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Abstract— We present and examine a technique for estimat-
ing the ego-motion of a mobile robot using memory-based
learning and a monocular camera. Unlike other approaches tht
rely heavily on camera calibration and geometry to compute
trajectory, our method learns a mapping from sparse optical
flow to platform velocity and turn rate. We also demonstrate
an efficient method of computing high-quality sparse optich
flow, and techniques for using this sparse optical flow as
input to a supervised learning method. We employ a voting
scheme of many learners that use subsets of the sparse optica
flow to cope with variable dimensionality and reduce the
dimensionality of each learner. Finally, we perform experments
in which we examine the learned mapping for visual odometry,
investigate the effects of varying the reduced dimensioniy
of the sparse optical flow state, and quantify the accuracy
of two variations of our learner scheme. Our results indicaé
that our learning scheme estimates monocular visual odomst
mainly from points on the ground plane, and reflect to a
degree the minimum dimensionality imposed by the problem.
In addition, we show that while this memory-based learning
method cannot yet estimate ego-motion as accurately as rete
geometric methods, it is possible to learn, with no explicit
model of camera calibration or scene structure, complicate
mappings that take advantage of properties of the camera and
the environment.

I. INTRODUCTION

normally necessitates fusing together estimates fromrakve
methods to create a reliable, robust estimate of pose that is
less susceptible to any individual method’s failure mode.

Originally proposed by Matthies [1], visual odometry is
rapidly becoming a popular pose estimation technique, as
it can estimate the robot's pose changes using only video
containing distinctive features that are correlated wkik t
robot’s motion. Visual odometry is useful for a variety of
reasons, as cameras are fairly small and inexpensive, and
can be mounted on even the smallest robots. Also, with rapid
decreases in the cost and power requirement of computation,
the expense of using visual odometry is often diminutive
compared to other methods.

Even though there are existing visual odometry techniques
based on geometric inference, which are highly accurate and
work well in a variety of environments, we wish to explore
visual odometry methods that are based on directly learning
the mapping from optical flow to pose changes, without
explicitly determining scene or camera geometry. As geo-
metric visual odometry methods assume carefully calildrate
parameters such as camera intrinsics and extrinsics ag a firs
step, sensitive calibration procedures for determiningelpi
perfect parameters often become a major challenge in the

The problem of localization is often a fundamental chalexecution of these techniques. Furthermore, differentecam
lenge in mobile robotics, as tasks and algorithms therain usand lens configurations require different sets of pararmgter
ally make the assumption that the robot can be localized witlequiring algorithms to be modified accordingly. If these

respect to a global coordinate frame. Due to this assumptigeometric assumptions can be relaxed or treated in a general
there is a repertoire of techniques and sensors whose goaisy, then one visual odometry algorithm can be used without
are to facilitate reliable estimates of position. Howefer, modifications across all cases.

each method there is usually a failure mode and operationalWe therefore propose a method for visual odometry us-
requirement independent of the others. For example, differ ing supervised learning, which makes significant progress
tial GPS beacon systems, while extremely accurate, resjuinewards overcoming these limitations. We start with the
placement of extra beacons and are susceptible to physiessumption that video with trackable features is available
obstructions as well as radio interference. These linoitsti and that ground truth of the robot's pose changes between
can be mitigated by the addition of an inertial measuremeftames can be obtained for training. Using this training set
unit which can provide accurate pose change measuremem create a function approximator that learns a mapping from
However, IMU estimates of velocity and position normallysparse optical flow to pose changes.

drift significantly over time, while more accurate IMU units

tend to be prohibitively expensive. Augmenting inexpeasiv Il. RELATED WORKS

IMUs with laser scan matching can be an effective method There has been a resurgence of interest in visual odometry
to boost accuracy, but scan matching can fail when there aatgorithms as computers have become powerful enough to
no objects aligned with the laser and in range, or when thgerform the steps needed for visual odometry at acceptable
assumption of a static 2D environment does not hold. Lasepeeds. Work by Nistest al. [2] used 3D point tracking with
range scanners also tend to be expensive, and their size gmdemptive RANSAC and the 5-point algorithm for essential
large power requirement prohibit their use on small outdoanatrix estimation. This technique has resulted in one of the
robots. The limitations of each of the above techniquesost accurate and efficient visual odometry implementation



in a calibrated stereo pair setting, with accumulated srroturn rate, but we expect that our method would generalize to
of about12 m over a360 m course. three degrees of motion, as discussed later.

Ni and Dellaert [3] used an improved stereo-tracking Briefly, our method works by first extracting sparse optical
method that determines feature displacement in both carlew vectors, collecting them into a grid, and then training
eras then uses the matched features with the 3-point algmany learners that each work with a randomly-chosen subset
rithm in a RANSAC harness. Agrawal and Konolige [4]of the grid cells. Voting among the learners during the tegsti
scored RANSAC hypotheses in disparity space, then ussthge handles the fact that individual grid cells sometidwes
Levenberg-Marquadt optimization to refine the hypothesigiot contain any optical flow vectors.

Milella and Seigwart [5] used a robust iterative closesnpoi A full explanation of our methods follows.

technique to match points tracked 3D points. Dornhege and , ,

Kleiner [6] used an IMU to estimate the rotational motiorf™ SParse Optical Flow Computation

component, and then had remaining vectors vote on whetherOur computation of sparse optical flow uses several mod-
the robot was stopped, moving forward, or moving backwardfications from baseline methods in order to improve effi-

Visual odometry has also enjoyed attention in the planetagfency and quality. However, our method of visual odometry
exploration community, as GPS systems are only availabf©€s not assume any of these modifications, and also operates
on Earth. Helmicket al. [7] used a calibrated stereo pair towith simpler methods of optical flow computation.
perform 3D point tracking with an initial motion hypothesis The image is broken up into a grid, and at the first time
provided by wheel odometry. The 3D point correspondencéep, the strongest Harris corner [13] in each grid cell is
between pair of frames were then fed into a coarse motidgietected. For each subsequent time step, we use a KLT
estimator, and refined using a probabilistic method. Corki€ature tracker [14] to track features into the next frame.
et al. [8] used an omnidirectional camera and experimente@hile tracking, we fit a constant-image-velocity model to
with a robust sparse optical flow method that calculategiach feature’s trajectory, and if a feature’s motion oveeti
motion changes by optimizing both the intrinsic parameterdeviates too much from this prediction, tracking of that
and motion, and compared this method to a structure frofgature is stopped. When tracking of a particular feature
motion (SFM) algorithm. is stopped, the strongest Harris corner in the grid cell in

Wang et al. [9] estimate monocular visual odometryWhich that feature was originally detected becomes a new
through prior calibration of the location of the groundfeature, with a new motion model. This method provides
plane. Campbelkt al. [10] also estimate accurate planarsparse optical flow significantly faster than real time50
monocular visual odometry through prior manual calibratio Hz) on full-size video.
of the ground plane, and are able to detect precipices, orln addition, we use a temporal filtering step to prevent
discontinuities, of the ground plane. most unstable and mis-tracked features from becoming op-

Another group, often less cited by computer vision retical flow vectors. A feature being tracked is only reported
searchers, interested in motion estimation using visian aRS & sparse optical flow vector after it has been tracked for
biologists studying insect vision. Franceschatial. [11], & number of frames.
and Horridge and Longuet-Higgins [12] found that insects’ For our trials we used a feature-detection grid cell size
compound eyes are arranged such that optical flow, aboQ&approximately20 x 20 pixels, resulting in approximately
everything else, can be most efficiently estimated, as tased 80 features being tracked in each image. We empirically
depend on perceiving motion to perform vital tasks such gi€termined this as the finest size that still allowed therenti
obstacle and predator avoidance and landing. Methods fBfOCess to run in real-time.
motion estimation suggested for insects, however, depe
on highly parallelized neural networks, whose computation

requirements exceed the capacity of current processors. e found that it was not feasible to learn a mapping
directly from the entire set of sparse optical flow vectors

to the output for two reasons. First, the dimensionality of
the sparse optical flow state is too high for learning to
Our visual odometry method is comprised of a trainingieneralize. Second, without a method for filling in missing
stage that uses ground truth obtained separately, andpartions of the optical flow field, the dimensionality would
testing stage, in which ego-motion is computed from a&ary depending on the number and locations of the Harris
video stream. During the training stage, our method record®erners detected in the image.
training instances that map the observed sparse optical flowTo address this problem, we usgin our trials,n = 160)
vectors to the known forward velocity and turn rate of theseparate k-Nearest-Neighbors (KNN) learners to estinhate t
platform, which we determine using laser scan matchingurrent change in pose, with each learner taking as its input
During the testing stage, the database of instances iseguerfeature vector the average of the sparse optical flow vectors
using the sparse optical flow vectors observed at each franie.each ofm grid cells (chosen from a coarser grid than that
to obtain an estimate of the platform’s velocity state. Bsea of the feature tracking stage). In our trials, we used= 4
our platform is car-like, and not capable of moving to thdor experiments in whichn was fixed. Each learner’s grid
side without turning, we only estimate forward velocity anccells are randomly selected when each learner is traindfl. Ha

%(.j Mapping Sparse Optical Flow to Velocity Sate

IIl. METHODS



of the learners are trained to estimate forward velocitylevh ol bitkelil ] 1 d L
the other half estimate turning rate. Estimates from alhef t
learners are combined by averaging theedian values (in | . i o -
our trials,l = 3) from the distribution of estimates, separately :
for forward velocity and turn rate. Learners missing data in ’ f *
one or more grid cells simply do not vote.
We selectedm = 4 empirically, using the results of -
Experiment IV-B. We also selected and ! empirically, . & e
although their effects on the accuracy of the final resultewer @) (b)
very small.

Fig. 1. For each image grid cell, the relative error for alltio¢ learners
) ) ) ] making use of that grid cell, for a) forward velocity predict errors, b)
C. Function approximation with KNN turn rate prediction errors. Colors range from blue (intiiga small error)

. . to red (indicating large error), as seen in the color scal¢herright.
Because we expect the mapping from optical flow to

vehicle velocity state to be smooth, it is our desire thaheac

KNN learner behave as a function approximator instead Oflaptop with a built-in iSight camera. No wheel odometry was
classifier. Therefore, for each prediction, our implemgoita. 5y 4ilable.

fits a linear regression kernel to tikeneighbors nearest to  The |aser range finder was used to obtain approximate
the observed input feature vector the hyper-plane that be§ound truth for training. Preliminary tests showed that
maps the input feature vectors of thds@eighbors to their aiectories obtained by laser scan matching were able to
output feature vectors, as described by Hasti@l. [15]. (jose loops of approximately one hundred meters with an
The output feature vector is then determined by evaluatingor of only one meter, indicating that laser scan matching
the linear combination for the observed input feature wecta,,,1d be accurate enough to serve as approximate ground

We usedk = 10, determined empirically, but varying  tryth for training of, and comparison with, visual odometry
had I|_ttle impact on visual odometry output. We |mplemen;rnages from the camera arrived 30 Hz, at a resolution
KNN itself using a KD-tree [16]. of 640 x 480. The camera was aimed downwards, such that
only the uppen 2% of the image was above the horizon. The
platform was moved at speeds upitgm/s.

A variation of our method updates a score for each learner For every experiment, to ensure learning could generalize,
on-line, based on the deviation of its predictions from giu visual odometry was trained on one of our data sets, and
truth. This score, for each learner, is simply the mean+suaperformance was evaluated while running on the others. The
difference between prediction and ground truth for forwaréxperiments we conducted examine the distribution of erarn
velocity or turn rate (whichever value the learner is trdineaccuracies in the image, investigate the effect of varyfey t
to predict), accumulated over the life of the learner. number of grid cells used by each learner, and evaluate the

Every so often (in our trials, every 2 seconds) a learner thatcuracy of our estimated visual odometry with and without
is performing poorly relative to the other learners is dadet tree migration.
and replaced with a random perturbation of a learner that The majority of our experiments involve comparing vi-
is performing well. The learner to be replaced is chosen &ual odometry trajectories to ground truth. Because visual
random from a statistical distribution across the curret sodometry estimates and ground truth are both somewhat
of learners, in which the weight of each learner in the probaroisy, single-frame comparisons are not very meaningful.
bility density function (PDF) is proportional to the poosse Therefore, to evaluate the accuracy of visual odometry, we
of its score. Likewise, the learner whose perturbation is tbreak each sequence into short sub-sequences of fixed length
serve as the replacement is selected from a distributidm witwe used lengths of 2 and 4 s). Then, we average the
the inverse PDF. forward velocities and turn rates from ground truth and

This process is a non-deterministic search for the subsatisual odometry during each sub-sequence. Finally, errors
of the input dimensions that yield the most accurate functiocomputed for each sub-sequence are the differences between
predictions, for a data set on which the learners were ntlie average estimates of visual odometry and ground truth.
trained. We refer to this process later as “tree migration”.

A. Examining the Distribution of Learner Scores in the
IV. EXPERIMENTS AND DISCUSSION Image

D. Tree migration

We used four data sets in our experiments, comprised by To determine how accurately learners in various regions
three outdoor sets and one indoor set. The three outdamirthe image estimate motion, an experiment was performed
sets were 4, 8, and 23 minutes in duration, and the indoor which the output of each learner was compared to ground
set was 2 minutes long. All data sets were collected usirtguth, with tree migration disabled. Then, each learner was
a steerable platform with two pivoting wheels at the reagxamined in regards to the correlation between its average
and two non-pivoting wheels at the front, carrying a SICKdiscrepancy from ground truth and the vertical and horiabnt
LMS-291 outdoor laser range finder, and a 2.33 GHz Applpositions of its grid cells in the image.
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Fig. 2. Mean squared forward velocity prediction errors afreindividual ~ (B) in yaw, for learners utilizing various numbers of imagégells. Error
learner, plotted against height in the image. bars extendt 1 standard deviation. Results are from running on the 23-

minute outdoor data set, with learners having been traimethe 8-minute
outdoor data set.

For each grid cell, Figure 1 shows the average squared

error for all of the learners making use of that grid celly,igration disabled. The 8-minute outdoor data set was used
overlayed on an image typical of one of our outdoor datg, {raining, and visual odometry was run on the 23-minute

sets. These data, for every individual learner, are alsttqulo 514 set. The number of cells used by each learner was varied
against height in the image for only velocity prediction ing.5 1 1o 6.

Figure 2. Figure 3 shows the drift, per unit time, of visual odometry

_These results indicate that the lower parts of the imagg, \\"oround truth, for learners using numbers of grid celis
yield more accurate predictions of both forward velocitgdan ranging from 1 to 6. Errors were computed using the

turning rate. We conjecture that the spatial locationsitned ethod described at the beginning of this section, using

to the camera, of the points close to the camera and on t €sub-sequence length a@fs. The absolute values of the

grou_nd _pla_me, are _|mpI|C|tIy Iearn_e(_j, and re_solve the scalyyarq velocity and turn rate errors were then averaged to
ambiguity inherent in monocular vision. Turning rate, oa th obtain drifts, which reflect the approximate rate at which

other hand, is not subject to any scale ambiguity for distanf,s yaiectory computed using visual odometry deviatesfro
points, as all stationary distant points move across th@maground truth

at a rate dependent only on the rotation of the camera. Abo‘_’eAccuracy of visual odometry is poor when onlygrid

an?_ cllofsle todthe Porlzon_, hOV\k/)(_evetr, large a:nounts of noise ﬁ.éll per learner is used, and improves until 3 grid cells
optical Tow due to moving oBJects cause large errors i alye sed. For larger number of grid cells, there is no

Ieallrners. ar visual odometrv. g i rate ofurther significant improvement in accuracy. There are only
di n monocufa;hwsuat_ olofrlne ry, given a Certim rate o degrees of freedom in our motion state, but the improved
vergence of the oplical TIow in an image, there 1s a@;\ccuracy with three input dimensions may reflect either the

g_mtblgunyt btitheDn thet vtehloi:ny of .thetr(]:amera, atnd :hﬁecessity to disambiguate pitch changes from other motion
Istance to e points that comprise the scene struc uE%mponents, an increased likelihood of most learners avin
This ambiguity makes it impossible to tell the difference

between a fast-moving camera. observing far-awa sceat least two cells on the ground plane, or a robustness to
g car g far y Noise. Further experiments would be required to determine
structure, and a slow-moving camera observing close-

, . 05€UYRe actual relationship between input and output degrees
scene structgre. It however, the arientation apd posiibn of freedom, but our results do demonstrate approximate
the camera in relation to the groupd plane is known, th@orrespondence therein.
distance to some scene structure lying on the ground plan e expect our method to extend to almost any 3-DOF ego-
is simply a function of its vertical position in the image.i$h motion estimation (such as that of a holonomic platform, a
information can resolve the ambiguity for planar motion. [Pan-tilt-roll camera, or even a pan-tilt-zoom camera) cag| '

a

While with geometric approaches to monocular visu o C
L . . . as scene structure remains fixed. Our method, in its current
odometry it is necessary to either make explicit assumptio :
orm, does not extend to 6-DOF motion, however, because

about the structure of the scene or perform 3D reconstmctio,, . _ . .
. S this would require incorporating range measurements.dJsin
our approach is able to implicitly take advantage of the

) . . L e Stereo is interesting grounds for future work, however,tas i
information required to resolve those ambiguities. Sinhila 99

) . ; raises the problem of representing the information gained i
we can generalize to suggest that learning mappings for othe

) . way suitable for supervised learning.
static scene structure, such as walls, would take placeein tﬁl y P g

same way. C. Evaluating Tree Migration

B. Investigating the Effect of Varying Input Dimensionality To evaluate whether tree migration improves the esti-

Results of visual odometry were compared against groundation of ego-motion, two experiments were performed.
truth while the number of grid cells used by each learnévisual odometry was trained with the indoor data set in one
was varied. These experiments were performed with treexperiment, and with the 8-minute outdoor data set in the
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data set. The blue line plots the drift with tree migratiosatiled, while
the red line plots the drift with tree migration enabled. Aadhdecrease
in drift is observed, especially later in the run, with treegration. Drift is

estimated using the method described at the beginning dfo&ed .

o
N
S

(c) 4-minute outdoor

Fig. 5. Platform trajectories: ground truth from laser scaatching, and
estimated by visual odometry. Trajectories for (a) the fiadf, and (b) the
second half, of the 23-minute outdoor run, and (c) the 4-teirautdoor
run. In all cases, visual odometry was trained on the 8-reiluttdoor data
set.

other. In both experiments, visual odometry was run on the

23-minute data set. We then evaluated the accuracy of visual

odometry with and without tree migration as compared t®. Evaluating the Accuracy of Visual Odometry

ground truth, as described at the beginning of this SeCtiO”vTrajectories from visual odometry are shown and com-

ysin_g a sub-sequence length of 4 s. These results are sho&g}ed to the ground truth in Figure 5. As described previ-

in Figure 4. ously, ground truth was obtained via laser scan matching.
While we hypothesized that tree migration would improvelree migration was disabled when producing these trajecto-

the results of visual odometry, very little difference infdr ries, and 4 cells per learner were used. Trajectories depict

was actually observed between runs with and without treesual odometry running on the 23-minute and 4-minute

migration. We believe that such a small effect was observaslitdoor data sets, after having been trained on the 8-minute

in part because of the way in which predictions from eacbutdoor data set.

learner are collected into a final prediction. After obtai

velocity and turn rate predictions from all learners, onlyE- Performance

the average of the 3 median predictions is used to build The amount of memory required for memory-based learn-

the trajectory, instead of the average of all predictions. Wing of ego-motion from sparse optical flow varied depending

hypothesize that this method eliminates the effects of mamn the size of the training data set. A 2-minute data s8bat

of the outlying predictions, as long as they are a minorityz required approximately00 MB of memory, while an 8-

amongst all of the predictions. Under this assumption, preninute data set at the same frame rate required ard06id

dictions from learners using noisy or unreliable parts & thMB. Memory requirements scale linearly with the amount

image are not likely to greatly affect the resulting tragegt  of training data. Given that the majority of training exam-

nor is removing them via tree migration likely to improveples are likely duplicated, however, such as while driving

the results. straight at near-constant speed, these requirements beuld



based method for visual odometry. Additionally, it illustes
that information about camera configurations and scene
structure can be abstracted away by direct mapping from
sensor inputs to the desired information.
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Fig. 6. A screen shot from our graphical display. The esiionabf the 3]
current velocity and turn rate are shown in the top-leftiparof the image,
and indicated graphically by the arrow in the center. Theuamdated
trajectory is shown in the lower-left portion. The votes bgcle learner
for velocity and turn rate are shown in the upper and lowetogimms,
respectively, in the lower-right. One individual velocitgarner uses the
grid cells outlined in blue, and its score is printed in theeipleft region
of the image. Finally, the sparse optical flow is depictecbtighout the
image by light blue line segments.

(4]
(5]

(6]

[71
greatly reduced by pruning similar examples during learner
initialization. Computational performance was very goasl, [g]
the entire visual odometry process, wiih0 x 480 images,
including loading these images from disk, converting them®
from color to greyscale, performing feature tracking, and
estimating motion, operated in real time30 Hz). [10]

A screen shot, in Figure 6, shows, for a single frame, the
estimate of velocity and turn rate, the accumulated trajgct 11
the grid cells used by a single learner, the score of that
learner, the histograms of learner votes for velocity amd tu

. 12
rate, and the sparse optical flow. 1z

V. CONCLUSION [13]

We have developed a memory-based learning system tI'U]
can give good estimates of the trajectory of a mobile rob

In doing so, we have demonstrated a method for efficient
sparse optical flow computation, and a robust and elega[l]l?]
method for dealing with data of variable dimension. Whilgyg;
our method is not yet as accurate as geometric methods, it
demonstrates the viability of using a simple, purely leagni

insightful.
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