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Introduction:  Craters are topographic features on 

planetary surfaces resulting from impacts of meteor-
oids. They are found on all hard-surface bodies in the 
solar system but are most abundant on bodies such as 
the Moon, Mars or Mercury where they can accumu-
late due to slow surface erosion rates. Importance of 
craters stems from their utility to provide relative 
chronology of different planetary surfaces [1, 2]; simp-
ly put, heavily cratered surfaces are relatively older 
than less cratered surfaces. Because statistics of crater 
sizes form the basis for geologic stratigraphy, crater 
counting is a routine activity in planetary science [3, 
4]. Presently, most crater surveys are done by means of 
visual inspection of images resulting in databases 
which are either spatially comprehensive but restricted 
to only the largest craters [5, 6, 7, 8], or size compre-
hensive but limited to very specific geographical loca-
tion. The size distribution of craters can be well ap-
proximated by the power-law [1]; large craters are rare 
and small craters are abundant. Counts of large craters 
must be collected from spatially extended regions in 
order to accumulate sufficient number of samples for 
accurate statistics. Thus, geologic stratigraphy based 
on manually collected databases has coarse spatial 
resolution. Finer spatial resolution of the stratigraphy 
can only be obtained from statistics of smaller craters, 
and the only viable means to obtain spatially compre-
hensive databases of smaller craters is through auto-
mating the process of crater detection. Although crater 
detection algorithms (CDAs) have been extensively 
researched (see [9, 10] for the overview), the previous 
research focused on detecting larger craters from 
coarse resolution images. Such CDAs are not expected 
to work well for detection of smaller craters from high 
resolution images. In this text we report on the devel-
opment of CDA for surveying sub-kilometers size 
craters from high resolution images. 

Methodology:  The purpose of this work is to con-
tribute toward development of a CDA especially de-
signed for surveying sub-kilometers size craters in high 
resolution planetary images. The key insight is an 
observation that discriminative features utilized to 
obtain a set of crater candidates do not have to be the 
same as discriminative features utilized to extract cra-
ters from the set of candidates. Our CDA is particular-
ly well-suited for accurate selection of craters from 
amongst the candidates using the combination of Haar-
like image texture features and a classifier [11], SVM-
Support Vector Machines in the current study. Shape 
filters are used to identify crater candidates - portions 

of an image that contain crescent highlight and shadow 
shapes indicating possible presence of craters [12], and 
then texture features are calculated for these crater 
candidates, such as in [13]. The features, collected 
from a small portion of candidates for which a label 
(crater or non-crater) is manually determined, are used 
to train the SVM classifier that is then utilized for 
classification of all other candidates into craters and 
non-craters. 

Dataset:  To test the performance of our CDA we 
used a portion of the Mars Reconnaissance Orbiter 
CTX 5.91 m/pixel image of Mars (P06_003341). The 
selected scene is centered on Nanedi Valles (4.9ºN, 
49.0ºW); it extends ~7,6 km (north-south) by ~2,2 km 
(east-west) and covers ~ 16,6 km2 of Noachian terrain. 
In this scene we have manually cataloged 5895 craters 
having diameters between 17 and 1731 meters. The 
Nanedi Valles passes through the scene introducing 
some heterogeneity of the terrain. A total of 94 craters 
and 188 non-crater candidates were selected from the 
west middle section to train the classifier. Note that the 
training set contains less than 10% of the craters in the 
scene (within the search range). Thus, our experiment 
corresponds to a likely use of the CDA, where the user 
wants to train the CDA on a small image and then use 
the CDA to find craters in the large image. 

Results:  The objective of our CDA is, so far, to 
automatically survey craters larger than 200 m (34 
pixels) but smaller than 1 km (170 pixels) in diameter. 
The lower limit stems from the minimum number of 
pixels required by the classifier to make a determina-
tion with high quality, the upper limit is arbitrary – 
crater larger than 1 km in diameter on Mars have been 
already cataloged [14]. Figure 1 shows the results of 
applying our CDA to the test scene. 

To evaluate the performance of our CDA we meas-
ured the detection percentage D = 100 x TP/(TP + FN), 
the quality percentage Q = 100 x TP/(TP + FP + FN) 
the false detection rate FD = 100 x FP/(TP + FP) and 
the branching factor B = FP/TP. Here, TP stands for 
the number of true positive detections (detected craters 
that are actual craters), FP stands for the number of 
false positive detections (detected craters that are not), 
and FN stands for the number of false negative “detec-
tions” (non-detection of real craters). D can be treated 
as a measure of crater-detection performance, Q as an 
overall measure of algorithm performance, FD as a 
measure of false-detection performance, and B as a 
measure of delineation performance. Table 1 resumes 
these results. 
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Table 1: Performance of our CDA 

 D (%) Q (%) FD (%) B 
Test site 86.30 72.03 18.67 0.23 

 
Conclusions:  Our CDA combines the efficiency 

of shape analysis in identifying crater candidates with 
precision of texture features/SVM classifier in distin-
guishing between craters and non-craters. First, the 
weakest link (from the accuracy point of view) of the 
present algorithm is the shape-based identification of 
crater candidates, since most of the missed craters were 
already not identified in that stage. The training re-
quirements are currently not oversized (less than 10% 
of the craters are utilized for training) and the perfor-
mance of the algorithm is already relatively high (D = 
86%, B = 0.23) for its utilization in research-oriented 
crater counting application, thus a larger and more 
representative training dataset must also be built. 
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Figure 1 - Craters detected by our CDA in a 7,632x2,181 m2 test 

site captured in the CTX image P06_003341, with a resolution of 
5.91 m/pixel. True detections are shown by green circles, false 
detections in red and missed craters in blue. Note that most of the 
larger craters are outside the detection size range. 
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