, which
significantly advances the previous methods. Those methods can only detect craters, which are not suitable for the task
of discovering lunar energy. Thirdly, we used the HRNet, instead of commonly used UNet in the lunar crater detection
and counting field. Compared to UNet, as shown in Figure 1, HRNet has better representation at the high-resolution
scale as it preserves the input images’ original dimension. Moreover, the aggregation of information from multi-scale
feature maps enables the HRNet to learn a more comprehensive representation of the input. Fourthly, we used transfer
learning to train our model, which helps us overcome the data deficiency problem. We first trained our model on a
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large public dataset, which is not designed for our ultimate goal. And then, we fine-tuned the model for our task on
the self-constructed smaller dataset. Our method can achieve remarkable performance on our task, although the two
datasets are annotated by different researchers and we only have 44 annotated images for the final task. Researchers in
this field can develop their tools for their own research purposes based on our method and training strategy.

We make the following contributions in this research:
1. To promote lunar energy discovery, we proposed the first computational method, which can identify both craters

and rilles automatically and simultaneously.
2. We constructed the first high-quality dataset on the market for this field, which contains the annotation of both

craters and rilles.
3. We introduced the cutting-edge machine learning techniques, such as HRNet and transfer learning, to the energy

field, which can be easily adopted for other similar tasks.

2. Methods
2.1. Overview of High-Resolution-Moon-Net

The proposed method, High-Resolution-Moon-Net, which can detect both craters and rilles automatically and
simultaneously, is based on the state-of-the-art deep learning model and transfer learning. As illustrated in Figure 1.a,
our method has two independent networks that share the same network architecture. During training, they are trained
with different datasets, one for craters and the other for rilles. Thus, after being trained, one model can detect craters,
and the other one can recognize rilles. When we want to use the model, we can simultaneously feed the query image
to the two networks, which can run in parallel and produce the final results for the lunar energy exploration. Within
each network, we cast the problem into a pixel2pixel problem, as shown in Figure 1.b. That is, the network takes the
grey-scale moon surface image as input and translates it into a mask with the same scale. The mask can indicate which
parts in the image containing the desired lunar features. The network architecture, network elements, and network
connectivity would be discussed in detail in Section 2.3, 2.4, and 2.5, respectively. As we know, deep learning is very
data-hungry. However, for the lunar energy exploration with features, we do not have enough data, which contain
both the craters and rilles annotation. For our self-constructed dataset, as illustrated in Table 1, there are only 44
images. Such a small dataset would be sufficient to train a satisfactory deep learning model directly. To handle the
data size problem, we used transfer learning. We use another two related datasets to pre-train our model and then use
the self-constructed dataset to fine-tune the pre-trained model further. The three datasets are discussed in Section 2.2.
In Section 2.6 and 2.7, we would discuss transfer learning and the model training in further detail. In Section 2.8, we
discuss how we get the final results, which contain the annotation for both craters and rilles, during the productive
stage.
2.1.1. Pixels to Pixels

Many image processing problems involve the conversion from one image to another. The conversion between
different images, such as RGB graph, gradient field, edge map, etc., has been solved by specific algorithm. In fact,
these problems have the same characteristics in essence, namely mapping from pixels to pixels. Analogies with the
same meaning can be translated between different languages, and different forms of the same images can also be
"translated" with each other.

In the traditional image graphics pipeline, the output image needs to go through a series of tedious steps, such as
modeling, material mapping, lighting, rendering and so on. In our very specific task, to solve the problem of masking
lunar craters and rilles out from a gray-scale image, we need to establish the correspondence between input and output.
The input is fixed at a (256,256) sized pixel map, the output is also defined as a (256,256) sized mask.

Therefore, we manage to defined the input and output of our framework. Section 2.3 introduces how to use neural
network to generate images. We use pix2pix to complete the basic task, and use normalization to solve the problem
of input data mismatch, and finally solve the problem of image resolution and image quality with multiple up/down
sampling and multi-scale fusion introduced in Section 2.5.4.
2.2. Dataset Preparation
2.2.1. Moon DEM Dataset

TheMoon DEM dataset is generated by Silburt et al. (2019), which is randomly cropped out of the digital elevation
map (DEM) images from the Lunar Reconnaissance Orbiter (LRO). Having the resolution of 512 pixel/degree global
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Table 1
Data statistics over three different lunar and non-lunar datasets which were used for train-
ing, validating and testing our model respectively.The Moon DEM dataset is from Silburt
et al. (2019). The Suface Crack dataset is from (Zhang, Yang, Zhang and Zhu, 2016).
The Assembled Dataset, which contains the annotation of both craters and rilles, is self-
constructed. Considering the limited samples of the Assembled Dataset, the Assembled
Dataset was used mainly for inference, and the training was conducted by initiating the
weights pre-trained on the Moon DEM and Surface Crack datasets.

Type Samples

Crater Rille Train Validation Test

Moon DEM ✓ 30,000 5,000 5,000

Surface Crack ✓ 140 20 20

Assembled Dataset (ours) ✓ ✓ 35 - 9

grayscale map, the Moon DEM dataset contains 30,000 cropped images for training, 5,000 for validation, and 5,000
for testing. Those cropped images are made out from a 184320 × 61400 pixel Plate Carree projection. Each sample
is cropped into a grayscale image, whose size is 256 × 256, and is matched with a ground-truth target mask with the
same dimension. The craters are annotated in white, and the background is annotated in black. It is worth noticing that
all craters with diameter Dpix < 1 is excluded from the Moon DEM dataset. For each image and its target mask, there
is a < n, x, y, r > tuple, where n stands for the number of craters annotated in this image, and < x, y, r > stand for the
longitude, latitude, and radius of each crater, respectively. The ground truth tuples marking the crater’s exact position
were used when we calculated the accuracy metrics and error metrics in Section 4.1.1 and 4.1.2 during evaluation.
2.2.2. Surface Crack Dataset

Since there is no existing dataset, which contains rille annotation on the lunar surface, we select the surface crack
dataset containing pavement crack in the concrete, crack-tile, and membrane, as the alternative pre-training dataset.
Those images have similar patterns as the lunar rille images. The images are equally picked out from the CRACK500
dataset (Zhang et al., 2016; Yang, Zhang, Yu, Prokhorov, Mei and Ling, 2019). There are 30 images for cracks in
concrete, 100 images for cracks in cracktile, and 30 on the membrane. The surface crack dataset shares similar features
with moon rilles, which are typically long narrow depressions in the surface of the moon that resemble channels.
Despite the different types of moon rilles, surface crack on concrete serves as a good pre-train feature representation
on this very specific task. We randomly shuffle all the images and select 140 from them for training and the rest 30 for
testing and validation.
2.2.3. Assembled Dataset

Photos of the Moon surface are carefully selected from the published online library of National Aeronautics and
Space Administration (NASA) and China National Astronomical Observatory. After going through more than one
thousand pictures, 44 images with clear carters and rilles are gathered. A specialist in lunar geology labeled all the
images first, and then read the labeled image into the digital matrix and uniformed the size. 500 × 400 pixels are
included in each sample. In order to secure the reliability of the assembled dataset, which serves as the ground-truth in
further training and testing, randomly selected digital matrix are plotted to illustrate the features for checking by another
specialist. After back and forth check and modification, the final data-set is believed to contain accurate geological
features on the Moon surface. In order to prevent over-fitting issues based on the limited samples on the Assembled
Dataset, the training on such a specific dataset is conducted by fine-tuning 10 extra epochs on the pre-trained weights
obtained from Moon DEM as well as Surface Crack datasets with a relatively small learning rate (1e10-5).
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2.3. Network Architecture
Recently, deep convolutional neural networks (DNN) (Krizhevsky, Sutskever and Hinton, 2012) have dramatically

improved the machine learning models’ performance on image classification and object detection. Deep neural net-
works consist of an input layer, several hidden layers, and an output layer. There are several neurons in each layer, and
there are connection weights between them. Each neuron mimics the biological nerve cells, and the connections be-
tween nodes mimic the connections between nerve cells. Moreover, from the mathematical point of view, each neuron
must contain non-linear operations (such as Sigmoid, ReLU, or Softmax functions). The number of parameters in a
deep learning model is usually tremendous to take advantage of big data.

Different network architectures have their advantages and disadvantages when they are used to handle various prob-
lems. Many existing methods focus on designing novel convolutional network architecture that gives optimal feature
representation of the input images. As for targeting pixel2pixel problem in our problem setting, some approaches are
similar to encoder-decoder networks, such as UNet (Ronneberger, Fischer and Brox, 2015), SegNet (Badrinarayanan,
Kendall and Cipolla, 2017), etc.. They use downsampling to reduce the resolution, obtaining the semantic information,
and then use upsampling to increase the resolution to obtain spatial information. Such a process includes two inde-
pendent fusion processes across multi-resolution representations. In the first stage, information can only be sent from
high resolution to low resolution; in the second phase, information is just sent from low resolution to high resolution.
We can see that such an encoder-decoder network has an obvious disadvantage in handling our problem. That is, they
omit the high-resolution information in the original space.

To avoid omitting high-resolution information, we used the state-of-the-art deep learning network, HRNet (Sun
et al., 2019a; Sun, Zhao, Jiang, Cheng, Xiao, Liu, Mu, Wang, Liu and Wang, 2019b), which can keep the high res-
olution and uses parallel lines to get the low-resolution representation. As shown in Figure 1.b, our HRNet contains
parallel convolutional operations to obtain both the low-resolution and the high-resolution representations, which are
concatenated to produce the final representation containing both semantic information and spatial information.

The network has four branches, composed of multiple feature extractors (residual blocks) utilizing the deep residual
network (He, Zhang, Ren and Sun, 2016). Inside each branch, the resolution of the feature map generated have different
sizes : (128,128,64) , (64,64,64) , (32,32,128) , (16,16,256). The size of those feature maps could be simply noted
as 1×, 2×, 3×, 4×. With the decrease of the feature map size from 1× to 4×, the channels of feature map increase
correspondingly. In each branch, the network would carry out multiple up-sampling, down-sampling, and feature
maps fusion. During forward propagation, the network is always able to maintain the high-resolution feature map
rather than recovering final prediction through a low-to-high process, which could suffer from information loss.
2.4. Network Elements Introduction

In this section, we introduce the necessary network elements that prevent overfitting during training. One is the
deep residual blocks in every branch of our HRNet, and the other is the batch normalization layer added after each
residual block.

To build a high-resolution network, we need to extract multiple feature maps with various scales and load them
in different branches. With the deepening of our network structure, there are two major problems. One is the van-
ishing/explosion of the gradient, which leads to the difficulty of training convergence. This problem can be solved
by normalized initialization and intermediate normalization layers. The other is called degradation. If we continue to
increase the number of layers for the appropriate depth model, the training error will increase dramatically. As a result,
as the network gets deeper and deeper, its performance becomes saturated and begins to decline rapidly.

Therefore, such a normalization process is critical and vital to a steady and robust training of our neural network.
2.4.1. Deep Residual Learning

Introduced by He et al. (2016), deep residual network has become a popular backbone network of many computa-
tional methods aiming to solve main computer vision problems. The residual learning is committed to using multiple
parametric network layers to learn the residual difference ℎ(x) − x between inputX and output ℎ(x). A residual block
could be defined as follows:

yl = ℎ(xl) + F (xl,WL), (1)
xl+1 = f (yl), (2)
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in which ℎ(⋅) and f (⋅) are the activation function and is usually applied with ReLU activation. The residual cell can
be realized in the form of layer hopping connection, that is, the input of the residual block is directly added with the
output of the cell and then activated (Shown in Equation (3)).

xl+1 = xl + F (xl,WL). (3)
Therefore, when F (xl) = 0, the xl+1 equals xl, thus making a identity mapping which do not add loss when the network
becomes deeper and deeper. The residual network can be easily implemented with mainstream automatic differential
deep learning framework, and the parameters can be updated directly by back propagation algorithm.

We implemented residual blocks in each branch in our High-Resolution-MoonNet and normalized the output from
the residual block with the Batch Normalization operation introduced in Section 2.4.2.
2.4.2. Batch Normalization

To further guarantee the robustness and prevent the overfitting problem, we add batch normalization after each
residual block. The batch normalization layer aims to standardize the output values of different scales and reduce
the scale’s difference to the same range. Firstly, it can improve the convergence degree of gradient and accelerate
the training speed. Secondly, each layer can face the input value of the same characteristic distribution as much as
possible, which reduces the uncertainty caused by the change. Furthermore, it reduces the early layers’ influence on
the later layers, making each layer in the network relatively independent. Such a network is much easier to train than
a dependent network.
2.5. Network Connectivity and Advantages

We want to solve the problem by having pixel-level refinement from the input image and generating a high-
resolution prediction mask with the exact size of the input picture. Therefore, our network architecture is based on the
end-to-end High-Resolution Net (Sun et al., 2019b). One of the desirable properties of this kind of approach is that
the feature maps within the network always maintain a high-resolution representative. Also, we are free to design the
depth and the channel of the inserted branches.

To make the idea suitable for our work, we designed up sampling and down sampling during each feature map
convolution.
2.5.1. Feature Map Extraction

The feature maps are extracted from multiple 2D convolution layers with deep residual learning mechanism. The
feature extraction of the forward process is a typical valid convolution process. That is, the convolution kernel covers
the input graph Xinput. The corresponding position is integrated and then summed to get a value assigned to the
corresponding position of the output graph Youtput. Each time the convolution kernel moves one position on the Xinputand overlaps from top to bottom and from left to right to obtain the output matrix Youtput. In a convolution layer of
CNN, there are usually several feature maps. Each feature plane is composed of some neurons arranged in a rectangle.
The neurons in the same feature plane share the weight, and the shared weight is convolution kernel. Convolution
kernel is usually initialized with a random decimal matrix. During network training, the convolution kernel will be
trained into reasonable values.

In most of our network branches, we also want the input and output sizes to be consistent. To solve this problem,
we can pad the original matrix before convolution, that is, fill some values on the boundary of the matrix to increase
the size of the matrix, which is usually filled with “0”. We may also want to avoid information loss by padding, so we
need to compress part of the information by setting the step size, called “stride”, to make the output size smaller than
the input size.

The feature map size extracted from the input image is listed as follows:

Hout =
Hin + 2 ∗ padding[0] − dilation[0] ∗ (kernelsize − 1) − 1

stride
− 1, (4)

Wout =
Win + 2 ∗ padding[0] − dilation[0] ∗ (kernelsize − 1) − 1

stride
− 1, (5)

Siyuan Chen et al.: Preprint submitted to Elsevier Page 7 of 16



Lunar Features Detection for Energy Discovery via Deep Learning

where the Hin and Win stand for the height and weight of the input feature map Xinput, and Hout and Wout standfor the height and weight of the output feature map Youtput. The meaning of the padding attribute is to define the space
between the element border and the element content. The kernel size refers to the size of the convolution kernel. In
the residual blocks inserted in our HRNet, the kernel size is set as 3, and the stride is set as (1,1).
2.5.2. Convolution Transpose Up-Sampling

Up-sampling refers to any technology that can make an image to a higher resolution. The simplest way is re-
sampling and interpolation: re-scale the input image to the desired size, and calculate the pixels of each point, and use
interpolation methods such as bilinear interpolation to interpolate the remaining points to complete the up-sampling
process.

However, in our network architecture, we use convolution transpose to perform the up-sampling operation to make
a feature map into a higher resolution. The input-output relationship of convolution calculation and corresponding
de-convolution operation is opposite, and is listed as follows:

Hout = (Hin − 1) ∗ stride + kernelsize − 2 ∗ padding[0], (6)

Wout = (Win − 1) ∗ stride + kernelsize − 2 ∗ padding[0]. (7)

2.5.3. Convolution Down-Sampling
We take advantage of the convolution mechanism to perform the down-sampling operation. For an image with

the size of M ∗ N , the stimes down-sampling is performed to obtain the resolution image of (M∕s) ∗ (N∕s)
during each down-sampling operation. Of course, s should be the common divisor of M and N. For example, the
feature map of the first branch of our framework bears the size of [Batcℎsize, 256, 256, 128]. During each 2timesdown-sampling operation, the output feature map would have a height and width of (256∕2) ∗ (256∕2), that is
[Batcℎsize, 128, 128, cℎannel]. Since our HRNet-W32 maintains the feature map channel within 32, the final res-
olution of the example down-sampling would be [Batcℎsize, 128, 128, 32].
2.5.4. Repeated Multi-scale Fusion

It is well-known in computer vision tasks that the high-level network has a large receptive field and strong rep-
resentation ability of semantic information, but the resolution of feature map is low, and the representation ability of
geometric information is weak because it lacks spatial geometric feature details. Meanwhile, the low-level network
has a small receptive field and a strong representation ability of geometric details. Although the resolution is high,
the representation ability of semantic information is superior to that of smaller feature maps. Therefore, the high-level
semantic information can help us to detect or segment the target accurately.

Technically, the multi-scale fusion is conducted by repeating the up-sampling process and down-sampling process.
Such a process aims to keep the feature map in the resolution of 512 instead of losing high-dimensional features when
the feature map passed through the convolution layers. As is showed in Figure 2, multiple feature maps with different
sizes (512, 256, and 128) are well kept during forward propagation in order to guarantee maximum preservation of the
information of lunar and rille features.

There are different sizes of craters and rilles in the detected images, and different craters have different characteris-
tics. Using the shallow features can distinguish the simple targets; using the deep features can distinguish the complex
targets. So we need such repeated multi-scale fusion to complete the crater/rille prediction task.

We repeatedly perform multi-scale fusion so that each high-resolution to low-resolution representation receives
information from other parallel representations, thus producing rich, high-resolution representations. Therefore, the
predicted crater and rille may be more accurate in space.

Our HRNet has four parallel branches which contain subnetworks with different sizes of feature maps. As is
shown in Figure 2, during each multi-scale fusion, feature maps with lower resolution would be up-sampled using the
mechanism introduced in Section 2.5.2, and those with high resolution would be down-sampled.
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Figure 2: The illustration of multi-scale fusion operation. The yellow boxes refer to feature maps with different resolutions.
Green boxes stand for up-sampling with a (2,2) de-convolution kernel, and blue boxes stand for regular convolution with
(3,3) kernel.

2.6. Transfer Learning
2.6.1. Data Deficiency

It is well known that the annotation of data, especially pixel-level ground truth masks, bears a heavy workload
and is usually very time-consuming. The purpose of transfer learning is to solve such problem of data labeling and
data acquisition. As for crater data annotation, even with perfect ability to determine lunar crater status, the choice
of labels can significantly impact results. When dealing with rilles, it also requires much energy to label and identify
those samples with occlusion, blur, and dense overlap.

To overcome such data deficiency problem, we apply transfer learning to our particular task of lunar crater and rille
detection. We divide our data for transfer learning into two categories: source data and target data. Source data refers to
additional data, which is not directly related to the task to be solved. In such a case, we obtain the source data on Moon
DEM data-set and Surface Crack data-set so that the neural networks can acquire knowledge from detecting craters
and rilles independently. Then, we apply it to more complex and noisy real-world, observed images for fine-tunning.
2.6.2. Multi-Model Transfer Learning

Intuitively, multi-model transfer learning can be seen as a form of inductive transfer. The inductive transfer can
help improve a model by introducing an inductive bias, which causes a model to prefer some hypotheses over others.

Being able to learn two or more tasks, one after the other or at the same time, the model can use different knowledge
transferred between tasks to improve learning efficiency. Therefore, we require our model to inductively transfer
information using prior knowledge from the primary task as the inductive bias to improve the performance of the related
secondary task. Assuming that the source domain (Surface Crack Detection) and the target domain (Rille Detection)
contain some common cross-features, the features of the source domain and the target domain are transformed into
the same space through feature transformation, so that the source domain data and the target domain in the feature
space will have the similar distribution. Such kind of approach bears a very strong advantage, that is, the application
is simple and the performance is usually guaranteed.

Although crater detection and rille identification are two different tasks that require different kinds of datasets as
well as training strategies, we conduct multi-model transfer learning based on pre-trained parameters to find common
parameters and prior distribution between source-independent data and target-assembled data to achieve knowledge
transformation. Specifically, the knowledge for rille detection is pre-learned by the surface crack dataset and guarantees
its inference performance. Using abundant training samples from multi-model transfer learning, we manage to adjust
proper weights and hyper-parameters to detect craters and rilles simultaneously.
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2.7. Loss Function and Optimization
In machine learning, the difference between the predicted value and the real value of a single sample is called loss.

The smaller the generalization loss is, the better the model is. The function used to calculate the loss is called the loss
function. Also, with calculated loss, there are many optimization methods to try to find the model’s optimal solution.
2.7.1. Binary Cross-entropy Loss

To make the loss function adapt to our typical problem, which attempts to make pixel2pixel prediction between
target masks and input images, we choose binary cross-entropy loss. It is a loss function between probabilities. The
exact definition is listed as follows:

Loss = xi − xi × yi + log(1 + exp(−xi)), (8)
where yi represents the ground-truth target value of pixel i in themask, and xi represents the prediction pixel. Moreover,
the greater the probability difference, the greater the loss. This magical measure of probability distance is called cross-
entropy.
2.7.2. Adam Optimizer

Adaptive motion estimation (Adam) (Kingma and Ba, 2014) is RMSpro with Momentum term. It uses the first-
order moment estimation and second-order moment estimation of the gradient to adjust each parameter’s learning rate
dynamically. The algorithm calculates the exponential moving average of the gradient and the square gradient, and the
parameters �1 and �2 control the decay rate of these moving averages.

Themain advantage of Adam is that after offset correction, each iteration’s learning rate has a certain range, making
the parameters relatively stable. Therefore, Adam is very suitable for our large-scale training data and parameter
scenarios, and its hyper-parameters are easy to explain and only need a few adjustments. During experiments, we set
the �1 as 0.9 and �2 as 0.999 with � equals 1e-08. The learning rate decay is dynamically modified during training.
2.8. Detecting Craters and Rilles Simultaneously

After training the models and during the productive stage, we would feed the query image to the trained models in
parallel, obtaining the annotation results of craters and rilles simultaneously.
2.8.1. Crater Extraction

After the network generate the (256×256)mask corresponding to the (256×256) input image, we match the output
mask with generated rings through the target and calculate the probability of the ground truth coordinate (xgt, ygt, rgt)and the predicted crater(xpred , ypred , rpred). We would consider the predicted ring match the ground truth target suc-
cessfully when it satisfy the following condition:

(xpred − xgt)2 + (ypred − ygt)2 < Tℎresℎ(x,y) × min(rpred , rgt)2, (9)

abs(rpred , rgt) < Tℎresℎr × min(rpred , rgt)2. (10)
The Tℎresℎ(x,y) and the Tℎresℎ(r) are thresholds that are determined manually. Here we set the Tℎresℎ(x,y) as 1.8pixel and Tℎresℎ(r) as 1 pixel, considering the image resolution and task difficulty.

2.8.2. Rille Detection
Rille is a dark and slender crack on the lunar surface, similar to the stream on the earth. It is usually used to

describe any long and narrow groove on the surface of the moon. Being several kilometers wide and hundreds of
kilometers long, they can be divided into two types: straight rilles and sinuous rilles. Rille is of great significance for
Earth people to study the history of the moon as well as the potential energy sources on moon surface. Some of the
moon rilles are formed by the flow of lava caused by the lava eruption, and some are the remnants of radiation lines
formed when small celestial bodies collide with the lunar surface. Rille detection is a rather more difficult task since
rilles are usually accompanied by occlusion, blur, and dense overlap. However, we could still generate high-resolution
rille masks through deep learning and locate them accurately.
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3. Implementation Details
In this section, we discuss the implementation details, such as data augmentation to handle overfitting (Section 3.1),

training details (Section 3.2), and hyper-parameter setting (Section 3.3).
3.1. Data augmentation

A deep neural network usually contains thousands of parameters. With more parameters to be trained, we need
more training samples. Usually, the number of parameters is proportional to the complexity of the task. Therefore, to
get sufficient training data, we need to make small changes to the existing dataset, such as flips, translations, rotations,
etc. Our network will consider them as different pictures. For achieving a better prediction performance, we implement
several kinds of data augmentation methods to guarantee the model’s robustness and generalization power. Since all
of our training and testing images are gray-scale images, images are randomly scaled between 0.1 to 1. Flipping,
rotation, and shifting are also conducted within the Moon DEM dataset (Silburt et al., 2019). During prepossessing,
input images are spanned at the latitude from −180° to −60°, −60° to 60° and 60° to 180°. Furthermore, by using
the linear smoothing method, we make the brightness of the input images smooth and gradual, improving the image
quality. After the data augmentation, the images are then fed into the network with a size of (256, 256).
3.2. Pre-training

Pre-training can be helpful to our tasks greatly. Because of time and computation limitations, it is impossible to train
our model from scratch and manage to identify both craters and rilles in the same picture. Therefore, we first trained
our model on the image-basedMoon DEM dataset and achieved relatively high performance. Restricted by the fact that
there is no existing lunar rille dataset. We used the Surface Crack dataset and transferred the cracks RGB images into
gray-scale images to imitate the rille. The model was trained for 100 epochs on the DEM dataset where the network
parameters with the best F1 score were saved. At the same time, the network would also be trained on the surface-
crack dataset for 100 epochs. In order to prevent the over-fitting problem on the relatively small Assembled Dataset,
pre-trained weights from the previous Moon DEM dataset and Surface Crack dataset were loaded for initialization,
and the network is further fine-tuned on the Assembled Dataset for 10 extra epochs with a relatively small learning
rate(1e10-5) to achieve a better inference performance.
3.3. Hyper-parameter Setting

During pre-training on the Moon DEM dataset, we used Adam optimizer (Kingma and Ba, 2014) with a learning
rate of 1e10-4. When training the model with the assembled dataset where craters and rilles show together, we loaded
the pre-trained weight on Moon DEM and Surface Crack dataset and decreased the learning rate to 1e10-5.

The learning rate would drop at a factor of 1e10-5 with the step size of the number of epochs. Usually, we set the
batch size as 4 to keep the learning speed during training. Our approach was trained and tested on 4 NVIDIA P100
GPU cards. Our network was implemented using Keras (Chollet et al., 2015) with version 2.2.4 as well as Tensorflow
(Abadi, Barham, Chen, Chen, Davis, Dean, Devin, Ghemawat, Irving, Isard et al., 2016) version 1.13.1.

4. Results
4.1. Evaluation Criteria
4.1.1. Accuracy metrics

We evaluate our High-Resolution MoonNet’s performance using F1 score, Precision, and Recall. Both the testing
Moon DEM dataset and the Assembled dataset represent the general features on the Moon and other planets’ surface.
There are different sizes and types of craters in the evaluation areas. Ground truth crater catalog manually digitized
images are used for altitude purposes. To ensure the verification performance, we focus on the craters with a diameter
greater than 30 pixels on the image. The accuracy metrics’ definitions are listed as follows:

F1Score = 2 ×
Precision × Recall
P recision + Recall

, (11)

Precision =
TP

TP + FP
, (12)
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Figure 3: Prediction results from the HRNet-W32 on the Moon digital elevation map (DEM) dataset. In the right picture,
blue rings represent ground truth and red rings represent prediction. As shown on the final prediction, corresponding
ground truth crater positions and radii (marked in blue rings) are closely matched with the prediction crater positions and
radii (marked in red rings). Such visualization gives an intuitive conception of our network’s prediction performance. More
quantitative evaluation results could be found in Table 2.

Recall =
TP

TP + FN
, (13)

where TP , FP represent true positive samples and false positive samples. In each image, there would be enumerate
of craters and corresponding masks. We average the prediction results in all pictures and produced the final average
prediction accuracy metrics. It is worth noticing that we neglected the testing samples with fewer than three craters
in the picture. Notably, the average recall and precision of each sample bears large standard deviation across all the
validation and test images. Therefore, the averaging f1-score is slightly different from its mathematical definition.
4.1.2. Errors

We estimated fractional errors in longitude L̂, latitude L, and Radius R. The definition of such errors are listed as
follows:

dL̂∕R = abs(L̂pred − L̂GT ) cos(�0.5 ∗ ((L̂pred + L̂GT )∕180°)∕meanR, (14)

dR∕R = abs(Rpred − RGT )∕(RGT ∗ meanR), (15)

dR∕R = abs(Rpred − RGT )∕RGT , (16)
where the meanR stands for (Rpred +RGT )∕2 andGT , pred represent for ground truth labels and prediction labels.

4.2. Result Analysis on Moon DEM dataset
Our trained HRNet was evaluated on the Moon DEM dataset with the optimized crater identification network.

Accuracy metrics within Table 2 were shown for the performance on validation and test data-sets. Those statistical
results explained how our framework performed under different evaluation criteria. We compared our result with the
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state-of-the-art deep learning algorithm (Silburt et al., 2019), which was labeled as UNet (Ronneberger et al., 2015)
in Table 2. The fractional latitude error indicated the average error in prediction craters’ latitude and the ground truth
latitude. So did the fractional longitude error and the radius error. It is worth noticing that our HRNet has a very high
precision result that is averaging 83.7% on the Moon DEM dataset. Our HRNet also achieved remarkable performance
on the crater prediction task.

Notably, in Figure 3, it can be seen that ourmodel performswell whenmoon craters are barely visible. Furthermore,
when dealing with challenges from blocked craters with relatively less spatial information, our approach is more robust
and has a better prediction accuracy.

Table 2
The statistical accuracy metrics comparing Baseline CNN, UNet, and HRNet-W32 network
architecture. Specifically, Baseline CNN here is a simple version of UNet where we remove
the high-resolution feature merging layer from the typical UNet. The Precision, Recall,
and F1 score metrics are defined in Section 4.1.1. Also, the definition of error metrics
that computes the error of prediction latitude, longitude, and radius could be found in
Section 4.1.2.

Method Evaluation Val set Test set

Baseline CNN

Frac. latitude error % ↓ 11.76 10.85

Frac. radius error % ↓ 10.83 11.26

Frac. longitude error % ↓ 12.41 9.92

Recall % ↑ 52.8 (±20.5) 51.1 (±19.8)

Precision % ↑ 79.7(±14.7) 77.4 (±12.8)

F1 Score% ↑ 61.7(±15.5) 60.6 (±12.1)

UNet

Frac. latitude error % ↓ 7.39 9.61

Frac. radius error % ↓ 7.39 9.74

Frac. longitude error % ↓ 9.88 7.88

Recall % ↑ 55.3 (±20.3) 56.6 (±19.6)

Precision % ↑ 83.4(±14.9) 80.8 (±11.1)

F1 Score% ↑ 63.9(±15.0) 63.7 (±12.6)

HRNet-W32

Frac. latitude error%↓ 10.19 9.49

Frac. radius error%↓ 7.26 9.78

Frac. longitude error%↓ 10.02 7.58

Recall %↑ 54.5 (±20.1) 53.8 (±20)

Precision %↑ 85.3 (±14.4) 83.7 (±13.4)

F1 Score%↑ 64.0 (±15.1) 63.5 (±13.9)
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Figure 4: Prediction results of the assembled dataset from the published online library of National Aeronautics and Space
Administration (NASA) and China National Astronomical Observator on the lunar surface. In the target domain, the
target rilles tend to be long, narrow depressions on the surface of the Moon, whereas target craters tend to be cup-like
depressions. Based on the prediction from both Rille Net and Crater Net of HRNet-W32, despite such different feature
distributions, the prediction masks are highly correlated with the ground-truth masks.

4.3. Result Analysis on assembled dataset
As shown in Figure 4, our network can simultaneously detect moon craters as well as rilles. Surprisingly, none of

the dedicated pixel2pixel methods are considerably better in dealing with complex transfer learning detection problems,
namely, small and hazy objects or missing detections.

As shown in Table 2, as for the Baseline CNN, by removing nothing but the high-resolution feature merging layers,
the performance of F1-score drops dramatically: From 63.7% (± 12.6) to 60.3%m (± 12.1) on the Test set. Such
performance degradation suggests that high-resolution features play a critical role in pix2pix level lunar crater/rille
detection with potential energy reserves, which could help human exploration activities regarding energy discovery.

Intuitively, small craters, and occluded rilles are harder to identify since the network need to learn unique features
from repetitive training. The performance of our results with a large amount of training data fromMoonDEM indicates
that large-scale crater annotation is helpful, especially when the network parameters are transferred and fine-tuned.
Interestingly, our model’s precision has a notable increase in the assembled dataset.

As discussed above, our approach tackles most of the lunar detection scenarios. Therefore, we motivate our ap-
proach as a new detection paradigm on lunar localization and rille identification and point out promising future research
directions for space energy detection.
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5. Discussion and Conclusion
Energy resources on the Moon have been recognized as a promising supplement to the conventional energy re-

sources on Earth, supporting our daily lives. Helium-3 used for nuclear fusion is a representative one. The planned
future explorations into deeper space also require a stronger energy provision, and the exploitation of lunar energy
resources can be a good choice to replenish the fuel carried in the space crafts on the Moon surface.

In this paper, we aim to develop an efficient and reliable automated detection approach for carters and rilles on
the lunar surface, using advanced deep learning algorithms, including HRNet and transfer learning. The carters and
rilles are believed to indicate the evolution history of lunar landforms, during which resources may be concentrated
by volcanism or impregnated by the solar wind. Giving that Helium-3, a promising resource for nuclear fusion, as
well as Uranium, a key material in nuclear fission, has been frequently detected within Moon craters, we believe that
accurate and fast machine learning-based crater identification could help space energy discovery, which serves as a
promising supplement to conventional energy supplies on Earth. Also, such geological features on moon surface are
closely related to the craft landing and launching, resource recognition, and construction of utilization facilities.

For the first time, a model is developed to detect and label both the rilles and carters in one figure with acceptable
accuracy. The trained model is proved to better predict the distribution of carters and rilles than conventional deep
learning approaches such as CNN and UNet, in terms of both precision and efficiency. The following remarks are
concluded based on our investigation and experience on both space energy and feature detection:

1. As the evidence of geological activities, lunar features, including carters and rilles, are essential to describe the
story around the energy resources. The presented work focused on the automated detection of geological features, and
further investigations are expected to predict the concentration of energy resources automatically. More efforts are
required to first construct a comprehensive database involving as much information of analysis on the obtained lunar
samples and Moon photos as possible, and then to build the quantitative correlations between the features and resource
concentrations using deep learning algorithms.

2. The deep learning models used in this paper has shown the superiority compared with conventional approaches
of automated feature detection in previous publications. However, there is always a gap between the most advanced
deep learning technique and practical engineering. Very recently, some advanced deep learning techniques (Li, Huang,
Ding, Li, Pan and Gao, 2019; Li, Tian, Li, Fang, Tan, Pan, Huang, Xu and Gao, 2020), such as learning with constraints
(Chen, Li, Umarov, Gao and Song, 2020b), generative models (Ding, Yu, Liu, Zhu, Liu, Li and Shao, 2019), and
dynamic stop learning (Chen, Dai, Li, Gao and Song, 2020a) have been developed, and we believe that all the above
techniques can further improve the performance of automated detection. We will try to bridge such a gap in future
research.

3. The developed model can be further applied in the feature detection of energy reservoirs on Earth. The evolution
history of soils and rocks is also critical to describe reservoir information. The distribution of cracks in subsurface
structures is needed for an optimized designing of hydraulic fracturing and piping. It is even better that much more
data can be obtained for the reservoir information than that on the Moon surface. Many developed techniques like
digital core can serve as an effective approach to generate as much data as needed.
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