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Introduction: Science return is of prime importance in
planetary exploration but the communications coverage
needed to constantly command and evaluate science re-
turn through mission control operations, is very diffi-
cult to maintain for any extended period of time. Con-
sidering this, one of the main goals of CanMars 
2016[1] was to evaluate the potential for software and 
operational practices that enable extended periods of 
autonomous science evaluation and return. 
        CanMars 2016 Mars Analogue Mission: The 
CSA Mars Exploration Science Rover (MESR) was 
built by MacDonald, Dettwiler and Associates Ltd. 
(MDA). The CanMars 2016 analogue mission was a 
partnership between the CSA, and the Centre for Plane-
tary Science and Exploration (CPSX) at Western as 
part of the NSERC CREATE project “Technologies 
and Techniques for Earth and Space Exploration 
(http://create.uwo.ca).”
       For autonomous targeting, the focus of interest for 
CanMars 2016 is the TextureCam software developed 
by NASA JPL[2,4]. TextureCam is a pixel-wise classi-
fier based on a Random Forest, multiple decision tree 
machine learning algorithm[2,4]. 
        Spacecraft Autonomy: Developments in the area
of spacecraft autonomy have chiefly revolved around 
various types of machine learning algorithms[2,3,4] to 
solve various problems including edge contour, stereo 
geometry and filter cascade methods[3].
       Autonomous Exploration For Gathering In-
creased Science (AEGIS): Automated science target-
ing has been successfully implemented on both the 
MER and MSL spacecraft, via the use of the AEGIS 
software. Prior to the use of AEGIS, the procedure fol-
lowed for science targeting was as follows:

1. Images were transmitted from the rover to the 
operations team; 

2. Scientists manually analysed the images; 
3. Scientists then selected geological targets 

from the analysed data; 
4. A command sequence was generated to exe-

cute new measurements on desired targets. 
        TextureCam: Building on the AEGIS architec-
ture, TextureCam is intended as a “smart camera” that 
increases science autonomy for spacecraft, via on-
board recognition of familiar texture[4]. In this case, 
“texture” is defined in computer vision terms, as statis-
tical patterns of image pixels[2, 4]. This allows auto-
mated spacecraft targeting when known units are en-

countered (rather than waiting for human control in all 
cases).  
        Methodology - Overview: Use of TextureCam 
for scene classification comprises three steps that each 
provides the output for the next stage:

1. Training image preparation, involving im-
age filtering or colour space re-mapping

2. Training the classifier using labeled training 
images using a machine learning algorithm,

3. Classification of new image scenes, using 
the trained random forest classifier. 

        Methodology - Preliminary Considerations: 
One or more labeled images are needed to train the 
classifier. Labeling consists of painting the image with 
a colour for each geological unit (or scene component),
to be distinguished – each colour represents a class in 
the classification. Labeling need not be exhaustive but 
does need to be precise: including extraneous areas can
lead to poor results. Over-exposed pixels and shad-
owed features, can also lead to difficulties in classifica-
tion. An example is shown in Fig.1.
      Fast Motion Field Test: One of the major out-
comes is the ability to use the random forest output to 
classify scenes of similar type. The final week of Can-
Mars 2016 was designated the Fast Motion Field Test. 
The Fast Motion Field Test was a series of six individ-
ual 3-sol plans, run consecutively[6, 5]. The primary 
purpose of this period was to treat the ground-in-the-
loop commanding as the limiting resource, compensat-
ing with the various autonomous techniques and tech-
nologies available[5]. The region chosen was explored 
using a walkabout strategy, where points along the 
track could be revisited. TextureCam was well-suited 
to this situation as previously classified scenes were 
used to identify units of interest later on. Figure 2 
shows the result of the targeting of the site designated 

Fig. 1: Targeting of the site designated “Lotherus” illustrates 
problems that can be encountered when shadow is present. 
The training image contained no shadow, so when targeting 
the largest red unit (target A), TextureCam classified shadow
as the red (darkest) unit.
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Sigurd, with a, b and c showing original, training, and 
classified images, respectively. 
        Results:  Figures 2e and 2f show the results of a 
classification of the site “Sigurd”, with the target points
(A, B) visible on both the pre (Fig. 2e) and post (Fig. 
2f) classification process. In this case, targets of inter-
est for the science team were the blue and purple units. 
      Scenes leading to successful classifications:   Fi-
delity was highest in scenes where units had distinctive 
colour or texture differences. Generally the most accu-
rate classifications were on scenes that had even light-
ing with very little over-exposure or shadowed areas. 
When trained on a previous scene, TextureCam was 
most successful on scenes with distinctive large consol-
idated or semi consolidated units, again, with definite 
boundaries. Scenes consisting of unconsolidated units 
evenly mixed together sometimes led to errors in clas-
sification, along with scenes with a large amount of 
shadowed areas. This last point is illustrated by figure 
1, which shows the result of targeting the site desig-
nated “Lotherus”. Original instructions were the target-
ing of the largest blue unit and largest red unit. The 
training image contained no shadow, so TextureCam 
evaluated the largest red unit as the same as the largest 
dark unit. In this case, this led to a shadow being tar-
geted instead of the large yellow unit to the side of tar-
get B.
      Benefits of TextureCam guided autonomous target-
ing:  Autonomous targeting enabled the science and 
planning teams to use conditional branching[5] in their 
sequences to perform certain science based on the pres-
ence of a unit. This enabled science data to already be 
acquired, ready for examination at the start of the next 
sol-cycle, for example. This can have drastic knock-on 
effects for tactical planning and variety of potential sci-
ence that can be acquired.
       Targeting success rate: Generally, selecting larger 
targets resulted more targeting success. Sequence com-
mands typically stipulated hitting centroid of the re-
quired unit. For areas small in size or obscured in some
way, the TextureCam class heat map products (Fig. 2d)
were also used. In that case, the point of highest confi-
dence could also be requested to increase targeting ac-
curacy.
      Conclusion: The TextureCam application proved 
to be both accurate and flexible in classification of var-
ious lithologies during CanMars 2016. Results indi-
cated a reliable targeting accuracy, with inaccuracies 
generally explained by targeting errors, rather than sys-
tematic errors in the software itself. Implementing se-
quence commands that depended on both class assign-
ment and confidence also proved highly effective in 
precise targeting of specific rocks and outcrops. De-
spite the generally successful integration of Texture-

Cam, some targets were missed because of deficiencies
in classification. In one case a shadow was mistakenly 
targeted, for example. TextureCam proved highly use-
ful in the application of autonomous targeting.
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Fig. 2: The general process of TextureCam utilisation is de-
scribed here using the site designated “Sigurd”. a-c show the 
original, training and classified images. d shows the confi-
dence level for the purple unit. e and f show the result of tar-
geting the blue and purple units for both the visual and clas-
sified target images respectively. 
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