Z_ MIT
il Open Access Articles

Deep Learning Crater Detection for
Lunar Terrain Relative Navigation

The MIT Faculty has made this article openly available. Please share
how this access benefits you. Your story matters.

Citation 2020. "Deep Learning Crater Detection for Lunar Terrain Relative
Navigation.” AIAA Scitech 2020 Forum, 1 PartF.

As Published 10.2514/6.2020-1838

Publisher American Institute of Aeronautics and Astronautics (AIAA)

Version Author’s final manuscript

Citable link https://hdl.handle.net/1721.1/137175

Terms of Use Creative Commons Attribution-Noncommercial-Share Alike

Detailed Terms http://creativecommons.org/licenses/by-nc-sa/4.0/

Mir DSpace@MIT
I I Massachusetts Institute of Technology p


https://libraries.mit.edu/forms/dspace-oa-articles.html
https://hdl.handle.net/1721.1/137175
http://creativecommons.org/licenses/by-nc-sa/4.0/

Deep Learning Crater Detection for Lunar Terrain
Relative Navigation

Lena M. Downes*
Massachusetts Institute of Technology, 77 Massachusetts Avenue, Cambridge, Massachusetts, 02139

Ted J. Steiner"
Draper, 555 Technology Square, Cambridge, Massachusetts, 02139

Jonathan P. How*
Massachusetts Institute of Technology, 77 Massachusetts Avenue, Cambridge, Massachusetts, 02139

Terrain relative navigation can improve the precision of a spacecraft’s position estimate by
providing supplementary measurements to correct for drift in the inertial navigation system.
This paper presents a system, LunaNet, that uses a convolutional neural network to detect
craters from camera imagery taken by an onboard camera. These detections are matched
with known lunar craters, and these matches can be used as landmarks for localization. The
motivation for generating such landmarks is to provide relative location measurements to a
navigation filter, however the details of such a navigation filter are not explored within this
work. Our results show that on average LunaNet detects approximately twice the number
of craters in an intensity image as two other intensity image-based crater detectors. One of
the challenges of cameras is that they can generate imagery with vastly different appearances
depending on image qualities and noise levels. Differences in image qualities and noise levels
can occur for reasons such as changes in irradiance of the lunar surface, heating of camera
electronic elements, or the inherent fluctuation of discrete photons. These image noise effects
are difficult to compensate for, making it important for a crater detection system to be robust
to them. Convolutional neural networks have been demonstrated to be robust to these kinds
of imagery variation. LunaNet is shown to be robust to four types of image manipulation that
result in changes to image qualities and noise levels of the input imagery.

I. Introduction

REVIOUS lunar landings relied mostly on inertial navigation methods, which time-integrate measurements from an
Pinertial measurement unit (IMU). However, inertial navigation systems accumulate error over time and past lunar
landing errors have been on the order of up to several kilometers [[1]. These errors pose a challenge because many of the
locations of interest for future landing missions are in or near hazardous terrain, which motivates the need for increased
landing precision.

One solution for reducing landing error is terrain relative navigation (TRN), which uses sensors to observe the terrain
around a vehicle in order to estimate the vehicle’s position. Vision-based TRN systems are especially attractive due to
the small size, weight, and power requirements of space-rated cameras, as well as the rich data they provide. Craters are
a type of visual landmark in the terrain that are visible in a variety of lighting conditions from most locations on the
Moon and with a variety of cameras. Current crater databases cover approximately 80% of the nearside of the Moon [2].

Our system, LunaNet, visually detects craters in a camera image using a neural network and matches those detected
craters to a database of known lunar craters with known latitudes and longitudes. The inclusion of these measurements
in a landing navigation system can reduce estimation error and enable increased-precision navigation both in-orbit and
during landing [3]]. However, camera imagery is prone to variation caused by many sources, including time of day,
electronic component heating, and type of camera. The resultant image effects are difficult to predict with high certainty
and compensate for, making it important that a crater detector be robust to such changes, as LunaNet is.
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Developments in deep learning for computer vision have resulted in significant advances in the capabilities of
vision-based systems. However, the space industry has been reluctant to adopt deep learning-based systems due
to concerns over reliability [4]. Despite these concerns, our results show potential for robustness and reliability
improvements, as well as better generalization and reduced testing and modeling burden. LunaNet demonstrates the
potential for a neural network to replace a small piece of a larger system, thereby improving performance and robustness
to image noise while maintaining a restricted domain of failure modes.

II. Related Work

Terrain relative navigation has been studied for years as a method to improve the landing accuracy for lunar landers
[SH7]. A common theme in lunar TRN literature is to focus on detecting craters and using them as landmarks for
localization because craters are present on nearly the entire lunar surface, many of their locations have already been
catalogued, and crater information is efficient to store [3]]. In addition, a crater’s location can be uniquely identified
based on the local constellation of nearby craters.

Previous crater-based TRN systems utilized traditional image processing techniques to detect craters from imagery.
However, these approaches are typically not robust to changes in lighting conditions, viewing angles, and image noise.
The system of [3] is a lunar terrain relative navigation system which uses image processing methods to visually detect
craters. To detect craters, it thresholds the input grayscale intensity image for bright patches and for dark patches, which
correspond to crater rims and shadows. Edges of the patches are detected, and pairs of dark and bright edges are fitted
with ellipses, which represent crater rims. Due to its thresholding process, we refer to this crater detector as a trinary
edge detector. This work demonstrated the potential for craters to improve the position tracking of a spacecraft in lunar
orbit. However, the trinary edge detector struggles to consistently detect the same craters from frame to frame in a
trajectory and experiences significant sensitivity to image quality, brightness, and shadowing. This makes precisely
tuning the trinary edge detector critical to its performance. Precise tuning requires high levels of human input and
detailed modeling, and is only possible if the camera imagery qualities and noise levels are known with high confidence
prior to the mission. It is often difficult to predict these qualities, and they are not necessarily static during a mission.

Recent work has demonstrated that significant improvements in robustness to lighting effects for automated crater
detection are possible by applying advances from the fields of computer vision and deep learning. PyCDA [8] is a
neural network-based crater detector composed of a detector, extractor, and classifier. These components are combined
in sequence to generate crater predictions. The detector takes as input a grayscale intensity image and uses a downsized
U-net [9] architecture to generate per-pixel likelihoods that each pixel is a part of a crater rim. This pixel prediction
map is input to the extractor, which labels connected components in the prediction map image and fits circles to
these components, generating a list of crater candidates. The crater candidates are input to the classifier, which is
a convolutional neural network (CNN) with a 12 by 12 pixel classifier of 2D convolutions. The classifier makes a
binary prediction of whether the crater candidate is a true crater. PyCDA outputs the crater candidates that the classifier
determined were true craters. This work focused on detecting new craters which had not been previously catalogued,
while the goal of LunaNet is to detect craters and match them to catalogues of known craters, so that they can be used to
localize a spacecraft in real-time.

Another recent system, DeepMoon [10], applies a CNN to detect craters from elevation data represented as overhead
imagery. It uses a U-net [9] architecture to perform pixel-wise classification of craters. After generating a prediction
image of crater rim locations, DeepMoon uses template matching to obtain discrete crater detections from the prediction
image. DeepMoon utilizes elevation data in the form of digital elevation map (DEM) imagery, which has significantly
different micro-scale variation than camera imagery and is not affected by lighting effects such as glare and shadowing.
Obtaining an accurate elevation map in-flight requires a space-rated range sensor such as radar or LiDAR, which is more
expensive on average than a space-rated camera. Due to this, LunaNet uses camera images and thus must accommodate
for shadows and other forms of visual noise, which introduces additional detection complexities. Like PyCDA, the work
of DeepMoon also did not focus on identifying or matching the craters it detected to known craters. Furthermore, in
order to provide measurements for the onboard navigation filter, LunaNet must be capable of running in real-time on a
space-rated processor, while both PyCDA and DeepMoon were primarily designed to be used for post-processing.

LunaNet’s architecture is based on the U-net used by DeepMoon. This is a pixel-wise classifier with a contracting
and expanding path. The training images that were input to train DeepMoon were sets of ground-truth classification
data (known craters from a crater database) and digital elevation maps (DEM) of a corresponding area on the Moon.
The elevation images that DeepMoon was trained on are elevation maps of the Moon’s surface, where a darker pixel
corresponded to a depression and a lighter pixel corresponded to a raised area, as shown in Fig.[T(a)] The ground-truth



(a) Moon digital elevation map (DEM) input used to (b) Ground-truth craters in camera field of view.
train DeepMoon.

Fig. 1 Inputimage pairs used to train DeepMoon for crater detection from DEM.

classification data were images with black backgrounds, and white rings corresponding to the pixel locations of crater
rims, as shown in Fig.[I(b)] This ground-truth crater data was obtained from a combination of two human-generated
lunar crater databases: the 5-20 km database from [11] and the >20 km database from [[12]]. DeepMoon was trained for
four epochs on 30,000 DEM images.

III. Methods

Our method, LunaNet, combines a CNN with image processing to detect craters in lunar surface imagery that is
captured by an onboard camera in real-time. The CNN architecture is based on that of [10]. The output of the neural
network is a grayscale image with brighter pixels corresponding to predicted crater rims. This output prediction is
processed to identify likely craters in the image. These craters are matched against the databases of known craters from
[L1]] and [12] in order to identify their true locations on the surface of the Moon. The detected crater centers in the
image and the known 3D locations of the craters can then be passed to a navigation filter to be used as measurements to
improve the spacecraft’s position and attitude estimates and correct for drift from the inertial sensors.

LunaNet was initialized on the weights from [[10] for classification of an elevation image, and was additionally
trained with 800 Lunar Reconnaissance Orbiter Camera (LROC) [[13H16]] intensity images for 10 epochs. Table E] shows
the hyperparameters that were used to complete the additional intensity image training. The training images were
obtained from the LROC Wide Angle Camera (WAC) Global Morphology Mosaic with resolution of 100 meters per
pixel. This mosaic is a simple cylindrical map projection comprising over 15,000 images from —90° to 90° latitude and
all longitudes. The mosaic was converted to a 16-bit GeoTiff, and rescaled to an 8-bit PNG file. The input training
images were cropped from the mosaic using similar methods to those of [10]]: randomly cropping a square area of the
mosaic, downsampling the image to 256 x 256 pixels, transforming the image to orthographic projection, and rescaling
the image to more closely match the intensity distribution of a DEM image. LunaNet was trained using the ADAM
optimizer [[17]. The sets of training images that were input to the neural network to complete the additional training
were also similar in format to those that were originally input into [10]], with the exception that they were intensity
images instead of elevation images, as shown in Fig. 2(a)]



Table 1 Parameters used to create LunaNet by training [10] with intensity images

Parameter Value
Learning Rate 104
Batch Size 8
Filter Length 3
Weight Regularization 107
Number of Filters 112
Dropout Fraction 0.15
Number of Runs 1

(a) Grayscale intensity image input to LunaNet. (b) Ground-truth craters in camera field of view.

Fig.2 Input image pairs used to train LunaNet for crater detection from intensity images.

The neural network returns grayscale images with bright pixels corresponding to crater rims predicted from the input
image, not discrete crater detections. In order to reduce computation and match crater detections to known craters, it is
necessary to obtain a list of discrete crater detections with the pixel locations of their centers and their radii in pixels.
For this reason, the prediction images are processed to obtain the discrete detected craters. Fig. [3]shows the following
processing steps that are performed on the crater predictions. The prediction masks are thresholded by intensity to
obtain predictions with higher levels of detection certainty. The predictions are then eroded to find single-pixel lines of
crater rim detections. Following this, the contours of the eroded predictions are found and these are used to eliminate
individual detections which are smaller than four pixels, since at least four points are needed to fit an ellipse. Convex
hulls are found for these contours, which enables completion of circles for partially detected crater rims. The convex
hulls are then fit with ellipses, with a maximum allowable eccentricity of 10%. The ellipses are not allowed to have
greater than 10% eccentricity because true craters are generally circular, and detections that are more eccentric than this
tend to be false detections. This process produces our final crater detections for the image: discrete, closed, circular
ellipses that represent the rims of the detected craters.

A spacecraft location estimate enables the prediction of what craters should be in the camera field of view. To
simplify the simulations for this work, the spacecraft location estimate was set equal to the true spacecraft location. In
order to test the crater matching performance, we produce a search area that is centered at the estimated spacecraft
location and is as wide as the camera field of view. This search area contains all of the known, catalogued craters for
that area, with their latitudes, longitudes, and radii. These known craters are projected into the camera pixel space,
giving each known crater a size and location in pixels, based on the location estimate.



(a) Input grayscale image. (b) Prediction mask output by neural (c) Thresholded prediction. (d) Eroded and thresholded predic-
network. tion.

(e) Contoured to find connected pre-  (f) Convex hulls of contours. (g) Fitted with ellipses to form closed (h) Final crater predictions overlaid
dictions. circular crater rim detections. on top of intensity image.

Fig. 3 Processing operations performed on neural network prediction image to obtain final discrete crater
detections output by LunaNet.

O Database Craters
Detected Craters
—  Correct Matches
— Matches Rejected by RANSAC

Fig. 4 Matching process of detected crater with database craters. Ground-truth set of craters that appear in
the crater database for this test area in blue, craters detected by LunaNet in light green. Inlier pairs marked
with dark green lines, outlier pairs marked with red lines.



(a) Grayscale intensity image input (b) Ground-truth craters in camera (c) Detected craters. (d) Matched craters.
to LunaNet. field of view.

Fig. 5 Craters that were detected by LunaNet and matched to known craters in a representative LRO image
with no noise added.

The detected craters are matched to the known craters by means of nearest neighbor matching. Each detected crater
is paired with a known crater that is closest to it in X, y pixel space, as well as in diameter in pixels. These pairs are then
processed with random sample consensus (RANSAC) [18] to eliminate outlier pairs. A pair is determined to be an
outlier if the the translation vector between the detected crater and the known crater is sufficiently different from the
translation vector of all inlier pairs, as seen in Fig. [4] This complete matching process is shown in Fig.[5] with the final
accepted matched craters shown in Fig. [5(d)}

The difference between the matched crater location and the detected crater location generates a measurement of the
error in the position estimate. This measurement can be used to improve the spacecraft position estimate by incorporating
it into the navigation system, which may include an extended Kalman filter [19]. As the spacecraft moves around the
Moon, repeated crater detections and matches can correct for the drift that is typical in inertial navigation systems.

IV. Results

The additional training that was performed on top of DeepMoon to produce LunaNet’s CNN and the additional
processing of the prediction image provided a substantial improvement to the number of craters detected in an intensity
image. DeepMoon was not trained to detect craters in an intensity image; the comparison with DeepMoon serves
to demonstrate how LunaNet expands upon DeepMoon’s capabilities. LunaNet is also compared against another
neural network-based crater detector, PyCDA [8]], and the trinary edge detector [3]], a crater detector that is based on
thresholding and edge-pairing.

Detecting more craters in an image is important because a higher number of detected features corresponds to lower
position estimate uncertainty in terrain relative navigation. Detecting features with high accuracy was also demonstrated
to be beneficial for TRN in [20]. Fig.[6]shows the crater detection performance of the four crater detectors on the same
image, an LRO image of a region near the lunar equator. These images show craters that were detected and successfully
matched to known lunar craters. The threshold levels of the trinary edge detector were tuned to optimally detect craters
in this LRO imagery. DeepMoon, PyCDA and the trinary edge detector all detect less than 50% the number of craters
that LunaNet detects.

Since LunaNet targets use as a real-time navigation system, it needs to have reliable performance regardless of
the appearance of the lunar surface in the camera image. Differences in the appearance of the lunar surface could
unknowingly occur due to differences in time of day, exposure of the camera, or albedo properties of the local lunar
surface. It is difficult to determine a priori exactly how the lunar surface will appear in a camera image, therefore it is
important to design a system that is not extremely sensitive to these image qualities that are difficult to determine with
high confidence prior to the mission. To simulate unexpected changes in the imagery, the crater detectors were tested on
LRO imagery with a variety of noise and effects. These included imagery with added Gaussian noise, which occurs due
to thermal radiation of the camera’s electronic components, imagery with shot noise, which occurs due to statistical
quantum fluctuations, and imagery with 30% boosted brightness and 30% lowered brightness, which can occur due to
variation in the tuning of the exposure adjustment algorithm [21]]. Examples of these different kinds of images can be
seen in Fig.[7] where the effects were all applied to the same LRO image.



(a) LunaNet (b) DeepMoon (c) PyCDA (d) Trinary edge

Fig.6 Craters that were detected by different crater detectors and matched to known craters in a representative
LRO image with no noise added.

(a) Clean LRO image. (b) Gaussian noise. Mean of 10, (c) Shot noise. Expected separa-
standard deviation of 15. tion on interval O to 102.

d

(d) Brightness increased by 30%. (e) Brightness decreased by 30%.

Fig.7 Comparison of LRO image with and without different kinds of noise.

In order to test the detection performance of LunaNet on imagery with different noise effects, a set of 100 test images
were generated from LRO imagery. These test images were randomly cropped from the LRO mosaic, and were centered
around the lunar equator to reduce warping effects. Gaussian noise, shot noise, and brightness shifts were applied to the
same sequence of images to produce five sets of test images that feature the same geographical area, but with and without
various kinds of noise. All four crater detectors were tested on these five sets of imagery to determine the number of
good crater detections that each detector produces on an average image. A good crater detection is defined for this
purpose as being sufficiently close in pixel space and in diameter size to a known crater such that it can be considered a
crater match. For this simulation, the sum of error in crater center and diameter had to be less than ten. This definition
of a crater match places value on detecting crater rims accurately; detected craters that do not closely match known
crater rims will not be accepted. Importance was placed on crater accuracy because high accuracy features yield good
convergence in a navigation system. Since LunaNet is intended to be used for real-time terrain relative navigation it is
important for it to identify many accurate craters, but not necessarily for it to identify all of the craters in the image.
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Fig.8 Comparison of average number of matched crater detections from different crater detectors on different
images. Detectors were tested on the same set of 100 LRO grayscale intensity images without noise added, with
Gaussian noise added, with shot noise added and with brightness shifts added.
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Fig.9 Comparison of accuracy of crater detections from different crater detectors on different images. Location
accuracy is the Euclidean distance error between the detected crater center and the known crater center in
pixels. Size accuracy is the error between the detected crater diameter and the known crater diameter in pixels.
Detectors were tested on the same set of 100 LRO grayscale intensity images without noise added.
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Fig. 10 Comparison of average length of time that it takes different crater detectors to process an input image
and output a list of detected craters. LunaNet, DeepMoon and PyCDA were tested on the same hardware and
framework. Trinary edge detector was tested on different hardware and framework. Detectors were tested on
the same set of 100 LRO grayscale intensity images without noise added.

The performance of the crater detectors on the five sets of imagery is shown in Fig.[§] LunaNet produces the
highest average number of good crater detections in all five image sets. DeepMoon’s performance in comparison to
LunaNet demonstrates that the additional CNN training and image processing of LunaNet effectively increased the crater
detection activity and decreased the sensitivity to noise. PyCDA produces less than 50% of the average number of good
detections that LunaNet does, with little sensitivity to noise effects. The trinary edge detector detects few known craters
in each each image and demonstrates high levels of sensitivity to image exposure, which would make development and
tuning a robust exposure adjustment algorithm critical for a lunar mission using the trinary edge detector. Some of the
lower numbers of good crater matches produced by DeepMoon, PyCDA and LunaNet can be attributed to the strict
requirement of detecting accurate crater rims. Examples of the four crater detectors’ performances on images with the
four different noise types are provided in the Appendix.

Fig. 0] shows information about the average accuracy error of crater detection from each of the four crater detectors.
Location accuracy is the Euclidean distance error between the detected crater center and the known crater center that it
is matched to, in pixels. Size accuracy is the error between the detected crater diameter and the known crater diameter
that it is matched to, in pixels. LunaNet has the lowest error in both location and in size, indicating that it generates the
highest accuracy crater detections of the four detectors. DeepMoon has more than four times the location and size error
of LunaNet. PyCDA has close to double the location error and more than double the size error of LunaNet. The trinary
edge detector performs similarly to PyCDA.

The time that it took each crater detector to process a lunar image and extract craters is also a relevant comparison
since this system is targeted to be used for real-time lunar navigation. Fig. [I0]shows a comparison of the average
length of time that it takes each crater detector to process an input image and output a list of detected craters. LunaNet,
DeepMoon and PyCDA were tested in Python Keras on an NVIDIA K80 GPU, while the trinary edge detector was
tested in MATLAB R2016b on a 3.1 GHz Intel Core i5 MacBook Pro. The difference in framework and hardware
makes it difficult to directly compare the computation time of the trinary edge detector with the others. These detector
implementations were also in prototype forms and had not been optimized for real-time use. The trinary edge crater
detector runs in a fraction of the amount of time as the other crater detectors. However, the trinary edge detector
was tested in MATLAB, which is generally faster than Python. It is also relatively simplistic in its design, and as



a consequence, it is not robust to changes in image qualities and detects a very low number of true craters even in
ideal conditions. DeepMoon has the same neural network architecture as LunaNet, but it processes the neural network
prediction with template matching. Template matching requires looping over all possible circle radii, contributing to its
long run-time. PyCDA is made of two neural networks instead of just one, which adds to its run-time. LunaNet has
shorter time requirements than other neural network-based crater detectors, but more than an image processing-based
crater detector.

V. Conclusions

In conclusion, LunaNet produces at least twice as many good crater detections on average as DeepMoon, the neural
network crater detector that it was based on, PyCDA, another neural network crater detector, and the trinary edge
detector, a thresholding-based crater detector. Since a higher number of features corresponds to better navigation
performance in terrain relative navigation, LunaNet appears to be a promising option for crater-based visual terrain
relative navigation. In addition, the number of good crater detections that LunaNet produces is robust to changes
in image quality due to Gaussian noise, shot noise, and brightness levels. This robustness to visual noise supports
LunaNet’s feasibility as a reliable navigation tool that does not require a high level of human input or tuning. Beyond
crater matching, the ultimate goal of this system is to refine the position estimate of a spacecraft in-orbit and during
landing. In order to test this performance, future work will include extensive simulations of a navigation filter that
incorporates crater detections throughout a lunar orbit trajectory.

Appendix

(a) LunaNet (b) DeepMoon (c) PyCDA (d) Trinary edge

Fig. 11 Craters that were detected by crater detectors and matched to known craters in a representative LRO
image with Guassian noise added.

(a) LunaNet (b) DeepMoon (c) PyCDA (d) Trinary edge

Fig. 12 Craters that were detected by crater detectors and matched to known craters in a representative LRO
image with shot noise added.
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(a) LunaNet (b) DeepMoon (c) PyCDA (d) Trinary edge

Fig. 13 Craters that were detected by crater detectors and matched to known craters in a representative LRO
image with 30% brightness increase.

Fig.

(a) LunaNet (b) DeepMoon (c) PyCDA (d) Trinary edge

14 Craters that were detected by crater detectors and matched to known craters in a representative LRO

image with 30% brightness decrease.
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