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Abstract

Automatic crater detection in planetary images is an
important task with many applications in planetary science,
spacecraft navigation, landing, and control. Typically,
crater detection algorithms consist of two main steps:
candidate crater region extraction and crater verification.
Various methods have been proposed for extracting
candidate crater regions, ranging from detecting
circular/elliptical regions to detecting highlight and
shadow regions. For crater verification, powerful feature
extraction and machine learning techniques have been
employed. While this two-step approach can be efficient
and robust, inaccuracies in the candidate crater region
extraction step can result in mislocalized crater regions
which could affect verification performance. In this paper,
we investigate the robustness of various feature extraction
methods to mislocalized crater regions. Using features
which are robust to localization errors but also choosing a
more representative training set has yielded significant
performance improvements on an extensive dataset from
the Lunar Reconnaissance Orbiter (LRO).

1. Introduction

Craters are landmarks on planetary surfaces formed by
the collisions of meteoroids. Craters contain important
information about planets. For instance, the relative
chronology of different planetary surfaces can be estimated
by crater counting [1]. Craters can also be used as
landmarks for spacecraft autonomous navigation and safe
landing [2] [3]. Current crater catalogues are manually
gathered and are usually small or specific to certain
geographical areas. The increase of image data obtained
from planetary surfaces requires more sophisticated crater
detection approaches [4] [5]. Obviously, manual analysis of
such amount of data is laborious, and automatic crater
detection can be a practical solution for this problem [1].

A typical crater detection algorithm consists of two main
steps: candidate crater region extraction and crater
verification. In the first step, candidate crater regions are
extracted using fast algorithms to reduce the load of the
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verification step. In the second step, machine learning
techniques are typically used to solve a two-class pattern
classification problem (i.e., crater vs non-crater) [6].

Automatic crater detection is a challenging problem due
to variations in illumination, crater size, and planet surface
features [1]. Another challenge comes from the fact that
candidate crater regions are typically poorly localized
which could increase the number of false positives and
negatives during verification. One way to address this issue
is by using features which are robust to localization errors.
In this paper, we have performed a comprehensive
comparison of state-of-the-art feature descriptors for crater
verification using an extensive dataset and Support Vector
Machines (SVMs) for classification. It should be
emphasized that the focus of this paper is not on the details
of feature descriptors or the classification algorithms.
However, state-of-the-art feature descriptors along with
simple crater detection/verification algorithms are used to
test the performance of various feature descriptors in
presence of localization errors.

To our knowledge, this is the first study comparing state-
of-the-art descriptors for crater verification using an
extensive dataset. The results of this study clarifies which
type of feature descriptors and training data should be used
alongside to obtain the best crater detection performance in
presence of localization errors which crater detection
algorithms suffer from. Our experimental results
demonstrate that certain descriptors are significantly more
robust than others when dealing with localization errors.
Additional performance improvements can be obtained by
augmenting the training set with mislocalized -crater
examples, generated in a systematic way from well
localized crater examples.

The rest of this paper is organized as follows: Section 2
provides a literature review of crater detection approaches.
In section 3, we briefly review the different types of
features used our comparison. In section 4, the performance
of different feature extraction techniques is discussed and
analyzed. Finally, Section 5 contains our conclusions and
directions of future work.



2. Background

Previous methods on crater detection can be classified
into two main categories: supervised and unsupervised
methods [6]. Unsupervised approaches mainly rely on
image processing and pattern recognition techniques such
as thresholding or circle and ellipse fitting [7] [8].
Supervised approaches discriminate between crater and
non-crater regions using machine learning. These methods
typically rely on a candidate region extraction step which
feeds the candidate crater regions to a verifier. Supervised
methods are usually more robust but dependent on the
quality and number of training data [6]. In the remaining of
this section, we review previous approaches for candidate
region detection. Then, we review crater detection
approaches with an emphasis on feature extraction
techniques.

A simple sliding window approach was used in [9] to
provide candidate crater regions for verification. Kim et al.
[10] extract a set of candidate regions using edge detection
and ellipse fitting. Ding et al. [11] extract candidate craters
using a Kanade-Lucas-Tomasi (KLT) based detector.
Urbach et al. [12] employed a method based on the
simultaneous detection of the highlight and shadow parts of
craters. Emami et al. [6] used convex grouping to extract
possible candidate regions.

The simplest type of feature descriptor employed for
crater detection is raw pixel intensity. Wetzler et al. [9]
studied the performance of various classification
techniques for small size crater detection. In their approach,
each classifier was trained using pixel intensities and
applied on test images using a sliding window approach. In
a related work, Palafox et al. [13] compared the
performance of SVMs and Convolutional Neural Networks
(CNN), trained on pixel intensities, for detecting craters and
volcanic rootless cones.

Ubrach et al. [12] used shape-based features to verify
crater regions. Their feature vectors consisted of Hu's seven
moments invariants as well as other variables related to the
shape and position of crater's shadow and highlight regions.

Haar-like features have been very popular for crater
detection. In [14], Martins el al. used Haar-like features
from each image block and classified candidate regions
using Adaboost [15]. In [1], Stepinski et. al. propose a
method based on Haar-like features and Adaboost to detect
sub-kilometer craters in High Resolution Stereoscopic
Camera (HRSC) images. In [3], Liu et al. used Haar-like
features with a fast classifier to extract candidate regions.
The candidate regions were then verified using SVMs and
a variant of Histogram of Oriented Gradient (HoG)
features. Jin et. al. [16] also used a modified version of
Adaboost with Haar-like features for crater detection.

3. Feature extraction and classification

We have considered two groups of features descriptors

for evaluating the performance of crater verification
assuming mislocalized crater regions. The first group
consists of more robust but slower to compute descriptors
including Haar [15], Local Binary Pattern (LBP) [18],
Local Phase Quantization (LPQ) [19], and HoG [20]
features. These features have been extensively studied in
the computer vision community for various object detection
problems. The second group consists of binary descriptors
including Binary Robust Independent Elementary Features
(BRIEF) [21], Oriented FAST and Rotated BRIEF (ORB)
[22], Binary Robust Invariant Scalable Key points (BRISK)
[23], and Fast Retina Keypoints (FREAK) [24] features.
These descriptors were originally proposed for fast feature
extraction assuming limited computational resources.

For classification, we decided to use SVMs although
any other classifier could have been used. Since our goal
was compare the robustness of different feature descriptors,
the choice of the classifier is not as critical as far as a
reasonable classifier is used. Given a set of examples from
two classes, SVMs find the hyper-plane which keeps the
largest possible portion of samples of the same class on the
same side, while maximizing the distance of either class
from the hyper-plane.

4. Experiments and results

4.1. Dataset

We used 578 planetary images in our experiments, each
having a size of 600x400, captured by the Lunar
Reconnaissance Orbiter (LRO) [25]. A random set of 428
of these images were used for training while the rest 150
images were used for testing. NASA scientists have
partially labeled craters with size between 20x20 and
200x200 in all images. To study the effect of crater
mislocalization, four training sets were generated from the
training images. For each dataset, the positive samples (i.e.,
craters) were generated by randomly changing the location
and size of the box enclosing the ground truth craters. The
negative examples (i.e., non-craters) were selected
randomly; the same negative examples were included in all
datasets. The final training sets were as follows:

o Training set 1: Positive samples have between 90%
and 100% overlap with ground truth craters.

o Training set 2: Positive samples have between 70%
and 90% overlap with ground truth craters.

o Training set 3: Positive samples have between 50%
and 70% overlap with ground truth craters.

o Training set 4. Positive samples have between 50%
and 100% overlap with ground truth craters (referred
as “mixed” in our experiments).

Each training set had 7320 positive samples, and an equal
number of negative samples. All samples were normalized
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Figure 1: Sample training examples: (a) positive sample with
50%-70% overlap with ground truth, (b) positive sample with
70%-90% overlap with ground truth, (c) positive sample with
more than 90% overlap with ground truth, (d) negative sample

to size 24x24. Figure 1 shows several training sample
examples. The same procedure was used to generate four
different test sets from the 150 test images. Each test set had
3542 positive examples and an equal number of negative
samples.

4.2. Performance evaluation measures

Recall and precision rates were used to compare the
performance of different methods as follows:

Recall = TP/(TP + FN), Precision = TP/(TP + FP) (1)

where TP, FP, and FN are the number of true positives, false
positives, false negatives respectively.

4.3. Performance comparisons on randomly
generated test sets

The goal of this experiments is to evaluate the effect of
localization errors on verification step without any
assumption about a particular candidate crater region
detection method. Clearly different candidate region
detection methods produce different amount of localization
error. While the study of candidate crater region detection
methods is out of the scope of this paper, experiments on
the four provided training sets, show how different feature
descriptors work in presence of different amounts of
localization error which can result from various candidate
crater detection methods. In the next section, it is shown
how this results can be extended to a specific candidate
crater region detection method.

Using the feature extraction methods mentioned in
section 3, several SVM classifiers were trained using the
datasets mentioned in the previous section. For comparison
purposes, we have also experimented with raw pixel
intensity values. To test the robustness of different feature
descriptors to crater localization errors, we performed
several experiments assuming different amounts of overlap
between craters in the training and test sets. For example,
one of our experiments involved training using craters with
over 90% overlap with ground truth in the training set and
craters with 50%-70% overlap with ground truth in the test
set.

Tables 1 and 2 show our experimental results using the
first and second group of feature descriptors respectively.
Several interesting observations can be made by examining
these results. First of all, each classifier performs
reasonably well when craters have been localized well both
in the training and test sets (i.e., over 90% overlap with
ground truth) with the best performance obtained using
HOG features from the first group and FREAK features
from second group. Given mislocalizations in the test sets,
the performance of all classifiers degrades but not at the
same rate for all of them. For example, LBP, Haar, and
ORB features seem to degrade more gracefully compared
to the other features. This demonstrates that certain features
are more robust to localization errors compared to others.
The best performance was obtained using ORB features
(90.93% recall rate and 95.29% precision rate) assuming
over 90% overlap with ground truth in the training set and
50%-70% overlap with ground truth in the test set.
However, this is still lower than the best performance
obtained using HOG features and well localized craters
(99.04% recall rate and 99.32% precision rate).

One way to handle localization errors is by adding
mislocalized craters in the training set. Therefore, we have
performed additional experiments assuming 70%-90% and
50%-70% overlap with ground truth in the training set.
Increasing localization error in the training set slightly
increases classification error when mislocalization in the
test set is small (i.e., over 90% overlap with ground truth);
however, we have noticed significant performance
improvements in most cases when mislocalization is also
high in the test set which is the case in practice. Assuming
50%-70% overlap with ground truth both in the training and
test sets, the best performance was achieved using HOG
features (96.6% recall rate and 97.2% precision rate) from
the first group and FREAK features (94.6% recall rate and
93.5% precision rate) from the second group. These rates
compare favorably to the rates obtained assuming no
localization error in the training set (i.e., 80% recall rate and
99.2% precision rate for HOG features and 75.5% recall
rate and 97.9% precision rate for FREAK features).

Next, we performed a more realistic experiment
assuming that some craters are well localized while others
are poorly localized. We refer to these sets as “mixed” and
contain craters with 50%-100% overlap with the ground
truth. Figure 2 shows a side by side comparison of the
different features tested in this case. The best performance
was obtained using HOG features (97.8% recall rate and
98.3% precision rate) followed by that of FREAK features
(95.6% recall rate and 95.5% precision rate). These rates
again compare favorably with the rates obtained assuming
no localization errors in the training and test sets or
localization error only in the test set.

Overall, HOG features performed the best. FREAK
features performed quite well; given their computational
advantage, they could be viable alternative to HOG features



TABLE 1. PERFORMANCE OF VARIOUS FEATURE DESCRIPTORS ON MISLOCALIZED TRAIN/TEST DATA

Train Test Data overlap
Data 50-70 70-90 90 Mixed
Overlap | Recall | Precision | Recall | Precision | Recall | Precision | Recall | Precision
Raw 50-70 | 0.7724 | 0.7341 0.8992 0.7627 | 0.9277 0.7683 0.8633 0.7552
pixels 70-90 | 0.7871 0.9123 0.9322 0.9249 | 0.9489 0.9262 | 0.8890 | 0.9215
90 0.8131 0.9584 | 0.9562 0.9644 | 0.9729 0.9650 [ 0.9130 | 0.9130
mixed | 0.8532 | 0.9149 | 0.9653 0.9241 0.9800 | 0.9251 0.9322 | 0.9216
LBP 50-70 ] 0.9034 | 0.9138 0.9433 0.9171 0.9543 0.9180 [ 0.9362 | 0.9165
70-90 | 0.8761 0.9372 | 0.9294 | 0.9406 | 0.9447 0.9415 0.9164 | 0.9398
90 0.8642 | 0.9390 | 0.9229 | 0.9426 | 0.9393 0.9436 | 0.9096 | 0.9418
mixed | 0.8848 0.933 0.9373 0.9368 0.9526 | 0.9377 | 0.9249 [ 0.9360
HOG 50-70 | 0.9661 0.9719 | 0.9966 | 0.9727 | 0.9989 0.9728 | 0.9879 | 0.9725
70-90 | 0.8823 0.9896 | 0.9890 | 0.9907 | 0.9907 0.9963 0.9568 0.9904
90 0.8058 | 0.9917 | 0.9805 0.9931 0.9904 | 0.9932 | 0.9252 | 0.9927
mixed | 0.9416 | 0.9828 0.9949 | 0.9835 0.9975 0.9836 [ 0.9783 0.9833
LPQ 50-70 | 0.9060 | 0.9736 | 0.9489 | 0.9748 | 0.9543 0.9749 | 0.9359 | 0.9744
70-90 | 0.8540 | 0.9815 0.9382 0.9831 0.9447 0.9833 0.9108 0.9826
90 0.8286 | 0.9849 | 0.9314 [ 0.9865 0.9424 1 0.9867 | 0.9003 0.9861
mixed | 0.8803 0.9805 0.9438 0.9818 | 0.9478 0.9819 | 0.9235 0.9814
HAAR | 50-70 ] 0.9859 | 0.5072 | 0.9966 [ 0.5099 | 0.9977 0.5102 | 0.9941 0.5093
70-90 | 0.1200 | 0.8551 0.1609 | 0.8879 | 0.1717 0.8941 0.1497 | 0.8804
90 0.9255 0.7899 | 0.9853 0.8001 0.9893 0.8007 | 0.9655 0.7968
mixed | 0.3235 0.8389 | 0.4545 0.8798 | 0.4752 0.8844 | 0.4230 | 0.8719

TABLE 2. PERFORMANCE OF VARIOUS BINARY FEATURE DESCRIPTORS ON MISLOCALIZED TRAIN/TEST DATA

Train Test Data overlap
Data 50-70 70-90 90 mixed
Overlap | Recall | Precision | Recall | Precision | Recall | Precision | Recall | Precision
BRIEF 50-70 | 0.8232 0.7741 0.9067 0.7906 [ 09194 | 0.7929 | 0.8864 | 0.7871
70-90 | 0.7415 0.9252 | 0.9449 | 0.9403 0.9641 0.9414 | 0.8799 | 0.9366
90 0.6505 0.9615 0.9305 0.9727 [ 0.9646 | 09737 | 0.8449 | 0.9705
mixed | 0.8047 | 0.8392 | 0.9287 0.8576 | 0.9522 | 0.8607 | 0.8918 0.8539
FREAK | 50-70 | 0.9458 0.9352 | 0.9718 0.9368 | 0.9783 0.9372 0.9636 | 0.9347
70-90 | 0.8704 | 0.9713 0.9658 0.9741 0.9788 0.9744 | 0.9390 | 0.9734
90 0.7546 | 0.9798 0.9509 | 0.9839 | 0.9715 0.9843 0.8873 0.9828
mixed | 0.9088 0.9524 | 0.9675 0.9551 0.9845 0.9559 | 0.9565 0.9546
ORB 50-70 ] 0.8111 0.7787 | 0.6557 0.7400 | 0.8433 0.7854 ] 0.7669 | 0.7689
70-90 ] 0.9266 | 0.9074 | 0.7300 | 0.8853 0.9438 0.9089 | 0.8650 | 0.9014
90 90.93 95.29 68.34 93.83 93.84 95.43 0.8401 0.9492
mixed | 0.9054 | 0.8486 | 0.7698 0.8266 | 0.9274 | 0.8517 | 0.8681 0.8431
BRISK 50-70 ] 0.3677 | 0.9307 | 0.4448 0.9420 | 0.4716 | 0.9451 0.4186 | 0.9386
70-90 | 0.7775 0.8812 | 0.9526 | 0.9009 | 0.9701 0.9025 0.8952 | 0.8952
90 0.2177 | 0.9948 0.5289 | 0.9979 | 0.6357 | 0.9982 | 0.4477 | 0.9975
mixed | 0.8099 | 0.4525 0.9130 | 0.4823 0.9291 0.4867 | 0.8884 | 0.4755

if time is an issue. Since it is difficult to ensure low
localization error in practice, including mislocalized craters
in the training set offers significant performance
improvements. In general, we have noticed performance
improvements when the localization errors in the training
and test sets are comparable. For example, using the mixed
set for training in the case of HOG features yielded a lower
recall rate (i.e., 94.2% compared to 96.6%) when the

localization error in the test set was higher (i.e., 50%-70%
overlap with ground truth).

4.4. Performance comparisons using candidate
crater region extraction

In our next set of experiments, we considered a more
realistic scenario where the test data were extracted using a
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candidate crater region detection algorithm. For this, we
randomly select 20 LRO images. All craters greater than
20x20 are manually labeled in these images. Specifically,
we implemented a simple method for extracting candidate
crater regions using highlight and shadow regions inspired
by the method proposed in [12]. It should be emphasized
that our goal was not to implement a state-of-the-art
candidate crater region detection algorithm but rather to test
our classifiers using more realistically generated data.
Specifically, our candidate crater detection algorithm works
as follows:

1. Obtain the negative image of the input.

Apply steps 2-5 on the original and negative images:

2. Apply median filter on the image.

3. Remove large background components, by subtracting

the image from the median filter smoothed image.

4. Apply image thresholding.

5. Extract connected components in the image.

6. Match regions obtained from the original image with

those obtained from the negative image.
7. Approximate matched regions by a square region.
8. Cluster candidate regions based on their overlap.

In step 6, each highlight region is compared to the
shadow regions and is matched with one of them if the
distance between the regions' centroids is less than a
threshold (relative to the regions’ sizes). The candidate
region is then defined by a box enclosing the two matched
regions. In step 7, the regions are made square by enlarging
the shorter side of the candidate region. Finally in step 8,
the candidate regions are clustered in two steps. (1) Cluster
the regions based on their overlap (2) Represent each
cluster by averaging the bounding boxes. Two candidate
regions represented by bounding boxes box!, and box2 are
clustered if their overlap defined as follows, is greater than
a fixed threshold.

Area(box1 N box2)

Area(box1 U box2)
Figure 3 shows the main steps of our two step crater
detection approach.

Table 3 provides a summary of our candidate crater
region detections. While the candidate crater detection
method can detect most of the craters (96.52% in average),
the detected crater regions are not well localized (55.92%
overlap with ground truth in average).




TABLE 3. CANDIDATE REGION DETECTION PERFORMANCE
Number of craters 230
Percent of detected true craters 96.52
Average number of detections corresposding to
each g%ound truth crater b ¢ 459 (std:3.15)
Average overlap between ground truth craters
and their corresponding candidate regions
Average number of detected candidate regions
in an image

55.92 (std:12.13)

620 (std:382)

The detected candidate regions were fed to the classifiers
for verification. All the classifiers were trained using the
mixed training set. Table 4 shows the verification
performance of the different classifiers. In terms of recall
rates, the HOG and LPQ classifiers performed the best from
the first group while the FREAK and BRIEF classifiers
performed the best from the second group. However, both
the recall and precision rates were lower than those
obtained in our previous experiments. This could be
attributed to several reasons. First, almost 3.5% of ground
truth craters were missed by our candidate crater region
detection algorithm (i.e., not passed to the verifier). Also,
the average overlap between candidate crater regions and
ground truth is about 56%. In other words, the localization
error in the test images is higher than that in the training set.
As noted in the previous section, differences in the
localization error between the training and test sets can
degrade classification performance. Most importantly, for
this experiment, the training samples were extracted
randomly while the test samples are obtained from the
candidate crater region extraction algorithm. We believe
that this is the main reason for the low precision rates
obtained in this experiment.

To test this hypothesis, a training set is obtained by
extracting candidate regions from the train images. To
increase the number and variation of training samples, the
extracted candidate region locations are also slightly moved
(the regions can slightly move, shrink or expand by small
random amounts proportional to their size). Bootstrapping
[26] is also used to improve the performance of the HOG
classifier. First, the HOG classifier was trained using the
same number of samples as before from the candidate crater
region detection method. Next, candidate crater regions
from the training images are classified and a percentage of
false positives are added to the training set. Table 5 shows
performance improvements after two iterations of
bootstrapping. Figure 4 shows the detection results for a
sample test image before and after bootstrapping. Our
candidate crater region detection is first applied on this
sample image. Candidate regions are then verified by the
HOG classifier. The figure shows how the bootstrapping
process improves the performance of the classifier in terms
of reducing the number of false positives (red boxes).

TABLE 4. CANDIDATE REGION VERIFICATION PERFORMANCE

Classifier Recall Precision
HOG 88.08 44.8
LPQ 82.12 51.6

FREAK 83.13 33.86

BRIEF 84.31 31.99
LBP 78.72 30.62

BRISK 67.05 15.51

HAAR 29.36 35.35

TABLE 5. PERFORMANCE IMPROVEMENTS USING THE HOG CLASSIFIER

AND BOOTSTRAPPING
Number of samples added Recall Precision
- 91.45% 60.00%
approximately 1400 89.59% 75.31%
approximately 800 89.59% 81.14%

Figure 4: Crater detection results obtained using the HOG
classifier before (top) and after bootstrapping (bottom). True
positives are shown in green, while red and blue boxes show false
positives and false negatives respectively. (Craters smaller than
20x%20 are not considered in the detection rates)

5. Conclusions

In this paper, we investigated the problem of crater
verification using mislocalized candidate crater regions.
Our emphasis was on testing several state-of-the-art feature
descriptors using the SVM classifier. To further improve
verification performance, we proposed including
mislocalized crater examples for training. Our experimental



results show that using HOG features while at the same time
including mislocalized crater examples in the training set
improves verification performance significantly. The
proposed approach is not limited to the problem of crater
detection and may be used to evaluate and improve the
performance of various types of feature descriptors for
other object classification problems.
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