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Mars Rover Localization based
on Feature Matching between Ground
and Orbital Imagery
Kaichang Di, Zhaoqin Liu, and Zongyu Yue

Abstract
Mars rover localization is usually realized with data from
odometers, inertial measurement units, and stereo cameras.
Location errors accumulate inevitably during any long-range
rover traverse when data from only these ground-based
sensors is employed. This paper presents a new approach to
rover localization based on feature extraction and matching
between ground (rover) and orbital imagery. This new
approach can localize the rover in orbital imagery, eliminating
the accumulated localization error and thereby improving the
localization accuracy for long range rover traverse. The
proposed approach is tested using NAVCAM images acquired by
the Spirit and Opportunity rovers at multiple positions along
with HIRISE orbital imagery covering the two landing sites.
Results show that this new approach is effective in areas
where there are outstanding rocks or outcroppings. The
accuracy of this new localization approach is better than one
pixel of the HIRISE image (which is 0.25 m).

Introduction
Rover exploration has played and will continue to play an
important role in planetary exploration. In any rover
exploration mission, highly accurate localization of the rover
is critical for both safe navigation and achievement of the
mission’s science and engineering goals (Arvidson et al., 2004;
Li et al., 2005). Mobile robot localization and navigation in
both indoor and outdoor environments on Earth have been
extensively researched. As demonstrated in the DARPA 2005
Grand Challenge and the 2007 Urban Challenge, navigation
and localization of autonomous land vehicles have achieved a
successful level of accuracy in desert and urban environments
(Buehler, 2006; Urmson et al., 2008). However, these
navigation and localization technologies may not be directly
applicable to Martian or other extraterrestrial environments
because of constraints such as the unavailability of GPS,
payload, and power limitations, and other relevant conditions.
In the Mars Pathfinder (MPF) 1997 mission, the rover
Sojourner was localized using dead reckoning and a daily
lander-image-based location update sent from Earth (Matthies
et al., 1995). Dead reckoning was performed using wheel
encoders and a solid state turn rate sensor, both of which are
subject to drift. The localization error of the dead reckoning,
which was evaluated using Rocky 3.2 rover, was about 10
percent of the traveled distance (Matthies et al., 1995). Since
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the MPF rover traveled around the lander only within an area
of about 10 m ⫻ 10 m (Golombek et al., 1999), this localization
accuracy was sufficient for the MPF mission. For longer range
rover navigation, however, new technologies need to be
developed to improve the accuracy of rover localization.
In the Mars Exploration Rover (MER) 2003 mission,
onboard visual-odometry and bundle-adjustment methods
were added to dead reckoning to localize Spirit and
Opportunity rovers. Dead reckoning and visual odometry were
performed onboard the rovers while bundle adjustment was
performed on Earth. Dead reckoning was performed using the
Surface Attitude Position and Pointing (SAPP) software based
on measurements from wheel encoders and a Litton LN-200
Inertial Measurement Unit (IMU) (Ali et al., 2005). The
azimuthal angle drift in the IMU measurements was corrected
irregularly with a sun-finding technique using panoramic
cameras (PANCAM) (Trebi-Ollennu et al., 2001). The nominal
localization accuracy of the dead reckoning was 10 percent of
the traveled distance (up to a distance of 100 m) (Ali et al.,
2005), and it may accumulate large location errors in any
long-range traverse due to wheel slippage and IMU drift.
Onboard visual odometry localizes the rover through
tracking terrain feature points in sequential images taken by
the navigation cameras (NAVCAM); thus it is able to correct
location errors caused by wheel slippage (Maimone et al.,
2004; Cheng et al., 2006). However, because it needs to take
stereo images continuously within a short time period, and
because it requires lengthy processing time (nearly three
minutes per stereo pair), the rover must move very slowly.
Therefore the visual odometry method was used mainly for
short traverses and/or critical areas (Cheng et al., 2006;
Maimone et al., 2007).
The bundle adjustment method constructs an image
network by linking PANCAM and NAVCAM images taken at
different sites and positions. Through bundle adjustment of
this image network, improved accuracy of image position
and orientation parameters, as well as improved accuracy
and consistency of ground points measured from different
rover positions can be achieved, thus attaining long-range
rover localization at a high level of accuracy. The bundle
adjustment method can be used across the entire traverse,
and because it does not need to take images continuously,
in general, it provides a higher level of accuracy than can be
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achieved with the dead-reckoning and visual-odometry
methods (Li et al., 2005; Di et al., 2008a and 2008b).
Localization errors from all three methods, which use
only ground-based sensors, inevitably increase and
accumulate with the increasing length of the rover traverse.
Since the Spirit and Opportunity rovers landed on the
Mars surface in January 2004, they have traveled 7.73 km
(odometer reading up to 02 May 2009, when Spirit stopped
traversing) and 17.23 km (odometer reading up to August
2009), respectively (MER Analyst’s Notebook: http://an.rsl.
wustl.edu/mer/ ). In the near future, Mars rovers will be
designed to travel much longer distances, i.e., up to tens to
hundreds of kilometers. Long-range traverse design and
rover localization will be a much more difficult task, and
the above-mentioned localization methods will face greater
challenges. Therefore, it is desirable to employ new sensors
and data sources and develop new localization methods to
tackle the challenges of longer range rover traverses.
In a Mars rover mission, mid- and long-term plans are
made most often based on orbital (satellite) images while
short-term plans were based on ground-based imagery
(PANCAM or NAVCAM images). In order to effectively combine
short-term planned traverses with mid- and long-term plans,
Mars rover localization requires information not only on
distance and orientation from the current position to the
previous position, but also the rover position as found in
orbital imagery. This combined information requires
integration of ground and orbital imagery. The newest
generation of Mars orbital imagery reached a resolution level
sufficiently high for this purpose with the arrival of the
HIRISE (High-Resolution Imaging Science Experiment)
imager, which has a resolution of up to 0.25 m/pixel.
Localizing a Mars rover in orbital imagery serves to reduce
any accumulated localization errors caused from using only
ground-based sensor imagery (that is, limit them to the
accuracy of the processed and used orbital imagery), thus
enhancing the security and effectiveness of rover traversing.
It also enables multi-scale comparison and correlation
analysis between orbital and ground observations, which is
very important for scientific investigation.
The viewing angles of ground and orbital imagery differ
by about 90°, and there is also a large difference between
their resolution levels. These factors make it extremely
difficult to match these two types of images. In this paper,
we propose a new approach to rover localization based on
feature extraction and matching between ground and orbital
imagery. As a basic research for rover localization, the aim
of this approach is to determine the precise location of a
rover within high-resolution orbital imagery in areas
where there are outstanding rocks or outcrops of bedrocks
(a necessity for matching orbital to ground imagery). Orbital
and ground data from the landing sites of the MER Spirit and
Opportunity rovers are used to test the feasibility of the
developed approach because they are most recent real
mission data and are publicly available.
Rocks are one of the major features found in ground-based
rover images of the Martian terrain. Large rocks can also be
identified within HIRISE imagery, making it possible to use
matched rocks to link ground-based and orbital data for rover
localization purposes. Gor et al. (2001) developed a method
for rock detection from Mars rover images that uses image
intensity information to detect small rocks while using range
information to detect large rocks. Thompson et al. (2005)
developed a rock detection method based on segmentation,
detection, and classification using texture, color, shape,
shading, and stereo data from the Zoë rover. Song and Shan
(2006 and 2008) developed a framework for automated rock
segmentation for Mars rover imagery through texture-based
image segmentation and rock-boundary refinement using an
782
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edge-flow driven active contour model. Thompson and
Castano (2007) have evaluated several rock detection
algorithms intended for autonomous planetary science
purposes. Li et al. (2007) have developed new methods for
rock extraction, rock modeling, and rock matching from
multiple rover sites to automate cross-site tie-point selection
for bundle-adjustment-based rover localization. It is important
to note that the aims of rock detection for autonomous rover
science and for rover localization are different. The aim of the
former is to detect as many rocks as possible to enable the
rover to select regions of higher geologic significance for
autonomous investigation and to prioritize the downlink of
data (Castano et al., 2005). The aim of the latter is to extract a
small number of significant rocks for subsequent matching to
reliably localize the rover (Li et al., 2007).
On the basis of this previous work, we have developed
new rock extraction and matching algorithms for the
purpose of localizing a planetary rover within highresolution orbital imagery. The preliminary effort was
designed for the case where rocky areas were traversed.
For areas with no outstanding rocks, but where significant
outcrops can be indentified, we have develop new feature
extraction and image matching algorithms based on the SIFT
technique (Lowe, 1999 and 2004).
Recently, Carle et al. (2010) developed a method that can
globally localize a rover by matching features (topographic
peaks) detected from rover-based lidar scan and orbital
elevation map. Experiments using field data from a
Mars-Moon analog site demonstrated that when a scan
contained a sufficient number of good topographic features
(e.g., mountain peaks), the global localization errors for
long-range rover traverses (e.g., 10 km and up) were of no
more than 100 m, of which most were less than 50 m and
some even as low as a few meters (Carle et al., 2010). But this
method would not work for areas with little terrain relief.
Hwangbo et al. (2009) proposed an approach to Mars
rover localization based on the integration of orbital and
ground imagery; this process includes rock extraction from
orbital and ground imagery, DEM (digital elevation model)
matching to reduce the search range for subsequent rock
matching (optional step), rock-distribution matching based
on a translation model, and rover-location determination
based on affine transformation (Hwangbo, 2010). The
approach was experimented with seven rover positions at
Spirit rover landing site where there are outstanding rocks
(Hwangbo, 2010).
The approach presented in this paper uses a “feature
extraction ⫹ distribution pattern matching” overall scheme
that is similar to the approach developed in Hwangbo et al.
(2009) and Hwangbo (2010). But the detailed methods and
techniques are different. The major difference in the “feature
extraction” step is that the new method not only extracts
rocks but also extract SIFT keypoints (which are invariant to
image translation, scaling, and rotation). This enables the
new method applicable to both rocky areas such as those in
Spirit rover landing site and outcrop areas such as those in
Opportunity rover landing site, while Hwangbo’s method is
only applicable to rocky areas. The major difference in the
“distribution pattern matching” step is that the new method
uses a similarity transformation model (translation, rotation,
and scale) with a RANSAC procedure, while Hwangbo’s
method uses a simple shift model. Thus, the new method
would be more robust than the existing one when there are
rotations and scale change between the distributions of the
features from orbit and ground, respectively. There are also
differences in rock extraction from ground and orbital
images, which will be described in the later section. In
short, the new method can be applicable to both rocky areas
and outcrop areas, but the existing method can not be
PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING
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Figure 1. A NAVCAM image mosaic of the Spirit landing site at position AVKC (sol 1348).
applicable to outcrop areas such as those in Opportunity
rover landing site. In areas where there are outstanding
rocks, the two methods would generate comparable results.
It should be noted that the research team and its
affiliated institute is not part of the MER operations, and the
developed method has not been used in MER operations as
well. The purpose of this work is to solve a basic problem
in the research field of rover localization using most recent
publicly available orbital and ground data sets.

Data
To develop and verify this new approach to Mars rover
localization, we have used NAVCAM images acquired by Spirit
and Opportunity rovers from multiple positions as well as
HIRISE orbital images that cover the two landing sites. NAVCAM
(navigation camera) is a pair of stereo cameras mounted on
the camera bar of a rover. The MER Spirit and Opportunity
NAVCAMS have a stereo baseline of 20 cm and a field of view
of 45° ⫻ 45°. Stereo NAVCAM images have been used extensively for terrain mapping and rover localization purposes
during Mars exploration (Li et al., 2005; Di et al., 2008a). In

this research, we used the epipolar-resampled stereo images
(FFL files) and the derived 3D point-cloud data (XYL files)
from NAVCAM imagery. Point-cloud data is stored with the
index of the left images of the stereo pairs; the pixel values
are ground coordinates X, Y, and Z in the local-site coordinate system. Both image and point-cloud data can be downloaded from the MER Analyst’s Notebook website
(http://an.rsl.wustl. edu/mer/mera/mera.htm), which is part of
the Geosciences Node of the Planetary Data System (PDS).
Figure 1 shows a NAVCAM left image mosaic taken by the
Spirit rover at position AVKC on sol 1348. Figure 2 shows
the NAVCAM left images of a 360-degree-panorama acquired by
the Opportunity rover NAVCAM at position 6444 on sol 639.
These figures show typical areas with rocks (Spirit site) and
outcrops (Opportunity site).
HIRISE is a pushbroom optical detector carried onboard
the Mars Reconnaissance Orbiter spacecraft (MRO). It has an
unprecedented high spatial resolution of up to 0.25 m/pixel
(McEwen et al., 2007). Two types of standard data products
are available, the Experiment Data Record (EDR) and the
Reduced Data Record (RDR). Both images can be downloaded
from the HIRISE webpage (http://hirise.lpl.arizona.edu/)

Figure 2. Left images of a 360-degree panorama acquired by the Opportunity rover NAVCAM at position
6444 (sol 639).
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Figure 3. (a) Part of a HIRISE image of the Spirit landing site with (b) an enlarged section.
or from the PDS website (http://pds.jpl.nasa.gov/). EDR data
are the raw data, while RDR data products have been radiometrically corrected, geometrically rectified, and resampled
to 0.25 m or 0.5 m/pixel. EDR data can be processed using
ISIS (Integrated Software for Imagers and Spectrometers)
software developed and released by the United States
Geological Survey. In our research, EDR data of the Spirit
rover landing site (image ID number PSP_001777_1650RED2_1,
acquired on 12 December 2006) was used for rock extraction
in order to avoid the influence of resampling in geometric
rectification. Both EDR and RDR images can be used for
SIFT feature extraction in outcrop areas. In our experiment,

data was used for the Opportunity rover landing
site (image ID number PSP_004289_1780_RED, acquired
on 26 June 2007). Figure 3 shows a section of a HIRISE
image of Spirit rover landing site with an enlarged
portion of the rectangle outlined in Figure 3a and shown
in Figure 3b; large rocks are distinguishable as black
dots. Figure 4 shows a section of a HIRISE image of the
Opportunity rover landing site. Outcrops appear as white
patches in the image.
In principle, the EDR image is subject to deformations
caused by image pointing and terrain relief and the RDR
image is subject to deformations caused by terrain relief.
RDR

Figure 4. Part of a HIRISE image of the Opportunity landing site.
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These deformations would affect the matching with rover
images. But the effects will be minimal or neglectable
provided that: (a) the emission angle is small enough, i.e.,
the image pointing is very close to nadir, or (b) the local
areas for matching HIRISE and rover image data are relatively
flat. In fact, the local areas where the rovers stopped and
acquired images are usually flat or with small slopes.
Meanwhile, the HIRISE EDR image used in this research has a
small emission angle of 4.1°; the RDR image has a larger
angle of 10.1° but has been corrected in the geometric
rectification process. Therefore, the effects of image
deformation on feature matching between HIRISE and rover
image data should be sufficiently small.

A New Approach to Mars Rover Localization
This new approach to Mars rover localization is based
on the integration of orbital and ground images through
automatic feature extraction and matching between NAVCAM
data and HIRISE imagery. A diagram of the overall approach
can be found in Figure 5. As a first preprocessing step, 3D
mapping is performed on NAVCAM stereo images taken at one
position to generate 3D point clouds, a DEM (digital elevation
model) and an orthophoto. At the same time, the HIRISE
imagery is preprocessed using histogram stretching and a
Gaussian filter to enhance the image and remove any noise
effects. In the second step, feature extraction, large rocks,
and keypoints are extracted from ground-image-derived 3D
point clouds and the orthophoto. The same points are also
extracted from the HIRISE imagery. In the third step, feature
matching is performed for rocks (rocky areas) or keypoints
(outcrop areas). A RANSAC (RANdom SAmple Consensus)like procedure (Fischler and Bolles, 1981) is applied in this
feature matching step to eliminate incorrectly matched
feature points (outliers). In the final step, the rovers are
localized within the HIRISE imagery through a similarity
transformation. The features (rocks and keypoints) extracted
from ground-image-derived 3D point clouds and the
orthophoto are represented in a local rover site frame; the
rover position is also defined in this frame. In other words,
the relative position of the features and the rover is fixed in
the local rover site frame. A site frame is defined locally
within an area to locate the rover and ground features
(Li et al., 2006). A new site frame is defined usually as the
rover moves a significant distance. The X-axis of a site frame
points to local north. The Z-axis points down in the local
normal direction. The Y-axis is defined to form a righthanded system (Di et al., 2008a). By establishing a

similarity transformation model between the local rover
site frame and the HIRISE image frame using the matched
features, the rover position can be transformed to the HIRISE
image frame. Key algorithms of the approach are given
below in more detail.
Rock Extraction and Matching for Rover Localization in Rocky Areas
The algorithm for rock extraction from ground 3D pointcloud data is based on plane fitting and above-plane point
identification:
1. Define the minimum height H (10 cm), maximum width
A (50 cm), effective range D (20 m away from NAVCAM),
and window size W (32 ⫻ 32 pixels) for rock extraction.
2. Check each pixel in the XYL file (3D point-cloud data),
ignoring those pixels whose corresponding ground
coordinates are null or whose distance to the rover is greater
than D. Otherwise turn to Step 3.
3. Fit a plane in window W with the 3D points and remove any
points higher than the fitted plane. Execute this step three
times.
4. Find the highest point in window W, and consider this point
as a rock candidate if its distance to the fitted plane is larger
than H, then proceed to Step 5. Otherwise return to Step 2
and continue to check other points.
5. Find the highest candidate point within the range A. This is
the final rock peak point.
6. Return to Step 2 to check all remaining pixels.

A rock peak point is extracted in Li et al. (2007) if (a) it
is the local maxima within a window, (b) the maximum
elevation difference within the window is greater than a
threshold, and (c) there are a sufficient number of ground
points within the window. In the above algorithm, a rock
peak point is extracted if it is the highest point relative to
the fitted plane in a local window. In a flat area, the two
methods may generate similar results, while in slope areas,
the method used in this paper may be more appropriate
than the method in Li et al. (2007).
Isolated dark pixels in orbital images are identified as
rocks. This is a similar definition as in Hwangbo (2010) but
the detailed algorithm to extract the rocks is different. These
isolated dark pixels are either dark rocks or the shadows of
large rocks. Our algorithm is to find the rock center, instead of
the whole rock body. The algorithm for rock extraction from
HIRISE imagery is based on local statistics of grayscale values.
The rock center has to be the darkest pixel (minimum
grayscale value) in a local window; it has to be dark enough;
and, the standard deviation and the grayscale range (maximum
grayscale – minimum grayscale) in the window have to be
large enough. Appling these criteria to the orbital image after
noise removal, large shadow areas and noises will not be
extracted as rocks.
The process of rock extraction from HIRISE imagery is as
follows:
1. Divide the image into smaller sections (e.g., 100 ⫻ 100
pixels), remove noise with a Gaussian filter, and stretch the
image grayscale range to [0, 1].
2. Perform a statistical calculation of the mean value a, and
standard deviation, b, within each image section.
3. Find those pixels with minimum grayscale within a 5 ⫻ 5
pixel window, ignoring all non-minimum pixels.
4. Perform statistical calculations within 5 ⫻ 5 pixel windows
centered at the minimum-grayscale pixels, obtain the
standard deviation of the images and their minimum and
maximum grayscales using the following formulae:

std_image(i,j) ⫽ std(image(i ⫺ 2:i ⫹ 2,j ⫺ 2:j ⫹ 2))
Figure 5. Diagram of the new approach to rover localization.

min_image(i,j) ⫽ min(image(i ⫺ 2:i ⫹ 2,j ⫺ 2:j ⫹ 2))
max_image(i,j) ⫽ max(image(i ⫺ 2:i ⫹ 2,j ⫺ 2:j ⫹ 2)).
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5. Check the minimum-grayscale pixels using the following
criteria:

max_image(i,j) ⫺ min_image(i,j) 7 1.35b
min_image(i,j) 6 a ⫺ b
std_image(i,j) 7 0.3b.
Only those pixels that meet all the criteria are
considered as rock candidates. Coefficient values of 1.35
and 0.3 in the above criteria are empirical values that have
been found to generate satisfactory results after a large
number of tests.
Figure 6 shows the rock extraction results from rover
data corresponding to Figure 1. Figure 7 shows the results
of rock extraction from HIRISE imagery corresponding to
Figure 3. The extracted rocks are represented by white
crosses in the two figures. As we can see, rocks in the rover

images can be identified with texture, shape, shading, etc.,
but a rock can be discerned only as a black dot in the HIRISE
imagery. Therefore, it is impossible to match individual
rocks between ground and orbital data. Instead we must
look at rock distribution patterns to determine the
correspondence between these two unique data sets. Since
the two sets of rocks are all represented in a ground
coordinate system, their relationship can be described using
a similarity transformation with translation, rotation and
scale parameters. In our research, the pattern matching
algorithm uses the RANSAC principle. RANSAC is able to
estimate parameters of a mathematical model from data
containing a significant percentage of outliers (gross errors).
Its fundamental principle is to use a small data set as an
initial guess, then enlarging it with consistent data if the
specific conditions are met (Fischler and Bolles, 1981). The
basic procedure is to arbitrarily select two rocks (minimum
number of points to determine a similarity transformation)

Figure 6. Rock extraction results from rover data corresponding to Figure 1.

Figure 7. Rock extraction results from HIRISE imagery corresponding to Figure 3, i.e., (a) part of a HIRISE
image of the Spirit landing site with (b) an enlarged section.
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from the ground-based image data and try to match them to
two rocks from the orbital imagery as a trial match. The
quality of this match is evaluated by the consensus of the
remaining rocks using a residual error. This is done in three
steps: (a) transform all the rock positions form rover data (in
a local site frame) to the orbital image coordinate frame with
the similarity transformation model determined by the two
rocks of the trial match; (b) for each transformed position,
search the closest rock from the orbital data and calculate
their distance; (c) if the distance is within a threshold
(e.g., 0.5 m), the two rocks are considered matched; and
(d) taking the distance between the matched rock as a
residual of the match, calculate a RMS residual using all the
matched rocks. Intuitively, the correct match should have a
sufficient number of matched rocks and the RMS residual
should be small enough. In our implementation, the trial
match with at least five matched rocks that has the least
residual error is considered as the best match. Since the
number of rocks extracted is not large, it is unnecessary to
employ the random selection technique as required in a
strict RANSAC; we simply use all the combinations of two
rocks in the matching process. Overall, this RANSAC-like
matching algorithm is reliable and sufficiently rapid.
Keypoint Extraction and Matching for Rover Localization in Outcrop Areas
The SIFT (Scale Invariant Feature Transform) keypoint
detector, invented by Lowe (1999 and 2004), has gained
tremendous attention and successfully been applied in many
situations over the last decade. Keypoints are defined as scalespace extrema that are invariant to image translation, scaling,
and rotation. The scale space of an image is defined as a
function of the image that is produced from the convolution of
a variable-scale Gaussian kernel. In the implementation, the
scale-space extrema are detected in the convolved images with
difference-of-Gaussian functions (Lowe, 1999). Each keypoint
is depicted by a 128-element-vector descriptor, representing
the sum of the gradient magnitudes of a 4 ⫻ 4 array (summing
16 ⫻ 16 image pixels) with eight orientation bins in each
(Lowe, 2004). Keypoints are matched using the ratio of the
distance from the closest neighbor to the distance from

the second closest according to the Euclidean distance from
the descriptor vectors (Lowe, 2004). In this approach, the SIFT
matching results are used as the initial feature match. A
follow-up keypoint distribution pattern matching is applied to
eliminate possible false matches.
For Martian surface areas where there are outcrops, SIFT
matching cannot be applied directly to rover and orbital
images even though many keypoints can be extracted from
both types of imagery. This is due to the fact that there is an
extremely large difference in perspective between ground-based
and orbital-based imagery. To solve this problem, we generate
an orthophoto from stereo rover images and then extract
keypoints from this orthophoto instead of from the original
rover imagery. The orthophoto generation process includes
stereo image matching, 3D ground point generation, DEM
interpolation, and ground-to-image projection (Li et al., 2005;
Di et al., 2008a). Figure 8 shows the results of SIFT keypoint
extraction from the generated NAVCAM orthophoto (Figure 8a
with an extent of 40 m ⫻ 40 m) and from the HIRISE imagery
(Figure 8b which is an enlarged portion of the rectangular
outline shown in Figure 4). Since the orthophoto has been
transformed from a horizontal view to an overhead view, the
extracted keypoints are comparable to those extracted from the
orbital imagery. Before SIFT feature extraction and matching,
the orthophoto is resampled to 0.1 m/pixel and a histogram
equalization is applied. These preprocessing steps make the
rover orthophoto more comparable to HIRISE imagery and
generate satisfactory matching results. In this initial matching,
we used a threshold of 0.75 for the distance ratio.
After the initial SIFT matching using the ratio of distance
from the closest neighbor to the distance of the second
closest, the majority of keypoints from the rover orthophoto
and the HIRISE imagery are matched correctly. However,
some false matches (outliers) still may exist. Therefore a
keypoint distribution pattern matching is applied using the
same RANSAC-like algorithm with similarity transformation
model as was used in the rock-pattern matching step. This
procedure effectively eliminates any matching outliers, and
the remaining matched keypoints are used to localize the
rover in the orbital image.

Figure 8. (a) SIFT keypoint extraction results from NAVCAM orthophoto, and (b) HIRISE imagery.
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Rover Localization within Orbital Imagery through Similarity
Transformation
The results of the feature (rocks or keypoints) pattern
matching are the matched feature points after elimination of
outliers. In the feature pattern matching, a similarity transformation model is simply determined by two matched
feature points. After matching, all matched feature points are
used to calculate the parameter of a similarity transformation model using the least-squares principle. This model is
then used to localize the rover on the orbital imagery by
transforming the known rover location in local rover site
coordinate frame to the orbital image coordinate frame. The
similarity transformation model is represented as:
X
a
c d⫽c
Y
b

⫺b x
c
dc d ⫹ c d
a y
d

(1)

where [X Y ]T are the coordinates of the feature points in
the HIRISE imagery, [x y]T are the coordinates of the feature
points from NAVCAM data (3D point clouds or orthophoto), and
variables a, b, c, and d are the model parameters. Thereafter,
the rover location in the HIRISE image is calculated by
inputting into Equation 1 the known rover location related
to NAVCAM data. Since the true location of the rover on the
orbital image is not known, we could not assess the rover
localization accuracy directly by comparison of the computed location with the true location. Instead, the accuracy
of this rover localization approach can be assessed indirectly
by comparing the differences of the coordinates of the
corresponding feature points from ground and orbital
imagery after rover localization. It is depicted by the RMS

errors of the residuals of the matched features, which are
byproducts of the least-squares solution of the similarity
transformation model in Equation 1.

Experimental Results
We have tested the proposed rover localization approach
using MER Spirit NAVCAM data acquired at positions AK00 (sol
692), AVEF (sol 1334), AVFU (sol 1337), AVJA (sol 1347),
AVKC (sol 1348), AVLF (sol 1348), and MER Opportunity
positions 6000 (sol 582), 6200 (sol 592), 6400 (sol 632), 6444
(sol 639), 6445 (sol 645), 69RR (sol 807), 703F (sol 821), and
9489 (sol 1713). Figure 9 shows the Spirit rover localization
result at position AVKC (sol 1348). The upper image shows
the NAVCAM image mosaic and the extracted rocks. The lower
image is a 25 m ⫻ 25 m section of the HIRISE image showing
extracted rocks. For display convenience, the HIRISE image
has been rotated 180° from north-up to north-down.
Matched rocks are connected with black straight lines. The
black triangle represents the location of the rover after
localization. Manual checks established that all of the six
matches were correct. Figure 10 shows the Opportunity
rover localization result with SIFT keypoint matching and
outlier elimination. Figure 10a is the NAVCAM orthophoto
(40 m ⫻ 40 m), and Figure 10b is a small 50 m ⫻ 60 m
section of the HIRISE image around the position of the
Opportunity rover. All solid and dashed lines are the results
of initial SIFT matching; the dashed lines are the outliers
eliminated by the RANSAC-like pattern matching algorithm,
while the solid lines represent the final matching result.
Black triangles indicate the locations of the rover in the
NAVCAM orthophoto and HIRISE image.

Figure 9. Feature matching and rover localization results from HIRISE imagery and NAVCAM images of the
Spirit landing site at position AVKC (sol 1348).
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Figure 10. Feature matching and rover localization results from (b) HIRISE imagery and (a) NAVCAM
orthophoto of the Opportunity landing site at position 6444 (sol 639).

The feature matching and rover localization results for
the Spirit and Opportunity rovers are summarized in
Tables 1 and 2, respectively. All of the results from feature
matching were verified to be correct by manual checking.
As demonstrated in Figues 9 and 10, the matched feature
points have a favorable distribution for subsequent similarity
transformation computation: they are not closely together
and not all on a common line (non-collinear). The matched
feature points at Spirit rover site are large, dark rocks (see
Figure 9); the matched feature points at Opportunity rover
site are SIFT key points that are intrinsically invariant to
image translation, scaling, and rotation (see Figure 10).
In Tables 1 and 2, the matching rate may seem low; the
initial keypoint matching rate in Table 2 is particularly low.
The major reason of the low matching rate in Spirit rover
site (Table 1) is that rocks extracted from orbital image may
not be extracted from ground image (e.g., due to occlusion)
and vice versa (e.g., because some rocks are not dark
enough). The major reasons of the low matching rate in
Opportunity rover site (Table 2) are that: (a) a large number
of keypoints extracted from rover orthophoto could not be
extracted from orbital image due to resolution decrease from
0.1m to 0.25m; and (b) we used a higher threshold for the
distance ratio to ensure the matching reliability in the initial
keypoint matching step. It should be noted that for rover
localization purpose, a small number (minimum three) of
well-distributed matched features are sufficient. In our final
matching result of both landing sites, there are always five
or more well-distributed features (rocks or keypoints), which
is sufficient for localization purposes.
The accuracy of this new Mars rover localization
approach is depicted by the RMS errors of the residuals of
PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

the matched features after similarity transformation. Results
of the accuracy evaluation can be found in Tables 1 and 2.
In these results, all the RMS errors of the tested positions
are less than one pixel of HIRISE image (0.25m), which
indicates that the new localization approach has very high
localization accuracy. With such a high level of accuracy,
the accumulated location errors caused by using only
ground-based sensors can be essentially eliminated relative
to orbital imagery. Through this rover localization process,
the rover localization error is significantly reduced and the
absolute accuracy of the rover location is limited to the
accuracy of the processed and used orbital imagery.
In Hwangbo’s dissertation (Hwangbo, 2010), seven
positions at Spirit rover landing site were tested and five to
13 rocks were matched for these positions with accuracies
from 0.18 m to 0.39 m. In general, the experimental results
of six positions at Spirit rover landing site (Table 1) are
comparable to her results: our new results have slightly less
matched rocks but slightly higher localization accuracy
(RMS error). The experimental results of eight positions at
Opportunity rover landing site (Table 2) demonstrate that
our develop method can also localize the rover in areas
where there are not outstanding rocks but some outcrops.
In terms of computational performance, it took 1 to 3
minutes for the entire localization process (from feature
extraction to feature distribution pattern matching) in a
general purpose PC (Intel® Core™2 Duo processor, 3 GHZ,
3.25GB memory). Considering that this rover localization
method is not intended to be performed onboard in real
time, the processing speed is satisfactory.
The parameters for the feature (rock and keypoint)
extraction and matching were set empirically. As described in
August 2011
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TABLE 1.
Rover
position ID
AK00
AVEF
AVFU
AVJA
AVKC
AVLF

6000
6200
6400
6444
6445
69RR
703F
9489

FOR

SPIRIT ROVER LANDING SITE

No. of final
matched rocks

RMS X
(HiRISE pixel)

RMS Y
(HiRISE pixel)

692
1334
1337
1347
1348
1348

20
14
16
8
7
7

8
5
5
6
6
6

0.68
0.23
0.28
0.43
0.93
0.22

0.92
0.25
0.22
0.72
0.97
0.73

ROVER LOCALIZATION RESULTS

FOR

OUTCROP AREAS

AT THE

OPPORTUNITY ROVER LANDING SITE

Sol

No. of keypoints in
rover orthophoto

No. of initial
matched keypoints

No. of final
matched keypoints

RMS X
(HiRISE pixel)

RMS Y
(HiRISE pixel)

580
592
632
639
645
807
821
1713

504
183
562
1303
947
206
568
533

23
14
14
20
33
13
13
13

9
8
8
14
18
10
7
7

0.23
0.70
0.28
0.59
0.50
0.69
0.70
0.24

0.23
0.84
0.52
0.71
0.60
0.89
0.29
0.46

Conclusions
In this research we proposed a new approach to Mars rover
localization achieved by the integration of ground- and
orbital-based imagery using the technique of feature matching.
Experimental results using NASA MER 2003 mission Spirit and
Opportunity rover data and HIRISE images demonstrated that
the new approach is effective in areas where rocks are
abundant (such as the Spirit landing site) and areas where
there are outcrops but almost no out-standing rocks (such as
the Opportunity landing site). This new approach is fully
automated and achieves a high accuracy of better than one
pixel of HIRISE image (which is 0.25m).
It should be noted that the developed rover localization
method is not a method to localize the rover in all cases
August 2011

AT THE

No. of extracted
rocks from rover data

previous sections, the minimum height for rock detection from
rover data was set as 10 cm; the high and low coefficient
values for standard deviation in rock detection from HIRISE
imagery were set to be 1.35 and 0.3; the distance ratio threshold for single SIFT keypoint matching were set as 0.75. In
feature distribution pattern matching, the distance threshold
for two features being considered a match was set to 0.5 m;
the minimum number of matched features for localization is
set to be five. These parameters generated satisfactory results
for all the rover position in the experiments. They should be
applicable to others rover positions in the two landing sites.
However, the empirical parameters may not be directly
applicable to other sites on Mars or the Moon. Tests and
validation are necessary when applying the localization
method to other landing sites. Meanwhile, some self-adaptive
algorithms for optimal parameter determination could be
developed in the future research.
The developed method work well at the 14 test rover
positions where there are outstanding rocks or outcrops.
At positions where are no outstanding rocks or outcrops, for
example, many positions where there are only soils or sand
dunes at Opportunity landing site, the method would not
work. Nevertheless, since rocks and outcrops are the major
features widely distributed across the Martian surface, this
new approach has great potential for application to Mars
rover localization.

790

ROCKY AREAS

Sol No.

TABLE 2.
Rover
position ID

ROVER LOCALIZATION RESULTS

(i.e., not continuously applicable along the entire traverse),
particularly in the Opportunity case, where most of the
traverse has no outstanding rocks or outcrops. Nevertheless,
it can be used in combination with the ground-sensor-based
rover localization methods such as dead reckoning, visual
odometry, and bundle adjustment. Whenever rocks and
outcrops appear in rover images and high-resolution satellite
imagery, this new rover localization approach can be
employed to significantly reduce the accumulated location
error caused by these ground-sensor-based methods.
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