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ABSTRACT

Saliency based techniques inspired by biological vision
systems offer significant potential advantages over the
approaches typically adopted for analysing images gath-
ered from the planetary surface. Using saliency, the al-
gorithms deployed are significantly more computation-
ally efficient as only a subset of the image is processed in
depth, and thus they offer the potential for near real time
performance, facilitating time critical applications such
as hazard detection. Saliency based analysis techniques
have however in the main been developed with a focus
on terrestrial objects and environments, and so require
substantial modification for the relatively monochromatic
scenes found on the planetary surface. This paper de-
scribes the development and testing of a scene analy-
sis model utilising saliency based techniques which has
been optimised for the planetary surface environment.
The model has been widely tested using datasets from
multiple sources and has been implemented as a haz-
ard detection algorithm as part of the recently completed
FASTER FP7 project. The model is shown to achieve
rates of computational analysis which are more than ad-
equate for navigation purposes in the context of wheeled
planetary exploration; it incorporates equalisation tech-
niques designed to expand the limited colour space seen
in the planetary environment context; and uses inten-
sity, colour opponency, shape and orientation-based vi-
sual stimuli in a weighted matrix to generate a saliency
map; stereo disparity information is then used to locate
the salient objects in 3D space. Of note is that despite
the limited hue variation in the planetary environment,
colour is found still to be an important contributor to the
success of the model. The model weighting approach
is tuneable, enabling optimisation for a number of spe-
cific object types and classes to be achieved, which means
that the model can be utilised for many more applications
than purely hazard detection, such as improving the com-
putational speed of a feature detection / tracking model
using saliency to reduce the scale of the image data to
which point based feature detection / tracking, as used for
SLAM, is applied. Other applications include data min-
ing of planetary imagery, identifying images of interest
appropriate for further detailed study, based on parame-
ters tuned to select the desired feature set of interest.
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1. INTRODUCTION

This paper describes a novel approach to planetary rover
hazard detection, using saliency based techniques to iden-
tify objects of interest in the rover view which poten-
tially represent hazards to navigation. The model has
previously been extensively tested using PANGU gener-
ated simulation data [12] and real world data from the
Ral Space “Seeker” dataset [15], as described in [14].
This paper describes the evolution of the developed algo-
rtihm for use in a hazard detection application, deployed
to identify and localise rock hazards on the primary rover
“Bridget”, as part of the recently completed FASTER FP7
Framework Project [10].

The objective of the FASTER (Forward Acquisition of
Soil and Terrain data by Exploration Rover) project was
to facilitate higher average travel velocities whilst reduc-
ing risks arising during the traverse, from both geometric
hazards and non geometric hazards such as loose sand.
It comprised two Exploration Rovers working coopera-
tively. At the start of each traverse leg, the primary rover
generated an initial map using images stitched together
from a mast mounted stereo camera pair with pan / tilt ca-
pability. A high mobility, lightweight hybrid wheel / leg
vehicle went ahead of the primary rover, under its control,
to scout the planned path, gathering LIDAR data on geo-
metric hazards, and sinkage data from the wheel / legs to
assess terrain conditions and trafficability. LIDAR data
and data on terrain conditions was shared between the
rovers, and a revised global map constructed. In the case
of elevated risk due to the identification of poor traf-
ficability, path re-planning was conducted to avoid the
dangerous zones, thus enhancing overall mission safety.
As the primary rover moved, a second forward mounted
stereo camera dedicated to hazard detection provided a
continuous update, identifying potential hazards using
the system described in this paper, and triggering further
path re - planning cycles as required.



Figure 1. Itti Koch Niebur Saliency Model [8]

2. BACKGROUND TO SALIENCY BASED
ANALYSIS

Animals, and primates in particular, have a highly de-
veloped ability to interpret complex information in the
visual scene in real time, despite the limited speed of
the “computational hardware” available for the purpose,
when compared with that of a modern processor [8].
This process appears to function by means of selection
of a subset of the available sensory information, which
is then subjected to futher processing. This selection ap-
pears to take the form of the identification of a sub region
or regions of the scene. This “focus of attention” is identi-
fied though a rapid, bottom up initial process highlighting
saliency regions for further detailed study.

In the context of machine vision, saliency based analysis
therefore seeks to mimic this process through an initial,
rapid scan of the scene to identify and select zones of
interest for futher study. Regions are identified by de-
composing the visual input into a series of topographic
feature maps, each of which is assembled through anal-
ysis based on some particular aspect contributing to the
conspicuity of the region, such as intensity, colour bal-
ance, shape, orientation, and across scale / frequency de-
pendent features [8]. Within each feature map, different
spatial locations compete for attention so that only re-
gions which are locally distinctive can persist in the fea-
ture map. These individual maps then are combined, typ-
ically on a weighted basis, into a master binary “saliency
map”, which is used to identify locally conspicuous fea-
tures across the whole scene to be selected for futher pro-
cessing.

3. HARDWARE EQUIPMENT AND SOFTWARE
PLATFORM

Images utilised in testing the developed algorithms were
sourced from Mars Curiosity Rover images [3], RAL
Space data sets [15], PANGU simulated data [12], and
recordings of live image streams sourced from a Point
Grey Bumblebee 2 1394A interface stereo camera [2]
mounted on the ExoMars propotype rover “Bridget” [9].
The saliency analysis uses solely monocular images,
which in the case of the Bumblebee 2 were sourced from
the left hand camera. Disparity information from the
Bumblebee 2 stereo pair was used to generate the position
of detected objects in 3D space as described in Section 6.
The Bumblebee 2 is mounted so the camera axis points
forward and angled down from the horizontal by approx-
imately 22◦ so the terrain approximately 5 m in front of
the rover is in the centre of the field of view of the camera.
This distance would not normally be exceeded in a single
leg of the rover traverse and therefore this orientation of
the camera provides good data on the region about to be
traversed.

The software used was developed to integrate with that
used for the FASTER project, and utilises the well known
Robot Operating System (ROS) middleware platform [5].
Vision processing and data handling routines were writ-
ten and implemented within a C++ ROS framework mak-
ing extensive use of the open source vision processing
libraries of OpenCV [4].

4. CHOICE OF ALGORITHM

Much of the reseach work in saliency models is based on
terrestial environments, which typically exhibit a wider
range of colour components and a higher incidence of
regular geometric patterns, particularly in an indoor or
outdoor built environment, when compared with the rel-
atively low featured, unstructured, somewhat monochro-
matic visual environments typical of the planetary sur-
face. To address this question, a number of alterna-
tive algorithms were selected and evaluated using typical
planetary surface imagery of the Martian surface, or im-
ages from the Airbus Mars Yard [1] collected during the
FASTER project field trials.

4.1. Itti Koch Niebur Algorithm

This algorithm was originally proposed in 1998 and so is
perhaps the most well established. The structure of the
algorithm is shown in Figure 1.

The approach is to decompose visual input into a series of
topographic maps. Different spatial locations within each
feature map then compete for saliency, so that only loca-
tions which stand out from their surroundings can per-
sist [8]. All feature maps feed into a master saliency map



which then encodes for local conspicuity over the entire
scene. The method generates forty two feature maps in
all, which are subsequently combined into one master
saliency map, and so the computational load is necessar-
ily fairly high. A fundamental aspect of the “Itti” ap-
proach is the construction of subsets of six “across scale”
feature map sets derived using Gaussian pyramid scal-
ing. Within each subset, salient features are identified
by “centre” (fine scale) / “surround” (coarse scale) dif-
ferences. This approach exploits theories of primate vi-
sual processing which consider that visual neurons are
most sensitive in a small, centre region whereas stimuli
presented in a broader region concentric with the centre
tends to inhibit the response [8]. The processing which is
applied develops across - scale differences using several
scales to achieve multi - scale extraction of features.

This across scale difference generation is applied firstly
to an Intensity image I obtained from the red, green and
blue image channels as I = (r + g + b)/3. Then, colour
difference channels are computed based on the principle
that within their receptive field, neurons are excited by
one colour, such as red, and inhibited by their “opponent”
colour (green), whereas the converse is true in the sur-
rounding zone. Therefore colour difference channels are
computed which adopt this colour opponency principle
and compute red / green plus green / red, and blue / yel-
low plus yellow / blue double opponency channels re-
spectively. The across scale analysis described above is
then also applied to the colour difference channels to gen-
erate twelve new feature maps .

Finally, sets of orientation information generated using
a Gabor filter are produced, based on orientations of 0◦,
45◦, 90◦ and 135◦. Each of these are also analysed using
the same across scale processing to generate an additional
twenty four feature maps in total. [8]

Having generated all of these forty two (6 + 12 + 24)
individual feature maps, the next challenge is to com-
bine them into a master saliency map in a manner which
preserves the desired information whilst minimising false
positives. The approach adopted is to combine sub maps
using a weighting matrix whose coefficients are deter-
mined based in the incidence of local maxima in the in-
dividual feature maps. Local maxima in each feature
map are identified, the number of peaks and average peak
value computed, and the weighting coefficients calcu-
lated based on (1 −m)2 where m = average peak value.
This approach to weighting has the effect of promoting
maps with a small number of strong peaks whilst sup-
pressing maps with a large number of similar value peaks.

Finally, the “grey scale” result of combining the individ-
ual feature maps is thresholded to a binary saliency map
using Otsu’s thresholding method [11]. This method as-
sumes that the image contains two sets or classes of pix-
els, the foreground class and the background class. It then
computes the threshold value which minimises the com-
bined spread (the intra - class variance) of the background
and foreground classes. Computationally, this is equiva-
lent to maximising the inter - class variance σ2

B , which is

Figure 2. Itti saliency map (original image courtesy
NASA)

much easier to calculate:

σ2
B =WbWf (µb − µf )

2 (1)

where Wb,Wf are the background and foreground
weights and µb, µf the background and foreground
means.

Figure 2 shows an example binary saliency map, shown
side by side with the original image. It can be seen that re-
sults are mixed. Whilst the gap feature in the sand ridge is
clearly identified, it can also be seen that a very substan-
tial number of false positives are generated, particularly
from textures in trafficked sand.

4.2. Hou Algorithm

The second algorithm considered was that of Hou [7]. In
contrast to Itti’s algorithm, this approach is computation-
ally simpler and therefore faster and so more suited to a
real time application. It operates on grey scale images,
and adopts a different approach from Itti’s across scale
difference methodology to identify salient features.

The principle adopted in the Hou method is to mimic the
behaviour of visual systems which suppress the response
to frequently occurring features whilst remaining sensi-
tive to features that deviate from the norm [7]. This is
achieved using a method which approximates the salient
or “innovation” component of an image by removing the
statistically redundant components.

This is based on an analysis of the log spectrum of the
image. From the log spectrum L(f) is subtracted an av-
eraged spectrum A(f) to derive the “spectral residual”
R(f) and so:

R(f) = L(f)−A(f) (2)

The spectral residual, which can be thought of as the non
trivial or unexpected portion of the image, is converted
back to the spatial domain to generate a saliency map



Figure 3. Hou saliency map

using an Inverse Fourier Transform [7]. There is no re-
quirement for a weighting exercise here as no merging of
individual sub maps is required. The grey scale saliency
map generated is thresholded to a binary representation
using Otsu’s method, in the same manner as described
above [11].

Figure 3 shows results from applying the Hou algorithm,
this time using Mars Yard imagery. It can be seen that the
algorithm is successful in identifying the rocks in the field
of view, however the sand texturing in the foreground
continues to cause problems through generation of small,
false positive detections. These false positives in the main
are sized below the level which would present a signif-
icant obstacle to the rover, and therefore conceivably a
filtering process with an upper limit of detection sizes be-
low that which would present a real obstacle to the rover
might still result in a workable hazard detection system.
However it was decided to investigate whether extend-
ing the Hou approach through the inclusion of colour in-
formation might improve false positive rejection, despite
the relatively monochromatic nature of the planetary en-
vironment.

4.3. Rudinac Algorithm

This algorithm, described in [13], can be considered as
following essentially the same computationally efficient
process as the Hou algorithm, with the addition of anal-
ysis of colour opponency information. In the case of this
approach, spectral residual information is computed not
simply from intensity data but also from red - green and
blue - yellow colour difference data, giving three chan-
nels in total. These channels are defined as follows:

MI(Intensity) =
r + g + b

3
(3)

MR−G(Red−Green) =
r − g

max(r, g, b)
(4)

MB−Y (Blue− Y ellow) =
b−min(r, g)

max(r, g, b)
(5)

The three sub saliency maps generated are then combined
into a single global map.Weighting of the relative contri-
bution of the components can also be implemented, as

Figure 4. Rudinac saliency map

with the Itti algorithm.The grey scale map generated is
again thresholded using Otsu’s method [11].

Figure 4 shows an example of the output from this algo-
rithm. In comparison with the Hou algorithm, this ap-
proach is much more successful in suppressing false pos-
itives from the sand textures which retaining detection of
actual obstacles. As the primary difference between the
algorithms is the incorporation, in the Rudinac algorithm,
of colour information, it would appear that small differ-
ences between the colour of the rocks and the sand back-
ground are sufficient to push those differences above the
binarisation threshold and to push the sand texture effects
below the threshold.

5. ALGORITHM ENHANCEMENTS

Given the relative performance of the three routes tested,
an approach based on the Rudinac algorithm was selected
as the basis for further study into how the techniques
adopted could be further improved.

5.1. Histogram Equalisation

One way of maximising the impact of the limited
colourspace information available is to expand the range
of intensity data to highlight otherwise small intensity
colour differences in each of the colour channels. This
can be achieved by a process of contrast improvement
using histogram equalisation, enabling the intensities of
each of the Red, Green and Blue image channels to be
more broadly distributed on the histogram of intensity
values. Histogram equalisation generates an equalised
image using a normalised histogram with a bin for each
possible intensity value. Therefore the normalised his-
togram pn of an image f with intensity values which
range between 0 and L for n = 0, 1...L− 1 is given by:

pn =
number of pixels with intensity n

total number of pixels
(6)

The equalised image g is given by:



Figure 5. Effect of Histogram Equalisation

gi,j = floor((L− 1)

fi,j∑
n=0

pn (7)

The result of incorporating this pre - processing step to
each of the three colour channels, prior to further pro-
cessing, can be seen in Figure 5.

The left image shows the original scene from the Airbus
Mars Yard. The centre image shows the saliency map
without histogram equalisation, and the right hand image
the saliency map generated once each of the three colour
channels have been histogram equalised. Spurious ob-
jects, at the top and the far lower left of the image, can
also be seen, which derive from the Mars Yard wallpaper
background and the rover’s deployed soil sensing equip-
ment respectively. These are in a constant position by
reference to the image frame and are removed by mask-
ing the image before further processing.

It can be seen that the histogram equalisation pre - pro-
cessing step is quite successful in improving rock detec-
tion in the middle distance. Incorporation of colour based
information in the map generation can also be seen to
maintain rejection of false positives from sand texturing
despite significant lighting variations.

6. HAZARD LOCALISATION

For hazard detection as implemented in the FASTER
project, the regions identified from the saliency map were
treated as potential navigation hazards, localised in 3D
space and incorporated in the mission mapping process.

To localise the identified potential hazards in 3D space,
the following steps were undertaken:

1. Rectangular bounding boxes were generated around
each saliency map “blob”.

2. The centre of each rectangle was computed.

3. Using the disparity map generated from the Bumble-
bee 2 stereo image pair, the locations of the bound-
ing box centres were identified in 3D space, rela-

Figure 6. Disparity Map Generation

tive to the camera coordinate frame, and taken as
the centroids of the “proto - rocks ” identified.

Figure 6 shows a side by side comparison of the camera
image and the generated disparity map, here showing the
scout rover clearly in the field of view. It can be seen that
here and there there are a few grey areas which repre-
sent gaps in the disparity information. This was found to
be inevitable to some degree with a moving scene, as on
occasion the disparity algorithm cannot generate an ac-
curate disparity value.The potential consequence is that
if a blank zone falls precisely on a saliency blob centroid,
an invalid depth measure will be generated. The fact that
the value is invalid can be clearly identified however, and
the erroneous value filtered out, and so it was found that
in practice these missing data are transitory and do not
materially affect the reliability of the output.

Once the centroids of the anticipated hazards are identi-
fied, the dimensions of the rock hazards were estimated
as follows:

1. The diameter of the rocks were taken as the width of
the bounding rectangles

2. The height of the rocks were estimated using a sta-
tistical model of rock diameter / height relationships
developed by Golombek [6].

The rock hazard data was then further processed as fol-
lows:

1. The stream of rock detection data generated was
filtered to remove both very small detections, and
those both large and beyond the range of the rover
during the current traverse of some 4 - 5 m. This
is because detections of small rocks would not rep-
resent real hazards and may well be false positives.
Detections beyond the rover range in the current tra-
verse of around 4 to 5 m were also removed as again,
they do not represent current hazards.

2. Finally, the hazard location and dimension data were
output to a data fusion process which transforms the
coordinates of the rock centroids from the camera
frame to the world frame for inclusion in the global
map.



Figure 7. Tracking Detected Objects

A qualitative view of the validity of detected data was ob-
tained by visualising the detected rocks as spheres and ex-
amining their movement frame by frame. Figure 7 shows
one such frame from a video sequence designed to vali-
date the results. What is expected is that detected rocks
appear in the camera frame and move smoothly through
it, exiting once the obstacle is no longer in the field of
view. In contrast, poor performance would be indicated
by detections which appear and then disappear at high
frequency or jump discontinuously from one location to
another. In fact, the video sequences generated showed a
pattern of smooth motion, confirming that the algorithm
and computation routines appeared to be operating effec-
tively.

7. CONCLUSIONS AND FUTURE WORK

The primary purpose of investigating saliency based ap-
proaches to hazard detection in a planetary surface en-
vironment was to improve the computation speed of the
image analysis algorithm. Generation of a saliency map
as the first stage of processing enables only those parts
of the image which contain relevant information to be fo-
cussed on. The experience from these tests has shown
that the algorithm was easily able to keep up with the for-
ward progress of the rover during its traverse and thus
provided near to real time performance in the context of
the rover’s forward velocity of 3− 4cms−1.

Incorporation of colour information was shown to be ef-
fective in retaining detection of rock hazards whilst sup-
pressing texture originated false positive detection.The
value of the inclusion of colour information was shown to
be further enhanced through the use of histogram equal-
isation to enhance contrast in each of the three R, G ,
B colour channels. The overall result was found to be
quite effective at acurately identifying all rock hazards
although it was not surprisingly seen to be somewhat less

sensitive in cases where the hue and textural components
of the rocks were very similar to those of the background
sand.

With respect to future work, the benefit of futher tuning
of the algorithm, by adjusting the weighting of the fea-
ture sub maps which contribute to the final saliency map,
should be investigated. Whilst in the tests described in
this paper, a general purpose weighting was utilised, it
would be possible to modify the weightings to emphasise
or de - emphasise components, allowing a more targetted
pre - analysis of the scene. This would enable a more
general application of the algorithm, for example to iden-
tify regions of interest targetted for further analysis us-
ing point based feature identification and tracking, as in
SLAM, or for pre - analysis of image collections to iden-
tify and select images or image sections relevant for more
detailed study.
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