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We present a system that estimates the motion of a stereo head, or a single moving cam-
era, based on video input. The system operates in real time with low delay, and the motion
estimates are used for navigational purposes. The front end of the system is a feature
tracker. Point features are matched between pairs of frames and linked into image tra-
jectories at video rate. Robust estimates of the camera motion are then produced from the
feature tracks using a geometric hypothesize-and-test architecture. This generates motion
estimates from visual input alone. No prior knowledge of the scene or the motion is nec-
essary. The visual estimates can also be used in conjunction with information from other
sources, such as a global positioning system, inertia sensors, wheel encoders, etc. The
pose estimation method has been applied successfully to video from aerial, automotive,
and handheld platforms. We focus on results obtained with a stereo head mounted on an
autonomous ground vehicle. We give examples of camera trajectories estimated in real
time purely from images over previously unseen distances (600 m) and periods of time.
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1. INTRODUCTION

An important application of computer vision is to the
autonomous navigation of vehicles and robots. Effec-
tive use of video sensors for obstacle detection and
navigation has been a goal in ground vehicle robotics
for many years. Stereo vision for obstacle detection
and ego-motion estimation for platform localization
are some of the key aspects of this endeavor. Closely
related is what is known in the robotics community as
simultaneous localization and mapping (SLAM).

SLAM has most often been performed using other
sensors than regular cameras. However, relatively re-
cent performance improvements in both sensors and
computing hardware have made real-time vision pro-
cessing much more practical and, as computer vision
algorithms mature, we expect to see more of visually
based navigation systems. Such real-time applica-
tions as stereo analysis for detection of obstructions
and curb or lane marker tracking for on-road control
have become tractable to implement within standard
personal computer-based systems. However, more
general visual estimation functions remain difficult to
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achieve within the speed and latency constraints re-
quired for in-the-loop vehicle control functions.

When obstacle detection and mapping are per-
formed using visual input, such as, for example, ste-
reo data, it becomes even more natural to use the vi-
sual input also to estimate the motion of the platform,
so-called visual odometry (Corke, Strelow & Singh,
2004; Helmick, Cheng, Clouse & Matthies, 2004; Mc-
Carthy & Barnes, 2003; Srinivasan, Zhang, Altwein &
Tautz, 2000). In this paper, we describe a real-time
method for deriving vehicle motion from monocular
and stereo video sequences. All of the processing runs
at video rates on a 1 GHz Pentium III class machine.

Work on estimating robot motion with stereo
cameras goes back at least to Moravec’s work at Stan-
ford in the 1970s (Moravec, 1980). Good results on
short indoor sequences were obtained at CMU and
Stanford in the 1980s (Matthies & Shafer, 1987; Krieg-
man, Triendl & Binford, 1989). Similar work has also
been going on in parallel in France (Zhang, Faugeras
& Ayache, 1988; Lacroix, Mallet, Chatila & Gallo,
1999; Mallet, Lacroix & Gallo, 2000; Jung & Lacroix,
2005). Stereo visual odometry has also been used on
Mars since early 2004 (Maimone, Johnson, Willson &
Matthies, 2004).

Some of the components of our system have been
given in detail by Nistér (2003a,b) and we will not re-
produce those here. Our system performs robust
camera motion estimation based on feature tracks
and is, in that respect, a development in the direction
taken, e.g., by authors (Nistér, 2000; Fitzgibbon & Zis-
serman, 1998; Pollefeys, Verbiest & Van Gool, 2002)
and the commercial software Boujou (Boujou, 2005).
However, it operates in real time and in a calibrated
framework and is in that sense more closely related to
Davison, 2003; Chiuso, Favaro, Jin & Soatto, 2000; and
Jin, Favaro & Soatto, 2000.

Our system is capable of estimating motion from
both monocular and stereo video, see Figure 1. We
obtain our most reliable, accurate, and conveniently
applicable results when using the system in the stereo
setting. There are two major reasons for this. The first
is that even with perfect estimates, the stereo setting
essentially gives more information, because the over-
all scale of the motion is immediately and instanta-
neously known based on the baseline of the stereo
head. This makes it easier to integrate the visual
odometry with information from other sources, and
also to preserve the correct scale of motion past po-
tential breakdowns in the motion estimation. The sec-
ond reason is that the case of slow or no motion can

Figure 1. Left: Results with a single camera mounted ob-
liquely on an aerial platform. The aeroplane flies at a low
altitude and turns to make another sweep. The visual
odometry shown was estimated in real time with low de-
lay. The result is based solely on visual input, and no prior
knowledge of the scene or the motion is used. A textured
triangulation in the frustum of the most recent camera po-
sition is also shown. Right: Results from a stereo pair
mounted on a ground vehicle. The vehicle path is over
600 m long and includes three tight loops.

be dealt with easily and without special handling,
while for monocular estimation this is a major diffi-
culty. We focus on ground truth evaluation of the ste-
reo results against a differential global positioning
system (GPS) and obtain good results in real time for
distances over 300 meters purely based on video.

A related system is discussed by Olson, Matthies,
Schoppers & Maimone (2003). They perform exten-
sive synthetic simulations and show that an absolute
orientation sensor has to be incorporated to reduce
the error growth in position to a linear function of the
distance traveled. They report on results with real
data from a rover traversing 20 m. Their system is
similar to ours in that it uses stereo and matches im-
age features within stereo pairs and between succes-
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sive stereo pairs. However, there are important dif-
ferences. They use a Forstner interest operator in the
left image and match from left to right using a pyra-
mid, while we use Harris corner detection in all im-
ages and track feature to feature only. They also use
approximate prior knowledge of the robot motion
from robot odometry to guide the search for features
over time, while we operate using imagery alone, es-
sentially using the same matching procedure across
time as within the stereo pair. They estimate three-
dimensional (3D) locations of landmark points from
consecutive stereo pairs and estimate the motion of
the stereo head by requiring alignment of the 3D
points using a spatial Gaussian error model. They it-
eratively reject the landmark that appears to have
moved the most. We use an image-based error model
and perform full robust estimation in real time.

The rest of the paper is organized as follows. Sec-
tions 2 and 3 present feature detection and matching,
respectively. Section 4 discusses the robust estimation
with one and two cameras. Section 5 gives results and
Section 6 concludes.

2. FEATURE DETECTION

In each frame, we detect Harris corners (Harris &
Stephens, 1988). This type of point feature has been
found to give detections that are relatively stable un-
der small to moderate image distortions (Schmid,
Mohr & Bauckhage, 2000). Since we are using video
input, we can rely on distortions between consecutive
frames to be fairly small.

The exact implementation is described below, but
first we give some introduction. Harris corner points
essentially represent textureness maxima, where tex-
tureness is measured using the shape of the autocor-
relation function around a point. The autocorrelation
function is defined by comparing the pixel values in
a slightly shifted window to the pixel values of the
original centered window. Let I(x,y) be the image
function evaluated at the image point (x,y). Then the
autocorrelation with shift (u,v) around point (x,y) is

alu,v,x,y) = E E w(a,b)(I(x+u+a,y+v+b)
a b

—I(x +a,y +b))?, (1)
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where w(a,b) denotes a weighting function that pro-
vides a window (typically Gaussian) around the ori-
gin. The Harris corner strength s(x,y) is defined
based on the Hessian G,(x,y) of the autocorrelation
function « with respect to u,v, at u=v=0, or more
precisely

Fa Pa
Judu Judv

G (x,y) = 20 Fa (u=0,0=0). (2)
g v

The shape of the autocorrelation function can be ana-
lyzed based on the image derivatives I, and I, since
careful expansion yields

Gu(x,y) = 2> % w(a,b)

Iﬁ(x +a,y+Db) Iny(x +a,y+Db) 3)
LI,(x +a,y +b) I;(x+a,y+b) '
The corner strength is defined as
s(x,y) = d(G(x,y)) — kt(G ,(x,))? (4)

where d stands for determinant, t stands for trace,
and k is a constant (set below). Corners are declared
at local maxima of s(x,y) with respect to x and y.

There are many details, such as the exact choice
of filter taps, thresholding, or order of computation
and storage, that will affect the result quality, the
cache performance and the processing time. We will
therefore describe our implementation in detail.
Cache performance is often hard to predict and we
tried many different implementations before settling
on this one.

The incoming image is represented with eight
bits per pixel. We first compute the strength s of the
corner response. For every output line of corner re-
sponse, temporary filter outputs are needed for a cer-
tain number of lines above and below the current out-
put line. All filter outputs are computed only once,
and stored in wrap-around buffers for optimal cache
performance. The wrap-around buffers represent the
temporary filter outputs in a rolling window. The
rolling window contains the minimal number of lines
necessary in order to avoid recomputing any filter
outputs. Let I, and I, denote the horizontal and ver-
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tical derivatives of the image. The wrap-around buff-
ers and the resulting corner response are updated line
by line, using four sweeps per line. The first sweep
updates wrap-around buffers for I.I,,I,I,,I,I,. These
buffers are five lines long and the typical sweep up-
dates one line, positioned two lines ahead of the cur-
rent output line of corner response. The derivatives I,
and [, are computed by horizontal and vertical filters
of the type [-1 0 1] and shifted down one bit before
the multiplications to keep the input down to 8 bits
and output down to 16 bits. The second sweep con-
volves all five lines in the wrap-around buffers ver-
tically with the binomial filter [1 4 6 4 1] to produce
the three single lines g, $.,,8,, of 32-bit filter output.
This is accomplished by shifts and additions to avoid
expensive multiplications. The third sweep con-
volves horizontally with the same binomial filter to
produce the 32-bit single lines G,,G,,,G,,, stored
back in the same place, but shifted two pixels. The
fourth sweep computes the determinant d=GxxGyz
-G, Gy, trace t=G,,+Gy, and the strength s=d -kt
of the corner response, where k=0.06, all in floating
point.

The filter sweeps are implemented in MMX in
chunks of 128 pixels and interleaved manually to
avoid stalls and make optimal use of both pipelines.
For details on the rules of thumb for MMX coding, see
Intel Corp. (1997).

After the corner response is computed, nonmax
suppression is used to define the actual feature
points. A feature point is declared at each pixel where
the response is stronger than at all other pixels in a
5 X5 neighborhood. No subpixel precision detection
is used. For this computation step, it turns out that the
lazy evaluation of AND statements in C makes plain
C code faster than any attempts to use MMX for the
nonmax suppression. The reason is that on average,
a larger suppressing value is found long before the
whole 5 X5 neighborhood is exhausted.

In contrast to popular practice, we do not use any
absolute or global thresholds on the strength of the
corner response. We only use a local saturation that
limits the number of detected features in a local re-
gion of the image. This saturation only sets in when
the feature density becomes extremely excessive and
threatens to hurt the processing time significantly. We
typically allow up to 5000 feature points distributed
in 10 by 10 buckets of the image, i.e., 100 features in
each bucket. The survivor features in each bucket are
found with the quickselect algorithm (Press, Teukol-

Figure 2. Input frame (left) and feature tracker output
(right). Circles represent current feature locations and
curves are feature tracks through the image.

sky, Vetterling & Flannery, 1988) based on the
strength of the corner response. Note however that
the amount of allowed features is very generous. In
fact, for low-resolution images, the limit cannot even
be reached, since a lower density is already enforced
by the nonmax suppression. The processing sweeps
are detailed as pseudo-code in the Appendix. Ex-
ample results are shown in Figure 2.

3. FEATURE MATCHING

The features points are matched between pairs of
frames. In contrast to the KLT tracker (Shi & Tomasi,
1994), we detect features in all frames and only allow
matches between features. No subpixel refinement of
the matches is used. A feature in one image is
matched to every feature within a fixed distance from
it in the next image. That is, we match all features that
are within a certain disparity limit from each other.
We typically use a disparity limit that is 10% of the
image size, but depending on the speed requirements
and the smoothness of the input, we sometimes use
as low as 3% and as high as 30% of the image size.
Normalized correlation over an 11X 11 window is
used to evaluate the potential matches. For speed
considerations, uniform weighting is used across the
whole window. The key to achieving fast matching is
to minimize the amount of computation spent on
each potential matching feature pair. In comparison,
computation spent on features separately in each im-
age is negligible, since such computation is done only
once per feature point, while every feature point is in-
volved in a large number of potential matches. Since
we only allow feature-to-feature matches, we can pre-
process the image patches separately. Each 11X 11
patch centered on a detected feature is copied from
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the image and laid out consecutively in memory as an
n=121-byte vector (in fact, we pad to 128 bytes for
convenience). At the same time, the values

A=D1, (5)
B=2> 1, (6)

1
=B A @)

are precomputed for each patch. For each potential
match, all we have to do is compute the scalar
product

D= 1L, (8)

between the two patches. The normalized correlation
is then

(nD = A1A,)C,C,. 9)

The scalar product between two 128-byte vectors is
computed very efficiently with MMX instructions. In
fact, the multiplications can be carried out just as fast
as the values can be fetched from and stored back into
memory. This brings us to an interesting point. It is a
common belief that the sum of absolute differences is
more efficient than normalized correlation, which is
of course true in some circumstances or when consid-
ering the amount of chip surface spent in dedicated
hardware, but this is not true in our setting. Changing
the multiplications to subtractions would achieve
nothing, since memory speed is the bottleneck.

To decide which matches to accept, we use an old
but powerful trick, namely mutual consistency check.
Every feature is involved in a number of normalized
correlations with features from the other image, de-
cided by the maximum disparity limit. The feature
from the other image that produces the highest nor-
malized correlation is the preferred mate. The feature
from the other image also in its turn has a preferred
mate. Only pairs of features that “want to get mar-
ried,” i.e., mutually has each other as the preferred
mate, are accepted as a valid match. Note that with
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good bookkeeping, the mutual consistency check can
be accomplished without computing the correlations
more than once.

We use the accepted matches both in stereo and
in video to produce tracks. For tracking, we simply
link the accepted matches between pairs of frames
into tracks over time. Thus, we do not really distin-
guish between matching and tracking.

As with any method that links matches or tracks
incrementally with some fixed time steps, the number
of features tracked from the first frame to frame # falls
off and the tracks have to be replenished by others.
The average length of the feature tracks is data de-
pendent. Data that afford long tracks are of course
beneficial for the visual odometry estimates.

4. ROBUST ESTIMATION

The feature tracking operates without any geometric
constraints. The resulting tracks are then fed forward
to geometry estimation. For the geometry estimation
part of the system, we have several incarnations. One
is using monocular video as input and another one
uses stereo. We also have versions that perform mo-
saicing with much the same methodology.

4.1. The Monocular Scheme

The monocular version operates as follows.

1. Track features over a certain number of
frames. Estimate the relative poses between
three of the frames using the five-point algo-
rithm (Nistér, 2003a) and preemptive
RANSAC (Nistér, 2003b; Fischler & Bolles,
1981; Hartley & Zisserman, 2000) followed by
iterative refinement.

2. Triangulate the observed feature tracks into
3D points using the first and last observation
on each track and optimal triangulation ac-
cording to directional error. This can be
achieved in closed form (Oliensis & Geng,
1999). If this is not the first time through the
loop, estimate the scale factor between the
present reconstruction and the previous cam-
era trajectory with another pre-emptive
RANSAC procedure. Put the present recon-
struction in the coordinate system of the pre-
vious one.
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3. Track for a certain additional number of
frames. Compute the pose of the camera with
respect to the known 3D points using the
three-point algorithm (Haralick, Lee, Otten-
berg & Nolle, 2004) and preemptive
RANSAC followed by iterative refinement.

4. Retriangulate the 3D points using the first
and last observations on their image track.
Repeat from Step 3 a certain number of times.

5. Repeat from Step 1 a certain number of times.

6. Insert a firewall and repeat from Step 1.

The meaning of “firewall” in this context is the fol-
lowing. From the system point of view, error accumu-
lation and propagation is a serious concern. For ex-
ample, if the pose is incorrectly estimated, this will
lead to incorrectly positioned 3D points, which will in
turn hurt subsequent pose estimates and the system
will never recover. However, the above scheme opens
up the possibility of building a firewall against error
propagation by simply prescribing that triangulation
of 3D points is never performed using observations
beyond the most recent firewall. That is, for purposes
of triangulation, the frame after the most recent fire-
wall is considered the first frame. Our system then
gets the desirable property that after a firewall, the
relative poses will be estimated exactly as if the sys-
tem was started afresh. The state of the system before
the firewall can only affect the choice of coordinate
system for subsequent poses, nothing else. The fire-
wall helps protect against propagation of gross er-
rors. Perhaps more surprisingly, we have also found
that it protects against slow error buildup that is not
fully suppressed by the iterative refinements. Clearly,
slow error buildup cannot be completely removed
without reconnecting to landmarks or performing
other absolute measurements. However, we have em-
pirically found that slow error buildup can snowball
into fast error buildup, eventually causing sudden
gross errors. The firewall keeps this behavior in
check, leaving only a low steady frame-to-frame error
accumulation.

Note that as discussed by Olson ef al. (2003), er-
ror buildup in absolute position is necessarily super-
linear unless an absolute orientation sensor is incor-
porated, due to rotation errors eventually turning
into translation errors. However, the effects dis-
cussed above are present even in the relative motion
estimates.

Our current real-time scheme is simplistic in the
way it chooses which frames to use for relative ori-
entation. We also have a version that uses model
selection to choose the frames in the same spirit as
Nistér (2000). This has given promising results in
offline simulations. However, it has not yet proved
fast enough to improve upon the real-time results.
One of the advantages of using a stereo head is that
these choices are largely avoided.

4.2. The Stereo Scheme

When a stereo rig is available, we can avoid the dif-
ficult relative orientation step and instead perform
triangulation followed by pose repeatedly. More-
over, the relative poses can be estimated in a known
scale, since we know the size of the stereo baseline.
This makes the estimates more useful and manage-
able. The stereo version of the system operates as
follows.

1. Match feature points between the left and
right images of the stereo pair. Triangulate
the observed matches into 3D points.

2. Track features for a certain number of frames.
Compute the pose of the stereo rig with pre-
emptive RANSAC followed by iterative re-
finement. The three-point algorithm (consid-
ering the left image) is used as the hypothesis
generator. The scoring and iterative refine-
ment are based on reprojection errors in both
frames of the stereo pair.

Repeat from Step 2 a certain number of times.

4. Triangulate all new feature matches using the
observations in the left and right images. Re-
peat from Step 2 a certain number of times.

5. Retriangulate all 3D points to set up a fire-
wall. Repeat from Step 2.

i

The reader might wonder why an absolute ori-
entation between 3D points is not used in Step 2,
since 3D points can be obtained with the stereo rig at
each time instance. We have also tried such a scheme
and found it to be greatly inferior. The reason is the
way ambiguity impacts the estimates. The triangula-
tions are much more uncertain in the depth direc-
tion. When the same points are triangulated in two
different stereo frames, there are therefore large dis-
crepancies along the depth direction. For alignment
between small sets of 3D points, this has a devastat-
ing effect on the results. For purposes of obtaining a
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Figure 3. Camera path output from the stereo scheme
in 3D.

cost function that indicates the correct motion, this
problem can be avoided with larger sets of points. In
fact, it was shown in the 1980s that incorporating a
3D Gaussian error model in the objective function
resolves the problem (Matthies & Shafer, 1987;
Kriegman et al., 1989). However, it is not clear how
to handle this efficiently in the hypothesis genera-
tion step of RANSAC and thereby achieve the ro-
bustness against outliers that RANSAC provides.
Instead, we use the three-point algorithm for
single camera pose. It is less affected by uncertainty
in depth of the 3D points. The reason is that it is
based on image quantities and that the new camera
pose is not very far from the pose from where the 3D
point was originally triangulated (see Figure 3). The
uncertainty in depth is caused essentially by the fact
that moving the 3D point in the depth direction does
not cause much change in the reprojected image po-
sition. Turning this around, it means that changes in
depth do not change the pose estimates much. In a
nutshell, if we stick to using image-based quantities,
the uncertainty effects “cancel” to a large extent.
However, for the benefit of using image based
quantities, we pay the penalty of using only one of
the images in the hypothesis generation. To mitigate
the effect of this, it is important to score and opti-
mize using both images. We have tested the scheme
without this improvement. The triangulation is then
carried out using both views, balancing the reprojec-
tion errors between the two, but the pose is only
based on one view. Any imperfections in the geom-
etry, such as small calibration errors, will bias the
triangulated positions of the 3D points. A pose esti-
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mate that only considers one view will then accomo-
date for some of the bias by “forgetting” about the
requirements from the other view. When the 3D
points are then retriangulated, they are again biased.
This leads to a constant drift or torsion that increases
with the frequency of retriangulation. This problem
is very much alleviated by scoring and optimizing
based on both views simultaneously. At least, the
pose estimate will not drift when the rig is motion-
less. Since the balanced reprojection error is essen-
tially the same score that was used in triangulation
to place the 3D points at the best possible location
relative to the stereo rig, the position estimates for
the stereo rig will have no reason to move based on
that score.

Also, to make the hypothesis generation more
symmetric between the images, we have developed
a generalized version of the three-point pose algo-
rithm that can use nonconcurrent rays (Nistér,
2004b). With this generalization, it will be possible to
pick the minimal sets randomly with points from
both images.

The choices between triangulation and retrian-
gulation in the above scheme were made to accom-
modate certain trade-offs. We wish to retriangulate
all features quite frequently to put up firewalls
against error propagation. We also wish to triangu-
late new features as they begin to track to avoid run-
ning out of 3D points. On the other hand, in order to
suppress drift to the largest extent possible, we wish
to use 3D points that were triangulated as far back in
time as possible.

A significant advantage of the stereo scheme is
that it can operate correctly even without any cam-
era motion (see Figure 4). This is also an indication
of its greater stability, since many of the difficulties
in monocular ego-motion estimation are caused by
small motions.

4.3. Pre-emptive RANSAC and Scoring

For all the camera motion estimation, we use pre-
eemptive RANSAC as presented in Nistér (2003b).
Multiple (typically 500) minimal random samples of
feature correspondences are taken. Each sample con-
tains the smallest number of feature correspon-
dences necessary to obtain a unique solution for the
camera motion. All motion hypotheses thus gener-
ated then compete in a pre-emptive scoring scheme
that is designed to quickly find a motion hypothesis
that enjoys a large support among all the feature cor-
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Figure 4. A picture of the autonomous ground vehicle.
Note the two stereo heads mounted in the front. For this
platform, a specifically tailored version of the camera mo-
tion estimation system is used. The available stereo input
is leveraged to obtain even more stable visual odometry.
The feature tracking front end is essentially the same, but
the known stereo geometry is used in the robust motion
estimation. The somewhat more difficult relative orienta-
tion step used in the single camera case can thus be
avoided. The system then essentially performs triangula-
tion of scene points followed by estimation of pose from
the structure that was previously determined. A significant
advantage is that in this mode, the system can perform
well despite little or even no camera motion.

respondences. All estimations are finished off with
an iterative refinement with the support as objective
function. Support is measured by a robust reprojec-
tion error. We assume Cauchy distribution for the
reprojection errors and ignore constant factors of the
likelihood whenever possible. This means that if the
scaled squared magnitude of a reprojection error is
u, it contributes a term -In(l1+u) to the log-
likelihood. Most robustification kernels require ex-

Table I.

head-mounted

Figure 5. Various platforms used to test the visual odom-
etry system. In particular, we have performed extensive
quantitative testing against ground truth in an autono-
mous ground vehicle setting (PerceptOR).

pensive transcendental functions like in this case,
the logarithm. Cauchy distribution has the advan-
tage that we can use the following trick to prevent
the logarithm from becoming a major bottleneck.
The reprojection errors are taken in groups of ten
and the robust log-likelihood for each group is com-
puted as

10

~In [T (1 +u). (10)

i=1

Larger groups should be avoided to ensure that the
calculation stays within the floating point range.

Approximate average timings per 720 X 240 frame of video for the monocular system components on a modest

550 MHz machine. Disparity range for the matching is given in percent of the image dimensions. The average timings for
the stereo version are very similar, the reason being that both systems are most of the SaM processing time performing
RANSAC estimations of the pose with respect to known 3D points.

Matching with disparity range

Feature detection 3%

5% 10% SaM

30 ms 34 ms

45 ms 160 ms 50 ms

Journal of Field Robotics DOI 10.1002/rob
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Metric accuracy of visual odometry position estimates. The number of frames processed is given in Column 2.

Total vehicle path lengths estimated by DGPS and visual odometry are given in Columns 3 and 4 with relative error in

distance given in Column 4.

Run Frames DGPS (m) VisOdo (m) % error
Loops 1602 185.88 183.90 1.07
Meadow 2263 266.16 269.77 1.36
Woods 2944 365.96 372.02 1.63

The reprojection errors for single poses and the
stereo rig are straightforward to compute since we
have the 3D points. For scoring the three-view rela-
tive pose estimates, we use a trifocal Sampson error,
which is significantly faster than the previous state
of the art (Torr & Zisserman, 1997). The closed-form
trifocal Sampson error is described in Nistér (2004a).
The iterative refinement for three views is however
carried out with a complete, hand-optimized bundle
adjustment, since full bundle adjustment turns out
to be faster than any attempts to eliminate the struc-
ture parameters.

5. RESULTS

We have tested the visual odometry system on video
from various platforms, see Figure 5 for some
examples.

In particular, we have performed extensive quan-
titative testing against ground truth in an autono-
mous ground vehicle setting. The visual odometry
system was integrated into a mobile robotic platform
equipped with a differential GPS (DGPS), as well as
a high precision Inertial Navigation System (INS).
DGPS functioning in RT-2 mode in principle allows
collection of position data with up to 2 cm relative ac-
curacy when stationary. Under motion, the perfor-
mance can be quite a bit worse (e.g., 0.5 m), but suf-
ficient for our evaluation. We compare the visual
odometry output to the integrated INS/DGPS navi-
gation system, which we treat as ground truth. We
show that the visual odometry pose estimates are ac-
curate and reliable under a variety of maneuvers in
realistic ground vehicle scenarios. We also demon-
strate the usefulness of visual odometry for map
building and obstacle avoidance.

No a priori knowledge of the motion was used to
produce the visual odometry. A completely general
3D trajectory was estimated in all our experiments. In
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particular, we did not explicitly force the trajectory to
stay upright or within a certain height of the ground
plane.

5.1. System Configuration

The vehicle was equipped with a pair of synchro-
nized analog cameras, see Figure 4. Each camera had
a horizontal field of view of 50°, and image fields of
720X 240 resolution were used for processing (see
Table I). The stereo pair was tilted toward the side of
the vehicle by about 10° and had a baseline of 28 cm
(see Figure 4). Due to a variety of other tasks run-
ning concurrently on the system, the visual odom-
etry’s frame processing rate was limited to around
13 Hz.

Loops
E
301 30|
25 [/ j
20| ] 20|
= | -
2515
10 / 10
5.
0| o)
0 10 20 0 0 20
East East m
m

Figure 6. Vehicle positions estimated with visual odom-
etry (left) and DGPS (right). These plots show that the
vehicle path is accurately recovered by visual odometry
during tight cornering as well as extended operation. In
this example, the vehicle completes three tight laps of di-
ameter about 20 m (traveling 184 m total) and returns to
the same location. The error in distance between the end-
points of the trip is only 4.1 m.
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Figure 7. Visual odometry vehicle position (light line) su-
perimposed on DGPS output (dark line). No a priori
knowledge of the motion was used to produce the visual
odometry. A completely general 3D trajectory was esti-
mated in all our experiments. In particular, we did not
explicitly force the trajectory to stay upright or within a
certain height of the ground plane.

During each run of the vehicle we collected time
stamped pose data from visual odometry and the
vehicle navigation system (VNS), which includes
GPS and INS. To obtain quantitative comparisons,
the coordinate systems of the visual odometry and
the VNS were aligned by a least-squares fit of the
initial 20 poses. In the absence of VNS, visual odom-
etry can be used directly for navigation relative to
the vehicle’s initial pose. Note that there is no need
to estimate a scale factor between the coordinate sys-
tems since we can take advantage of the known ste-
reo baseline to determine absolute scale.

Table Ill. Frame-to-frame error analysis of the vehicle
heading estimates. Column 2 shows the standard devia-
tion of the errors plotted in Figure 8(d), and Column 3
shows the mean of the distribution. We observe the ap-
proximately zero mean, which suggests that our estimates
are not biased. Note that the magnitudes of these errors
depend on the vehicle speed and cornering behavior dur-
ing the run.

Run Std. dev. (°) Mean (°)

Loops 0.50 1.47 %1072
Meadow 0.59 -1.02x1072
Woods 0.53 2.39x 1074

The VNS was designed to select the highly accu-
rate DGPS position estimate over the inertial esti-
mate when both are available. The orientation of the
vehicle, on the other hand, always came from the
inertial sensors.

5.2. Visual Odometry vs. DGPS

Our experiments prove that visual odometry is
highly effective for estimating position of the ve-
hicle. Table II compares the estimates of total dis-
tance traveled by the vehicle in three outdoor runs
conducted on a trail in a wooded area. We are using
distance traveled as a measure of performance be-
cause attitude and heading errors eventually domi-
nate absolute position errors, hiding the frame-to-
frame performance. The path lengths provide a
measurement of how translation is estimated with-
out distortion due to rotation errors. In official Per-
ceptOR tests only the linear velocity of the vehicle

Meadow Loops
T £ i3 .Wacds

S | W o 100
£ ! 2
1 D 1

z : O
- ©

=100 }_100.

0 1000 2000 0 500 1000 1500 0 1000 2000 3000

Figure 8. Yaw angle in degrees from INS and visual odometry. The correspondence is readily apparent. In most cases,
visual odometry yields subdegree accuracy in vehicle heading recovery. The accumulated yaw angle is shown with

respect to frame number.
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Figure 9. Visual odometry poses can be used to build ac-
curate obstacle maps. Visual odometry poses are com-
bined with a stereo obstacle avoidance algorithm, result-
ing in a map (bottom left). Note that the map is a
successful merge of about 500 separate pose estimates. Ob-
stacles, such as people and buildings, are retained by the
vehicle despite the cameras having a small field of view
(50°). The bottom right image shows the visual odometry
data overlaid on an aerial photograph of the site.

was used when GPS drop out was simulated, which
led us to regard that error as the main performance
measure.

Figure 6 shows side-by-side plots of vehicle tra-
jectories as recorded by DGPS and visual odometry.
Figure 7 shows the visual odometry overlaid on the
vehicle’s position in DGPS North-East-Down coordi-
nates. In each case, the visual odometry is stable and
performs correctly over thousands of frames of dead
reckoning and hundreds of meters of uneven terrain.
This figure also illustrates the result of using visual
odometry as sole means of navigation for the
vehicle.

Nistér et al.: Visual Odometry + 13

5.3. Visual Odometry vs. INS

We compare the vehicle yaw angle logged by the
INS to the one from visual odometry. Unlike GPS,
both the visual odometry and the INS direction sen-
sor function incrementally by dead reckoning, and
therefore accumulate error over time. Table III shows
the mean frame to frame accumulation of discrep-
ancy in yaw magnitude between the visual odom-
etry and the INS for each of our three sequences.

Figure 8 further illustrates the correspondence
between yaw angles of the vehicle recovered from
visual odometry and INS. In most cases, visual
odometry exhibits subdegree accuracy in vehicle
heading recovery.

5.4. Application to Mapping

Combining visual odometry and obstacle detection
will allow unmanned ground vehicles to maintain a
coherent map of the world over periods of extended
autonomous operation. Visual odometry can also be
used to supplement traditional navigation systems
since it is not affected by GPS dropouts due to ob-
stacles, wheel slip in uneven terrain or other adverse
conditions. An example is shown in Figure 9.

5.5. Official Runs

We also report results from two official runs that
demonstrated the visual odometry capability to
DARPA. The tests where performed as part of the
program PerceptOR. They were carried out in the
Yuma desert in conditions with large and small
boulders, desert vegetation, hills, and valleys. The
PerceptOR vehicle is a modified honda all-terrain
vehicle, see Figure 4. The vehicle has an autonomous
mode in which the pose is used to construct an ob-
stacle map. In this mode, visual odometry could
only operate at five frames per second. The vehicle

Table IV. Total distance traversed (in meters) as estimated by DGPS, wheel encoders, and
visual odometry in two official test runs where the vehicle was operating autonomously
and through remote control by an official who is not a member of the visual odometry

team.

Run GPS Gyro+Wheel Gyro+Vis
Autonomous 96.09 95.80 95.32
Remote 163.14 169.92 159.64

Journal of Field Robotics DOI 10.1002/rob
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Table V. Distance from true DGPS position at the end of
each run (in meters).

Run Gyro+Wheel Gyro+Vis
Autonomous 0.711 0.678
Remote 5.52 3.65

Autonomous Course
I 1 I I I

40

North (m)

! 1 ! I !
0 5 10 15 20
East (m)

Figure 10. Estimated path of the autonomous run. Global
pose (DPGS)—dark line. Gyro+visual odometry speed—
light line. Gyro+wheel encoder speed—medium-gray
line. Note the three-point turn.

Pendant Controlled Course
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Figure 11. Estimated path of the remote operated run.

Global pose (DPGS)—dark line. Gyro+visual odometry
speed—light line. Gyro+wheel encoder speed—medium-
gray line. Note the multiple three-point turns.

has a mode where an operator drives the vehicle
using a remote control in the form of a pendent. In
this mode, there are sufficient computational re-
sources for ten frames per second visual odometry.
Only two (of four) cameras (right-looking stereo
pair) were used in the trials.

One of the official runs was autonomous, and
the other was controlled by a remote control. The
remote control was operated by a DARPA official,
not a member of the visual odometry team. In the
autonomous run, the navigation system on board
the vehicle was in complete control. The runs were

Journal of Field Robotics DOI 10.1002/rob
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Figure 12. Speed estimates from visual odometry (light
areas) and wheel encoders (dark areas) for the autono-
mous run. Note that the wheel encoder data is notchy be-
cause the throttle input is notchy.
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Figure 13. Speed estimates from visual odometry (light
areas) and wheel encoders (dark areas) for the remote con-
trolled run.
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East {m)

Figure 14. An example of the effect of wheel slip without
visual odometry or GPS. DGPS—dark plus signs. Wheel
encoders fused with IMU—thin lines. Visual odometry—
thick lines. Note the incorrect overshoots from the wheel
encoders. The motion of the vehicle was left to right in the
bottom arc and right to left in the top arc.

Figure 15. Results corrected by adding the visual odom-
etry. DGPS—dark plus signs. Wheel encoders fused with
visual odometry—thin lines. Visual odometry—thick light
lines.
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Scaling a Sandy Hill

Morth (m)

Figure 16. In this example, the vehicle tries to climb a 50°
unstable sandy slope, gets stuck, but eventually makes it
to the top of the hill. DGPS—dark line. Wheel encoders
fused with visual odometry—medium line. Visual
odometry—light gray line. Note that the wheel encoder
produces a completely erroneous position, while visual
odometry is both smooth and close to the truth. The run
was remote controlled.

Autonomeus Desert Loap 1 Autonomous Desert Loop 2
1] v v

Parking Lot 1
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Figure 17. Remote controlled run in a parking lot.
DGPS—dark line. Wheel encoders fused with gyro—
medium-gray line. Visual odometry fused with gyro—
light gray line.
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Figure 18. Autonomous runs in the desert. DGPS—dark line. Visual odometry fused with gyro—light gray line. The last
figure also shows wheel encoders fused with gyro in a medium-gray line.
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Figure 19. Autonomous runs in the desert. DGPS—dark
lines. Visual odometry fused with gyro—light lines.

unrehearsed. They were timed and recorded. The vi-
sual odometry was combined with gyro by using the
gyro for the vehicle heading and the visual odom-
etry for the distance traversed. The results are com-
pared with GPS and with using wheel encoders to
estimate distance traversed. The statistics are shown
in Tables IV and V. The estimated paths are also
shown in Figures 10 and 11. In Figures 12 and 13 the
speed estimates from visual odometry and wheel en-
coders are plotted against time.

At the time of the test, a mechanism for combin-
ing IMU and visual angle estimates was not ready.
The combination of gyros with visual estimates was
done due to the PerceptOR program requirement
that vehicle pose be estimated accurately at the time
of a GPS drop out. It did not call for a purely visual
solution.

5.6. Further Results

One of the benefits of the visual odometry is that it
can correct for wheel slip that affects the wheel en-
coders during a GPS fallout. Figure 14 shows the
results of wheel slip on a muddy trail. Figure 15
shows the improved result of fusing the visual
odometry with the other information. Another ex-
ample that clearly demonstrates the visual odom-
etry’s advantage over wheel encoder is given in Fig-
ure 16. This run was performed under the most
extreme conditions. High-speed approach to a hill
was followed by several seconds of almost station-
ary wheel spin. In the general area where the test
was performed, the DGPS signal was not always

Journal of Field Robotics DOI 10.1002/rob
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available, which caused jumps in DIPS+IMU posi-
tion. The same phenomenon can be seen intermit-
tently also in Figure 18. The heading offset at the
northernmost point of Figure 16 may be due to the
wrong absolute heading from GPS being combined
with IMU between updates. In general, we feel that
in the absolute sense, GPS may have given a better
position at several points along the way, but it is
clear that the vision+IMU results are smoother and
still close to the true position.

Figure 17 shows results from a remote controlled
run in a parking lot. Figures 18 and 19 show more
results from autonomous runs in the Yuma desert.

6. SUMMARY AND CONCLUSIONS

We presented a system for real-time ego-motion es-
timation of a single camera or stereo rig. We concen-
trated on results with stereo cameras mounted on an
autonomous ground vehicle. Coherent and surpris-
ingly accurate real-time results for hundreds of
meters of driving were demonstrated, based only on
visual input from relatively small field of view cam-
eras. The results were evaluated quantitatively by
comparing with a highly accurate integrated INS/
DGPS navigation system, proving the speed, low la-
tency, accuracy, and robustness of our results.

One of the most important differences between
our system and prior art is that we in real time per-
form full RANSAC estimations for each motion esti-
mate, which allows us to include more point tracks in
the estimation, even tracks that may be outliers. Us-
ing more of the available information ultimately al-
lows more reliable estimates.

In the future, we believe that uncertainty infor-
mation regarding the visual estimates will become in-
creasingly important. The ultimate motion estimation
system should use information from all available
sources, which cannot efficiently be achieved without
having a notion of which estimates are reliable. As the
error distribution for visual estimates is highly non-
Gaussian, covariance, and Kalman filtering, although
an important step, will not be sufficient. Sampling
methods allowing multimodal distributions may
therefore become the methods of choice. We regard
RANSAC as highly targeted sampling, and our sys-
tem as a good step towards robust and widely used
visual odometry.
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APPENDIX: PSEUDO-CODE FOR FEATURE DETECTION

Sweep 1: Let i,j indicate beginning of line

for(c=0;c<128;c++) {

Ix=(img[i] [j+c-11-img[i] [j+c+1])>>1;
Iy=(img[i-1] [j+c]-img[i+1] [j+c])>>1;
dxx [c] =Ix+Ix;

dxx [c+128] =Ixx»Iy;

dxx [c+256] =Iy*TIy;}

Sweep 2: Let d0-d4 be pointers to the five buffer lines

for(c=0;c<128;c++){

dd=d2 [c] ;

glc]=d0[c]+(dl[cl<<2)+(dd<<2)+(dd<<1)+{d3[c]<<2}+d4[c];

dd=d2 [c+128];

glc+128]1=d0 [c+128] + (dl [c+128] <<2)}+ {dd«<2) + (dd<<1) + (d3 [c+128] <<2) +d4 [c+128] ;
dd=d2 [c+256] ;

glc+256]=d0[c+256] + (d1[c+256]<<2)+ (dd<<2)+ (dd<<1) +(d3 [c+256]1<<2)+d4 [c+256] ; }

Sweep 3: for(c=0;c<124;c++)

glcl=glel+(glc+ll<<2)+(glc+2]<<2)+(glc+2]<<1l)+(glc+3]1<<2) +glc+4];

Sweep 4: for{c=0;c<l24;c++){

Gxx=gxx [c] ;
Gxy=gxy [c] ;
Gyy=gyy [cl;
d=Gxx*Gyy-GXy*Gxy;
t=GxXxX+Gyy;

sl[cl=d-kxtxt;}

Non-max Suppression: for(i=top;i<=bottom;i++) for(j=left;j<=right;j++) {

v=s[i] [J1;
if (
v>s[i-2]) [j-2]&&v>s[i-2] [§-1] &&v>s[i-2] [j]&&v>s[i-2] [j+1]&&vos(i-2] [j+2] &&
ve>s[i-11 [j-2]1&&v>s[i-1]1 [§-1]&&v>s[i-1] [jl&&vo>s[i-1] [j+1] &&v>s [i-1] [j+2] &&
ves[ il[j-2]&&v>s[ 1i]l[j-1]&& vss[ il [j+1l&&vs>s[ 1] [§+2] &&
v>s[i+1] [§-2] &&vos[i+1] [§-1] &&vo>s[i+41] [j] &&vos [i+1] [J+1] &&vo>s[i+1] [j+2] &&
v>s[i+42] [j-2]1 &&v>s[i+2) [§-1] &&v>s[i+2]) [] &&vos [142] [j+1] &&vos [142] [§+2])

Declare Feature}
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