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Abstract

Cameras and inertial sensors are each good candidates for au-
tonomous vehicle navigation, modeling fromvideo, and other appli-
cationsthat require six-degrees-of-freedommotion estimation. How-
ever, these sensors are al so good candidates to be depl oyed together,
since each can be used to resolve the ambiguities in estimated mo-
tion that result from using the other modality alone. In this paper, we
consider the specific problem of estimating sensor motion and other
unknowns from image, gyro, and accelerometer measurements, in
environments without known fiducials. This paper targets applica-
tions where external positions references such as global positioning
arenot available, and focuses on the use of small and inexpensivein-
ertial sensors, for applications where weight and cost requirements
preclude the use of precision inertial navigation systems.

e present two algorithmsfor estimating sensor motion fromim-
ageandinertial measurements. Thefirst algorithmisabatch method,
which produces estimates of the sensor motion, scene structure, and
other unknowns using measurements from the entire observation se-
guence simultaneously. The second algorithm recovers sensor mo-
tion, scene structure, and other parameters recursively, and is suit-
able for use with long or “infinite” sequences, in which no feature
isalwaysvisible.

We eval uatethe accuracy of thealgorithmsand their sensitivity to
their estimation parameters using a sequence of four experiments.
These experiments focus on cases where estimates from image or
inertial measurements alone are poor, on the relative advantage of
using inertial measurements and omnidirectional images, and on
long sequences in which the percentage of the image sequence in
which individual features are visibleislow.

KEY WORDS—batch shape-from-motion, recursive shapg
from-motion; inertial navigation, omnidirectional vision, sen-

sor fusion, long-term motion estimation

1. Introduction

Cameras and inertial sensors are each good candidates forsdﬂ
tonomous vehicle navigation, modeling from video, and othé"
applications that require six-degrees-of-freedom motion es

The International Journal of Robotics Research
Vol. 23, No. 12, December 2004, pp. 1157-1195,
DOI: 10.1177/0278364904045593

©2004 Sage Publications

M otion Estimation
from Image and
| nertial M easurements

mation. In addition, cameras and inertial sensors are good
candidates to be deployed together since, in addition to the
obvious advantage of redundant measurements, each can be
used to resolve the ambiguities in the estimated motion that
result from using the other modality alone. For instance, im-
age measurements can counteract the error that accumulates
when integrating inertial readings, and can be used to distin-
guish between the effects of sensor orientation, acceleration,
gravity, and bias in accelerometer measurements. On the other
hand, inertial data can resolve the ambiguities in motion esti-
mated by a camera that sees a degenerate scene, such as one
containing too few features, features infinitely far away, or
features in an accidental geometric configuration; to remove
the discontinuities in estimated motion that can result from
features entering or leaving the camera’s field of view; to es-
tablish the global scale; and to make motion estimation more
robust to mistracked image features.

In this paper, we consider the specific problem of estimat-
ing sensor motion and other unknowns from image, gyro, and
accelerometer measurements, in environments without known
fiducials and without external positioning systems such as
GPS. Accurate motion estimation under these circumstances
has a number of potential applications in autonomous naviga-
tion underwater, indoors, in rubble, in the urban canyon, or on
Mars, which all preclude the use of global positioning; and
in modeling from video. Some important potential applica-
tions preclude the use of precise inertial navigation systems,
such as micro air vehicle navigation, where weight and cost
are limiting factors. So, we specifically focus on the use of
ightweight and inexpensive inertial sensors.

We present two algorithms for estimating sensor motion
and scene structure from image and inertial measurements.
The first is a batch algorithm that generates estimates of the
sensor motion, scene structure, and other parameters by con-
ering all of the image and inertial measurements simultane-
sly. In many applications, this batch estimate is of interest
] its own right. In others, the batch estimate is important in
understanding the best quality we can expect given a partic-
ular sensor configuration, vehicle motion, environment, and
set of observations, and in measuring the inherent sensitivity
of the estimate with respect to random observation errors.
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Because the batch method uses all of the measuremettitst are most closely related to our own. While the majority of
from an observation sequence simultaneously, it requires taese are recursive methods, a few relevant batch methods do
all of the observations be available before computation begirexist, and we review both batch and recursive methods for this
The second algorithmis a recursive method that estimates spmblem, in Sections 2.2 and 2.3, respectively. In Section 2.4,
sor motion, scene structure, and other parameters from image briefly review the relationship between our own work and
gyro, and accelerometer measurements as they become awadrk in simultaneous localization and mapping (SLAM) and
able, and is therefore suitable for long or “infinite” imageshape-from-motion (SFM). In Section 2.5, we briefly discuss
sequences. This algorithm is a multirate method, meanimtqta association asitis commonly used in radar tracking appli-
that image measurements and inertial measurements are mations and SLAM, and its relevance to image feature tracking
cessed by separate update steps, which allows the higher fareour application.
of inertial measurements to be exploited. Unlike many meth-
ods for motion estimation that use tracked image point fea-2. Batch Methods

tures as measurements, our recursive method also includeﬁeaans and Hebert (2001) describe a batch method for
mechanism for incorporating points that become visible aft%rearings-only localization and mapping that uses Levenberg—
initialization while maintaining an accurate state Covariancﬁlarquardt to estimate the planar motion of a vehicle and the

estimate. This capability is essential for operation on MORf0-dimensional location of landmarks observed by the vehi-

reau\;mage Segu?nfej'd ini f th its of esi cle’s omnidirectional camera, from the landmarks’vehicle co-
Ve ?.'Vef clare eS((;I’Ip '0? (I)d te resufts c')t esf']rcnagrdinate system bearings (one-dimensional projections) and
Ing motion from image and Iinertial data on a Sutté of 10U, g apicle's odometry. The image-and-odometry error func-

experiments. The first of these experiments, using a CONVEISh of Deans and Herbert is closely related to our own er-
tional camera, shows that the sensor motion can be ac;ﬁ

el d by both the batch and . h dF function, which utilizes image, gyro, and accelerometer
rately recovered by both the batch and recursive methoggy, 55, rements and is described in Section 4. However, esti-
even in a case when estimates from image or inertial d

Eef%ne%%);ﬁrrgeesn:hfezr?osr;nz:r?cremoofut%r; St;;'(l:‘;r _tr;)];hg 2:8 ometry. In particular, using image measurements for six-
out ¢ tes the p e _Imag grees-of-freedom motion normally requires careful model-
inertial, recursive image-and-inertial, and batch |mage—on}1

lqorith ; directional Th g and calibration of the camera, especially in the omnidi-
algorithms using omnidirectional cameras. Th€ purpose Qh.ii,n5 case, whereas this modeling is not required in two

this experiment is to evaluate the relative merits of inertiadjmenSionS In addition. the use of accelerometer observa-
me?sureTr;:eTts ﬁnd omnld_|rect|fna| clametrhas forfmot|0n esﬂ ons for six-degrees-of-freedom motion requires estimation
mation. he last two experiments explore the periormance g y,q yepjcle's velocity and orientation relative to gravity,

the recursive image-and-inertial algorithm on long Observ@\?hich odometry does not require. In subsequent work, Deans

t'O? se?uer;aces that V\ﬁl;ldlbe difficult tfor |m?ge-only T“Ot'r‘]’. 002) also considered iteratively reweighted least squares
estimation because ot the low percentage ot Images in whi LS) for robust estimation within the batch framework, to

ea(_i_?} scene po_|nt IS V'S'.ble('j foll Section 2 ai improve the quality of estimates in the presence of image fea-
€ pap;(terr] IS organize E.S 0 t(')WS.t' ec |ot|j fgweg re mistracking and other gross observation errors.
OVErview ot the previous work in estimating motion romim- - A 'secong patch method is described by Jung and Taylor

age and inertial data that is most closely related to our own. 3001) This method applies SFM to a set of widely spaced
overview of our algorithms for estimating motion and othe eyframes from an omnidirectional image sequence, then in-

unknowns from image and inertial data is given in Section erpolates the keyframe positions by a spline that best matches

anqbthg _(jetsanstpf Ou; bat((j:hsand recut_rsnfe aSIgo:!thmés aré Ofie inertial observations. The resulting algorithm provides
scribed in sections 2 and o, respectively. Section © gives.a.qiin,ous estimate of the sensor motion, and only re-

h|gh—|¢vgl overview of the e_xperlments, fpllowed by detaile uires that feature correspondences be established between
descriptions of each experiment in Sections 7, 8, 9, and

e keyframes, rather than between every image in the se-
rEhence. Since the image and inertial measurements are not
used simultaneously, however, the interpolation phase will
propagate rather than fix errors in the motion estimated in the

2. Related Work SFM phase.

future directions in Section 11.

2.1. Overview 2.3. Recursive Methods

In this section, we briefly review the existing methods for estiHuster and Rock (2001a, 2001b, 2003) and Huster, Frew, and
mating sensor motion from image and inertial measuremeriock (2002) detail the development of a recursive algorithm
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for estimating the six-degrees-of-freedom motion of an aumeasurements significantly reduced the number of samples
tonomous underwater vehicle (AUV) using gyro measureequired for accurate motion estimation.
ments, accelerometer measurements, and the image measure&hai, Hoff, and Vincent (2002) describe a system for simul-
ments of a single point in the vehicle’s environment. Hust@aneously estimating the motion of a sensor rig and the sparse
and Rock (2001a) develop an extended Kalman filter (EKEYructure of the environment in which the rig moves, from
and a two-step algorithm for a simplified, two-dimensionagjyro, accelerometer, and image measurements. This system
version of the motion estimation problem. The difficultiesestimates nearly the same unknowns as our own, but divides
with linearizing the measurement equations about uncertaime estimation task between a motion filter, which estimates
estimates in the EKF are sidestepped in the two-step filtenotion by assuming that the scene structure is known, and a
which chooses the state so that the image and inertial mestructure filter, which estimates the scene structure by assum-
surement equations become linear, and avoids linearizationing the motion is known. The two filters are combined into
the state time propagation using the unscented filter. In Hus-system for simultaneous estimation of motion and scene
ter, Frew, and Rock (2002), a full three-dimensional versiostructure by supplying the estimates from each filter as the
of the two-step filter is constructed, and integrated with a cofthown inputs to the other. While this arrangement improves
troller and a method for choosing an endpoint trajectory thafficiency, it will result in artificially low covariances on the
optimizes the quality of the motion estimates. The authorgstimated motion and structure, particularly for long-term
experiments show that the resulting system is able to relialytyoblems where, due to drift, the motion and the scene struc-
perform a grasping task on a manipulator. In the measurewe are likely to contain large but coupled errors. The authors
ments employed and in the quantities estimated, this systelm not explicitly consider the problem of estimating motion in
has many similarities to our own iterated extended Kalmasequences where points enter and leave the image sequence.
filter (IEKF) for motion estimation, described in Section 5,They also consider the relative benefits of using one and two
but is more sophisticated in its handling of nonlinearitiescameras in synthetic tests, and conclude that the use of two
However, the use of a single image point feature, which isameras can produce estimates with significantly lower errors.
motivated by the potentially poor quality of underwater im- The system described by Mukai and Ohnishi (1999) also
ages, precludes the use of the Huster and Rock method &multaneously estimates the motion of a sensor rig and the
long distance traverses. sparse structure of the environment in which the rig moves
You and Neumann (2001) describe an augmented realitging gyro and image measurements. In the method of Mukai
system for estimating a user’s view relative to known fiduand Ohnishi, the motion between pairs of images is estimated
cials, using gyro and image measurements. This methodup to a scale factor, and the estimated motion is used to de-
simpler than that of Huster and Rock in that it does not entermine the structure of the points seen in both images. These
ploy an accelerometer, which is a more difficult instrumerpairwise estimates are then merged sequentially by applying
to incorporate than a rate gyro, but expands the scene fronthe scaled rigid transformation that best aligns the recovered
single point to a set of known points. Rehbinder and Ghogtructures. This method handles sequences where points do
(2001) also describe a system for estimating motion relativet appear in every image, but both the pairwise motion recov-
to a known scene, in this case containing three-dimensiorezly and merging steps of this method are ad hoc. For instance,
lines rather than point features. Rehbinder and Ghosh incainis method does not maintain any measure of the error in the
porate accelerometer measurements as well as gyro and imeggilting motion estimates.
measurements. Foxlin (2002) describes a general framework for recursive
Qian, Chellappa, and Zhang (2001) describe an EKF feimultaneous localization, mapping, and sensor calibration.
simultaneously estimating the motion of a sensor rig and tfighe system consists of a decentralized filter that integrates
sparse structure of the environment in which the rig movethe results of three complementary error filters for localization
from gyro and image measurements. The authors show motionly, localization and mapping, and localization and sensor
estimation benefits from the addition of gyro measurementsaalibration. This architecture reduces the computation rela-
several scenarios, including sequences with mistracking atige to including environmental object locations and sensor
“mixed domain” sequences containing both sensor translaticalibration parameters in the same state vector, and allows
and pure rotation. This system is more general than that deapping and sensor calibration to be easily removed from
scribed by Huster and Rock, You and Neumann, or Rehbindire estimation once the positions of environmental objects
and Ghosh, inthatthe sparse scene structure is estimated in@dsensor bias values have been estimated with sufficient ac-
dition to the motion rather than known, but this system makesuracy. Foxlin and Naimark (2003) describe one instance of
the implicit assumption that each scene point is visible in evhis architecture, which uses gyro measurements, accelerom-
ery image of the sequence. In other work, Qian and Chellappter measurements, and the image measurements of fiducials
(2001) also investigated motion estimation from image anghose appearance but not (in general) location are known. In
gyro measurements within a sequential Monte Carlo fram#ie case of auto-mapping, where the locations of fiducials are
work. In this case, they showed that the inclusion of gyraot known, the system pose is first determined relative to four
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fiducials whosex, y, andz positions are known, and the po-tain the topological consistency of the reconstructed motion
sitions of subsequently acquired fiducials are entered into thed landmark positions.
filter using the image location and distance to the fiducial es- Algorithms for SFM typically estimate the six-degrees-of-
timated from the fiducial’'s image size. In our own system, thifeedom motion of a camera and the three-dimensional posi-
initial position is initialized without a priori knowledge of any tion of points, from point features tracked in the camera’s im-
feature locations using a batch algorithm, and the positions afle sequence. Here, the observations the camera provides are
natural features are initialized using triangulation from multhe two-dimensional projections of landmark positions in the
tiple image positions, which is more appropriate for featuresamera’s coordinate system, rather than the three-dimensional
whose appearance is not known a priori. While Foxlin andamera system position, so in SLAM terminology, we would
Naimark report real-time performance for an initial imple-say that the camera provides bearings but not range. So, SFM
mentation of automapping, they do not report on the accuratypically estimates more unknowns than SLAM from less gen-
of their system for automapping. erous data. However, very little work has been done on au-
In addition to the batch algorithm described in Section 2.2pmatically mapping large areas or on closing the loop using
Deans (2002) describes a hybrid batch-recursive methogcursive SFM.
that estimates the planar motion of a vehicle and the two- Our own work estimates six-degrees-of-freedom motion,
dimensional location of landmarks observed by the vehicle§parse scene structure, and other unknowns from image, gyro,
omnidirectional camera from the landmarks’ vehicle coordiand accelerometer measurements. So, it falls somewhere be-
nate system bearings (one-dimensional projections) and ttveeen SLAM and SFM in terms of the observations and re-
vehicle’s odometry. This method adapts the variable state dievered unknowns. The technical approach that we describe
mension filter (VSDF), originally described by McLauchlanin the following sections is more akin to existing algorithms
(1999) for SFM, to recursively minimize the same image-ander SFM than to approaches for SLAM. In particular, extend-
odometry error function minimized by the batch method oihg our approach to map large areas and close the loop, which
Deans and Hebert (2001). This approach naturally handlases commonly addressed in SLAM algorithms, is future work.
cases where points enter and leave the image sequence, anth Sections 9 and 10, we have considered experiments in
delays the linearization of measurements until the estimatefich the average fraction of the image sequence in which
used in the linearization are more certain, reducing bias in tleach point feature appears, or “fill fraction”, is 4.3% and
state estimate prior. A similar adaptation of our batch alg®.62%, respectively. These are low fill fractions by SFM stan-
rithm for estimating motion from image and inertial measuredards, and the SFM literature shows that the estimation of mo-
ments using the VSDF would be a natural extension of thén from such sequences is difficult. For instance, Weng, Cui,
work we describe in this paper. and Ahuja (1997) derive an analytical result describing the
accuracy of optimal shape and motion estimates from image
measurements as the fill fraction varies. They show that for a
scenario including some reasonable simplifying assumptions,
the error variance in both the estimated shape and motion in-
SLAM and SFM are two broad areas related to the problefifeases a® (n/(f?)), wheren is the number of images and
of estimating motion from image and inertial measurementg. is the average number of images that each point was visible
In this section, we briefly describe the relation between thed& That s, the error variances increase rapidly as the fill frac-
problems and our own, without describing specific methodin decreases. Poelman (1995) considered the convergence
for SLAM and SFM. Deans (2002) gives a good overview o®f his own batch SFM algorithm given data sets with varying
specific methods for these problems. fill fractions and image observation noise levels. He found
Algorithms for SLAM typically estimate planar vehicle that his method performed well for fill fractions above some
motion and the two-dimensional positions of landmarks ighreshold, typically 50% for data sets with 2.0 pixel image
the vehicle’s environment using observations from the veh@bservation noise and 30% for data sets with 0.1 pixel image
cle’s odometry and from a device that provides both the rang¥®servation noise, and failed “catastrophically” for data sets
and bearing to the landmarks. Since both range and be#fith lower fill fractions.
ing are available, the device provides noisy two-dimensional
Ian_dmark pqsitions in the device’s coordinate sy_stem, and_tli%' Tracking and Data Association
major technical problem becomes the correct incorporation
of these vehicle system measurements into the global coor@ur algorithms rely on accurate image feature tracking. In
nate system mean and covariance estimates. Recent worknoany scenarios where multiple targets are tracked over time
SLAM focuses on mapping large areas, in which each landsing radar, sonar, or similar sensors, the correspondence be-
mark may only be visible from a small portion of the vehiclgween the targets and the measurements they generate at any
path, in a recursive fashion; and on “closing the loop”, whiclone time is required for tracking the targets, but is not given
exploits a landmark that has been lost and reacquired to maéxplicitly. The problem of matching measurements with the

2.4. Simultaneous Localization and Mapping and
Shape-From-Motion
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tracked targets that generated them is called data associatigles the estimation and matching just as tracking and data
Because the measurements alone may provide no informat&sgsociation are coupled in other applications. As described in
about which target generated them, methods for data assdgection 11.3, this is future work and we expect to address this
ation typically associate measurements with a target bassdue by exploiting recent work on image feature invariants
on the likelihood of the measurements given the target's e&@.g. by Lowe 1999) and data association approaches.
timated kinematics. So, the problems of target tracking and

data association become coupled. In scenarios where the tar-

gets may cross each other, may maneuver erratically, and n@yAlgorithms Overview

not produce a measurement at each time, solutions for the

combined problems of tracking and data association may & mentioned in the introduction, we are working toward an
come quite elaborate. A good review of these issues and thgorithm for estimating six-degrees-of-freedom sensor and
corresponding approaches for tracking and data associatioRdghicle motion in scenarios where external position refer-
given by Bar-Shalom and Li (1995). ences, such as GPS, and a priori information on the sensor’s
The data association paradigm has been widely adopteddfivironment are not available. Cameras and inertial sensors
simultaneous localization and mapping for associating songén each be used to estimate sensor motion in these scenar-
or laser returns with the landmarks in the environment thads, but the use of either modality alone is problematic. In this
generated them (see, for example, Montemerlo and Thrdaction, we review the specific difficulties in estimating sen-
2003). Inthe computer vision community, the data associatigr motion from image or inertial measurements alone, give
paradigm has been investigated for image feature tracking B overview of our algorithms for estimating motion from
Rasmussen and Hager (2001). In this case, the authors Bpth image and inertial measurements, and briefly describe
plied two baseline data association methods, the probabilistige difficulties that remain for future work.
data association filter (PDAF) and joint probabilistic data as- |nertial sensor outputs alone can be integrated to provide
sociation filter (JPDAF), to the problems of tracking homogesix-degrees-of-freedom position estimates, but noise in the in-
neous colored regions, textured regions, and non-rigid imaggtial sensor outputs causes these estimates to drift with time.
contours. In addition, the outputs of inexpensive inertial sensors depend
Our own application requires tracking sparse, textured ingn biases that change with time and, in the case of accelerome-
age features as the camera moves in a rigid environment, 8¢k, the sensor’s orientation with respect to gravity. So, some
we are concerned with two variations on this problem. In theomplementary modality must be employed to reduce drift
first, we want to track a large number of features, typicallynd to estimate the biases and other variables that determine
50-200, between adjacent images in the video sequence. f¥ sensor output.
this problem, correlation tracking techniques, such as that of Simultaneous estimation of camera motion and sparse
Lucas and Kanade (1981), have often been used in the Sigiene structure from images alone, like that performed by
literature, and we have used Lucas—Kanade with manual c@EM algorithms, can be used to estimate six-degrees-of-
rection in the experiments we describe in Sections 7, 8, andfﬂgedom sensor positions. However, this approach is brittle
Such techniques exploit the image texture information in th practice. The estimates from these algorithms can be sen-
neighborhood of each feature rather than the kinematics of tgive to random observation errors and errors in calibration,
feature, which are typically used in data association applicgarticularly in problem instances where the viewed scene is
tions. In addition, two images of point features in arigid scengegenerate, such as one containing too few features, features
are related by strong geometric constraints that are not apphfinitely far away, or features in an accidental geometric con-
cable in typical data association applications. In Section ¥{uration. Inimage sequences where features enter and leave
we have used a new tracking algorithm of our own desigihe sequence at a high rate, estimates from SFM can be sen-
that combines correlation tracking with these constraints, argive to the number of tracked features and the rate of feature
can produce highly reliable tracking through long image sgeextraction. Furthermore, motion estimates in this scenario
quences, eliminating the need for manual correction. Becauggl drift, just as estimates from inertial sensors will drift,
the focus of this paper is estimation rather than tracking, Wsecause no one feature serves as a global reference of the
have omitted a detailed description of this algorithm. position. In addition, image observations alone provide no
In the second variation, we are interested in reacquirinechanism for determining the global scale of the estimate.
feature points whose three-dimensional pOSitiOﬂS we have To address these pr0b|em5, we have deve|0ped two a|go-
previously estimated, possibly in the distant past, e.g. aftgthms that estimate sensor motion, sparse scene structure, and
the vehicle and camera close a loop. For reliability and effgther unknowns from both image and inertial measurements.
ciency, it becomes important in this variation to the comparehe first is a batch algorithm that estimates the sensor posi-
currently visible features to only a small number of prevition at the time of each image, the three-dimensional position
ously visible candidate features. Using the estimated camejiall point features visible in the image sequence, and other
and point positions for this purpose is promising, and coymknowns using all of the observations at once, as shown in
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Figure 1(a). This algorithm is useful as a diagnostic, in ureamera, rate gyro, and accelerometer simultaneously. The al-
derstanding the best quality we can expect given a particulgorithm estimates the sensor rig rotation, translation, and lin-
sensor configuration, vehicle motion, environment, and set eér velocity at the time of each image; the three-dimensional
observations, and in measuring the inherent sensitivity of thp®sition of each point observed in the image sequence; the
estimate with respect to random observation errors. In Segravity vector with respect to the world coordinate system;
tion 4 we give a detailed description of this algorithm. and the gyro and accelerometer biases.

The batch method requires that all of the observations be More specifically, the algorithm uses Levenberg—
available before computation begins, and requibg$f + Marquardt to minimize a combined image and inertial er-
p)®) computation time in the number of imaggsand the ror function. Since Levenberg—Marquardt is widely used, we
number of tracked pointg, so the batch method is not appro-concentrate on the error function, and refer the reader to Press
priate for online operation or for use with long observatiort al. (1992) for a discussion of Levenberg—Marquardt. The
sequences. Our recursive method, shown in Figure 1(b), ierror function is
corporates image and inertial measurements as they arrive,
and is applicable to long or “infinite” sequences. A detailed Econtined = Eimage + Einertial + Eprior- 1)
description of the recursive algorithm is given in Section 5.

As mentioned in the introduction, both the batch and recu
sive algorithms are suitable for motion estimation in enviror®
ments where there are no known fiducials, which are objects
whose appearance and/or position are known. An enviroft-2- |mage Error
ment with fiducigls yvhose appearance ano! position are bofh e image error termi e is
known is shown in Figure 2. As an aside, while our algorithms
do not require Known fiducials! the cqrrent implemer)t.ation of Eirage = Z D((C,, (X)), xi)). @)
our batch algorithm can exploit fiducials whose positions are
known if they are present.

As we show in Section 7, the batch and recursive algd€imge SPeCifies an image reprojection error given the six-
rithms can each produce accurate estimates of the sensor egrees-of-freedom camera positions and three-dimensional
tion and other unknowns by using both image and inertig@loint positions. In this error, the sum is oveandj, such that
measurements, even in some problem instances where thefdnt j was observed inimagex;; is the observed projection
timates produced using image or inertial measurements alo®fgoint j inimagei. p; and; are the camera-to-world rotation
are grossly wrong. However, there are some difficulties in esfeuler angles and camera-to-world translation, respectively, at
mating motion from these sensors that we have not addresst time of image, andC,, ,, is the world-to-camera trans-
Both the batch and recursive algorithms can be affected figrmation specified by, andz. X; is the world coordinate
gross image feature tracking errors, despite the incorporatigyistem location of poing, so thatC, , (X;) is location of
of both modalities. In addition, the recursive method inheritgoint j in camera coordinate system
the difficulties associated with any use of the IEKF, particu- 7 gives the image projection of a three-dimensional point
larly the a priori expectation of motion smoothness, appropecified inthe camera coordinate system. For perspective im-
imation of the state estimate distribution by a Gaussian, a@ges, we use the standard normalized perspective projection
the linearization of measurements around uncertain state estiodel:
mates. For these reasons, our recursive method is necessarily N
less robust to erratic sensor motion and measurement noise | x/z
than the batch method. The recursive method as we describe T perspective Y - [ y/z ] '
it is also unable to “close the loop” when an image feature is
lost and later reacquired, so the motion and scene struct@guation (3) assumes that tracked image feature locations and
estimates that it produces may not be topologically consistetieir associated observation covariances have been converted
in these situations. Our plans for addressing these issues f&#n image coordinates to normalized coordinates prior to the

'rl'_he three componentBimge, Einertia, aNd Egior Of this error
re described in the following subsections.

ij

3)

Z

described in Section 11.2.4. minimization using the camera’s known intrinsics, including
the focal length, image center, and radial distortion. In our
4. Batch Algorithm experiments, we have assumed the intrinsics model described

by Heikkila and Silvén (1997), and estimated the parameters
of this model using a publicly available calibration program
for each camera—lens combination.

Our batch algorithm for motion estimation from image and in-  All of the individual distance function® are Mahalanobis
ertial measurements finds estimates of the sensor motion atistances. Reasonable choices for the associated observation
other unknowns using the entire observation sequence frongc@variances are uniform isotropic covariances or directional

4.1. Overview
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Camera rotations, translations, and velocities for
. all image times
Tracked image features from - &
all images ) . . .
& R All three—dimensional scene points
. s g
Inertial measurements for < g S .
. @ Gravity direction and magnitude
all times
Gyro and accelerometer biases
@)
Camera rotations, translations, and velocities for
all initialization image times
Tracked image features from o
all initialization images = -% All three—dimensional scene points
—= £ 5 = ( visiblein initialization images
©=
g Gravity direction and magnitude
Gyro and accelerometer biases

prior distribution on unknowns

Camera rotation, translation, and velocity for
current time
All three—dimensional scene points

Tracked image features from
current image

——OR — visible in most recent image

recursive
update

Inertial measurements from Gravity direction and magnitude

current time

Gyro and accelerometer biases

prior distribution on unknowns

Camera rotation, translation, and velocity for
current time
All three—dimensional scene points

Tracked image features from
current image

——OR — visible in most recent image

recursive
update

Inertial measurements from Gravity direction and magnitude

current time

Inertial measurements until final
initialization image time

Gyro and accelerometer biases

prior distribution on unknowns

(b)

Fig. 1. The batch algorithm for estimating motion and other unknowns from image and inertial measurements, shown in (a),
uses the entire observation history at once. The recursive algorithm, shown in (b), uses the batch algorithm on a short prefix of
the observations to initialize the estimates and their prior distribution, and recursively updates the estimates when subsequent
observations arrive.
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Fig. 2. Left: an environment containing fiducials whose appearance and positions are known. Right: an environment without
known fiducials. Motion can be estimated in the latter case using automatic image feature tracking and the simultaneous
estimation of sensor motion and sparse scene structure.

covariances determined using image texture in the vicinityemain constant over the intervals between consecutive mea-
of each feature (Brooks et al. 2001; Kanazawa and Kanatairements, whether those measurements are image or inertial
2001). In our experiments we have assumed isotropic covanteasurements. Over such an inteffealc’], 1, is defined as
ances witho = 2 pixels. follows

I t7T,9 sbw :r® 'A@t/—f,bw s 5
4.3. Inertial Error (1.7, p. b)) =1(O(p) ( ) (5)

wherer (®) gives the Euler angles corresponding to the rota-
tion matrix®, ®(p) gives the rotation matrix corresponding
to the Euler anglep, andA®(Ar) gives an incremental ro-

The inertial error term is

Einertia = . .
tation matrix:
-1
ZD (0 I, (Ti-1, T pi-1, b)) + ABO(At, b,) = exp(At skeww)) . (6)
i=1
Here,
f-1 (4)
ZD (U,‘, Iv(rifla T, Pi-1s bun Vi_1, g9 ba)) + 0 —(,()Z (,()y
i-1 skeww)=| . 0 -, (7)
-1 —wy [N 0
ZD (tiy It(Tifli Tis pi—l, bwv V-1, gv bav t,‘,]_)) . . .
1 wherew = (w,, ®,, w,) is the camera coordinate system an-

gular velocity
Eiveia 9ives an error between the estimated positions and ve-
locities and the incremental positions and velocities predicted w=aw +b, (8)
by the inertial data. Heref is the number of images and ) ) ) ]
is the time image was capturedp, and+ are the camera apdw’ is the biased camera coordinate system gngularvelomty
rotation and translation at time, just as in the equation for given by the gyro. Ovefz, 7’] 1, and/, are given by the
Einege above.v; gives the camera’s linear velocity at tinme familiar equations
g, b,, andb, are the world coordinate system gravity vector,

gyro bias, and accelerometer bias, respectively. L.7.....b)=v+a@ —1) ©)
1,, I, andl, integrate the inertial observations to produc%nd

estimates op;, v;, andr; from initial valuesp;_1, v;_,, andr,_,

respectively. We assume that the camera coordinate system , (t, 7 H=t+v(r—1)+ }a(t/ . (10)

angular velocity and world coordinate system acceleration " 7"’ 2 ’

Downloaded from http://ijr.sagepub.com at CARNEGIE MELLON UNIV LIBRARY on August 9, 2008
© 2004 SAGE Publications. All rights reserved. Not for commercial use or unauthorized distribution.


http://ijr.sagepub.com

Strelow and Singh / Motion Estimation 1165

wherea is the world coordinate system acceleration In our experiments we have taken the accelerometer bias
-0 ‘L 1 prior covariance to be isotropic with standard deviations of
a=00)-@+b)+sg (11) 0.5 m s?2. This is roughly 1% of th 4 g range of our ac-

andd’ is the biased, camera coordinate system apparent &glerometer.
celeration given by the accelerometer. o o

Because inertial measurements are received at a higher fte Omnidirectional Projections
than image measurements, the interyals, 7;] betweenim- Recentomnidirectional cameras combine a conventional cam-
ages span several inertial readings. To integrate the rotati®@tia with a convex mirror that greatly expands the camera’s
velocity, and translation over these larger intervals where tfi€ld of view, typically to 360 in azimuth and 90-140n el-
angular velocity and linear acceleration are not assumed ca@yation. Omnidirectional cameras are likely to produce better
stant,/,, 1,, and’, divide[z;_,, 7;] into the subintervalgr, z']  motion estimates than conventional cameras, because of the
demarcated by the measurement times and sequentially apyigle field of view, and because tracked image features are
egs. (5), (9), and (10) over each subinterval. likely to be visible throughout a larger portion of the image

The distance® in E; 4y are Mahalanobis distances cho-sequence.
sen to specify the relative importance of the image error terms To exploit omnidirectional cameras in our framework, we
in Eimge and the rotation, linear velocity, and linear accelersset the projection operatatin Sections 4 and 5 to an omnidi-
tion error terms inE«ia - IN the experiments in Section 7, werectional projection model. Specifically, we use a projection
investigate the sensitivity of the batch algorithm to the choic@odel, described in Strelow et al. (2001a), that can accom-
of variances that define these distances. modate camera—mirror combinations that are not single view-

Two additional comments abo#,..iy are in order. First, point (Chahl and Srinivasan 1997; Ollis, Herman, and Singh
note thatE . does not make any assumptions restricting999) as well as the more common single viewpoint designs
the relative timing between image and inertial readings. IfNayar 1997; Baker and Nayar 2001). In Section 8 we de-
particular, image and inertial readings need not arrive at t$eribe a motion estimation experiment using two omnidirec-
same time, and can arrive at different rates, as long as ediginal cameras from the family described by Ollis , Herman,
measurement is accurately timestamped. Secondly, a possiigl Singh (1999). These cameras, along with example images
alternative formulation foE;«q4 is to use discrete differences produced by them, are shown in Figures 3 and 4.
to approximate the first and second derivatives of the estimatedOur projection model can also accommodate camera—
motion, and then require these derivatives to be consistent wittirror combinations where there is a known six-degrees-of-
the observed inertial measurements. However, this formulieedom misalignment between the mirror and camera, and
tion requires that the durations between image times be sm@atrelow et al. (2001b) describe a calibration procedure for
relative to the rate at which the derivatives change. Our foletermining the six-degrees-of-freedom transformation be-
mulation makes no such assumption, so our error functiontigeen the camera and mirror from one image of known three-

suitable for cases where the duration between images is loggnensional calibration targets. In the experiments described
in this paper we have not incorporated this precise mirror—

4.4, Accelerometer Bias Prior Error camera calibration.

The gyro and accelerometgr biagesand b, represent the 4.6. Minimization
angular rates and accelerations reported by the inertial sensors
that correspond to zero angular velocity and zero acceleratidys described in Section 4.1, the combined error function is
These values are not always zero, and are estimated as painimized with respect to the six-degrees-of-freedom camera
of the minimization because the voltages produced by thsition p;, #; at the time of each image; the camera linear
sensors for zero angular rate and zero acceleration can diffi@locity v; at the time of each image; the three-dimensional
with temperature and across sensor powerups. point positions of each tracked poirts; the gravity vector
Given observation sequences where the sensors undevgth respect to the world coordinate systgrmand the gyro
little change in orientation, gravity and accelerometer biagnd accelerometer biasksandb,.
cannot be reliably distinguished from the observations, as Since the batch algorithm uses iterative minimization, an
eq. (11) shows. Therefore, we include an accelerometer biagial estimate is required, but the algorithm converges from
termin our combined error, which reflects our expectation that wide variety of initial estimates. For many sequences, an
the accelerometer voltage corresponding to zero acceleratioitial estimate that works well and requires no a priori knowl-
is close to the precalibrated value. The bias prior t&p, is  edge of the motion or other unknowns is as follows.

Epi = f -b]C;b,. (12) « All camera positions (rotations and translations) are co-

. . . incident with the world coordinate system.
As above,f is the number of images aibg is the accelerom-

eter biasC, is the accelerometer bias prior covariance. » The point positions are initialized by backprojecting
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Fig. 3. Left: an omnidirectional camera consisting of a CCD camera attached to an equiangular mirror by a rig that allows the
relative rotation and translation between the mirror and camera to be adjusted. Right: an omnidirectional image produced by
this design.

Fig. 4. Left: an omnidirectional camera consisting of an IEEE 1394 camera attached to an equiangular mirror by a rigid
cylinder. The accelerometer and one rate gyro are visible, attached to the rig below the cylinder. Right: an omnidirectional
image produced by this design.
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the image position at which they first appear from thé¢his representation because every choice of Euler angles rep-
origin to a fixed distance in space. resents a valid orientation, and therefore the Euler angles re-
= ) ) o sulting from an unconstrained minimization step or Kalman
* The velocities, gravity, and biases are initialized to zerqneasurement update always represent valid orientations. It is
In subsequent sections we have referred to this initial estimgf'ée.” known, hqwever, that each orlentatpn mclud.mg ot
as the “blind” initial estimate, and we show that in some cas tion aboutY is not represented by a unique choice of Z._Y_X
the algorithm can converge from the blind estimate, even i uIera_ngIes, but byargnge of Z-Y-X Eulerapgles. This Iack
the true motion is quite different from the blind estimate. Fo?f a unique representatl_on can lead to numerlcgl problems n
%oblem instances that include such camera orientations.

longer sequences, the recursive algorithm described in R For th blem inst torni ld be a bett
next section can be used to generate an initial estimate clg&e or these problem Instances, quaternions would be a better

o the fial estimate, making convergence more likely or re " % SRR T B TETR, SEE T D R
ducing the number of iterations required for convergence. P '

As shown in Figure 1 and described further in Section 5.§$metot?ter mOd'f'Cat'OP IS requ|req tp etr'1forcte the u}rlltlcon—
we initialize the state estimate distribution in our recursiva. ant &lter an unconstrained minimization step or Kaiman

algorithm by applying the batch image-and-inertial algorithntnne_asurem_ent upda_te. However, unlike Euler ar_19|e represen-
tions, unit quaternions do not introduce numerical problems

to a prefix of the observation sequence. However, if a recuj- . : . ;
sive estimate is recommended as the initial estimate for the special orientations. A few relevant, representative meth-

batch algorithm, how can the batch algorithm be used to in?—d.S from th.e literature that use qqaternlons fqr rgpresentmg
entation include the batch algorithm of Szeliski and Kang

tialize the recursive method? When the batch algorithmis us S , )
994) for estimating shape and motion from image measure-

to initialize the recursive algorithm, we have used the blin
estimate for the prefix as the initial estimate for the batch inme.mS a_nd the r_nethod (.)f Huster gnd Roc.k (20013.’ 2001bj for
timating motion relative to a single point from image and

tialization. For the short observation sequences used in fid tial ts A ise di : th lati
batch initialization, the prefix motion is typically benign in/Nertial measurements. A concise discussion on the refative

that the camera positions throughout the prefix are close erit_s of Eule_r angles and quaternions for motion estimation
the initial camera positions, and most of the points visible i om images is given by McLauchlan (1999), who also con-

the first image are visible throughout the prefix. In all of th(?iders a local representation that pairs a reference rotation

experiments we have performed, including the experimen\f‘gth a small incremental rotation expressed using a minimal

described in this paper, the batch algorithm has converged fgpresentation.
liably from the blind estimate for prefixes including 20, 30, . .
40, 50, or 60 images. Of course, if the motion during ther" RecursiveAlgorithm
prefix is particularly erratic, the batch method may have diffis 1. Overview

culties converging and some different initialization should be _ _ o o )
substituted. Our recursive method, described in this section, is an IEKF in

which the image and inertial measurements are incorporated
as soon as they arrive, in separate measurement update steps.
This approach exploits the higher acquisition rate of inertial
In perspective arm and omnidirectional arm experiments, déata to provide state estimate updates at the higher rate, and
scribed below in Sections 7 and 8, respectively, we repd& more principled than possible alternatives, which include
batch image-only motion estimates in addition to the estfiueuing the inertial data until the next image measurements
mates produced by the batch image-and-inertial algorithate available, or assuming that image and inertial measure-
described in this section. Ourimage-only motion estimates dnents are taken at the same time. Our application of the IEKF
gorithm uses Levenberg—Marquardt to minimizg., alone, t0 this problem is described in Section 5.2, which gives our
with respect to the camera-to-world transformatipng, and ~ state vector, in Section 5.3, which describes our state estimate
the three-dimensional point positions. This algorithm is time propagation, and in Section 5.4, which gives our image
the same as bundle adjustment (Wolf 1983) in photogrammand inertial measurement update steps.

try or nonlinear SFM (Szeliski and Kang 1994) in computer Efficiency requires that the recursive method maintain es-
vision. timates of, and joint error covariances between, the three-
dimensional positions of only those points visible in the cur-
rent image. This limitation requires a policy for removing
tracked points that have been lost from the estimated state dis-
Both the batch algorithm described in this section and thebution, and for adding tracked points that have been newly
recursive algorithm described in the Section 5 represent thequired to the estimated state distribution. Our policies for
three-dimensional camera orientation at the time of each irmcorporating new points and for removing lost points are de-
age using Z-Y-X Euler angles (Craig 1989). We have adoptedribed in Sections 5.5 and 5.6, respectively.

4.7. Image-Only Estimation

4.8. Discussion
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5.2. State Vector and I nitialization where skeww) is given by eq. (7). The noise covariance ma-
trix Q is zero except for the 8 3 submatrices corresponding

The state vector is to w anda, which are assumed to be isotropic.

[ p(r) ] Assuming that the true state propagates according to
t(t) eg. (14), a state estimate meaiir) can be propagated
X, o using
" (1) = f(R(0) (17)
i,p—1

x(1) = v(t) |- (13)  and a state estimate covariarnkeér) propagated using
b, .
g P(t) = F(X(1))P(x) + P(D)FT (% (1) + Q, (18)
b, . . . . -
(1) whereP is the error covariance estimatejs the derivative of
a(t) f(x(7)) withrespectto the state estimateandQ is the noise

- - covariance matrix. The non-zero blocksfared?p/dt dp,
Most of the components of this state vector are the sarméich we compute numerically, and
as those described for the batch method in Section(4)

andz(t) are the Euler angles_ and trz_;\nslation specifying the 0% =1, (19)
camera-to-world transformation at time X,o,..., X, , 1 dt dv

are the three-dimensional locations of the tracked points vis-

ible in the most recent imagejt) is the linear velocity at Pes

time t expressed in the world coordinate system; and,,, 979a I (20)
andb, are the gravity vector with respect to the world co-

ordinate system, the gyro bias, and the accelerometer bias,

respectively. The two components of the state not estimated 3%p dp dSkeV\(w) 21

by the batch algorithmp (r) anda(r), are the camera coor- 9T dw d@(p) dw (1)
dinate system angular velocity and world coordinate system

linear acceleration at time. Here, ¢»/d®(p) and dskeww)/dw are flattened, X 9 and

Those components of the state estimate distribution th@p< 3 versions of the derivatives.
can be estimated using the batch algorithm are initialized by
applying the batch algorithm to a prefix of the observation s&:4. Measurement Updates

guence. The angular velocity and linear acceleration, whi . N :
hen image or inertial measurements are received, the state

are not estimated by the batch algorithm, are initialized u timat d . ted f th .
ing the first gyro and accelerometer readings that follow thl:éS imate mean and covariance are propagated from tne previ-

observation prefix used in the batch initialization. Ous measurement update time using egs. (17) and (18), and
then updated using an IEKF measurement update. For brevity,

we concentrate here on the image and inertial measurement

5.3. State Propagation equations, and refer the reader to Gelb (1974) for a discussion

We assume that the statér) propagates according to of the IEKF measurement update.
The image measurement equation combines the projection
X(1) = f(x(1)) + w(r) (14) equations for all of the points visible in the current image
wherew is a zero mean Gaussian noise vector with covariance [  xo, | [ 7(Coimyiry(Xio)) ]
Q.The non-zero components pre d /dr = v,dv/dt = a, Xo.0 T, (C ooty (Xi0))
and X1u T, (Cp(r),t(r)(Xi‘l))
dp do  dO(p) Yo | = | TComioXid) | 4p. (22)
— = (15) : :
dr  dO(p) dr : :
. . . . . xpfl.u T[u(cp(r),t(r) (Xi,p—l))
As in Section 40 (p) is the camera-to-world rotation matrix X, 1 T0(C o riy (Xip2))
specified byp. dp/d®(p) is a 3x 9 matrix that can be com- - ! g
puted from the definition 0B (p), and ®(p)/dr isa9x 1, Here,(xo.u, X0.)s (X1us X1.0)s - - - » (Xp_1.4 X,_1.,) Are the pro-
flattened version of jections visible in the current imageAs in Section 47 is

the projection from a three-dimensional, camera coordinate
©(p) skeww) (16) system point onto the imag€;,,, .., is the world-to-camera
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Determining the new state covariance matrix is more

tionr(r); andX; ; is the three-dimensional, world coordinatecomplex, and must consider the following interrelated

system position of thgth point in the current imagez, is
a vector of zero mean noise, which we normally take to be
isotropic witho = 2 pixels.
The inertial measurement equation is
w — b,

o]
a |7 0pTa-g-b,

Thetop and bottom component equations of eq. (23) are equiv-
alentto egs. (8) and (11), rearranged to given the biased angu-
lar velocity and biased linear acceleration. As befareand

a’ are the camera system measurements from the rate gyro and
accelerometer, respectively, aBdp) is the camera-to-world
rotation specified by the Euler anglgsp, w, b,,, g, andb,,

anda are the same members of the state that we encountered
in eg. (13) ., is a vector of Gaussian noise.

1.

:| + n;. (23)

5.5. Newly Acquired Points

To generate an initial mean and covariance for the state esti-
mate, we use the batch method described in Section 4. This
method properly incorporates points that are seen at the be-
ginning of the observation sequence into the estimate mean
and covariance. To incorporate points that become visible af-
ter the batch initialization into the state estimate, we have to

address three issues: 3.

1. determining which new points to incorporate into the
state estimate;

2. finding a mean for new points that are to be incorporated
into the state estimate;

3. finding a variance for new points that are to be incor- 4.
porated into the state estimate, and the covariances that
relate them to the estimates of the other state compo-
nents and to the other new points.

In this subsection we describe our approach to each of these
issues, with emphasis on the most difficult issue, correct com-
putation of the variances and covariances.

requirements.

The mean and covariance estimates produced by the re-
cursive estimation should approximate those produced
by a batch estimation as closely as allowed by the choice
of the filter state and the filter’'s Gaussian prior assump-
tion. This requirement is a fundamental design goal of
recursive estimation algorithms, and requirements 2, 3,
and 4 below are satisfied if this requirement is satisfied.

2. The state estimate distribution (i.e., mean and covari-

ance) that results from the point initialization should
not be too optimistic, which would weight the obser-
vations used in the point initialization more than those
used in subsequent measurement updates, or too con-
servative, which would weight the observations used
in the point initialization less than those used in subse-
quent measurement updates. This isimportantto ensure
that the resulting estimates will be consistent with all
of the observations, insofar as the observations allow.
This also ensures that the available observations are
best utilized, which is important in sequences where
each point is only visible in a short subsequence of the
image sequence.

The resulting filter should accurately estimate the co-
variances of the camera position, camera velocity, and
point positions in the world coordinate system so that
these can be monitored in critical applications. This
is particularly important for long sequences, in which

these variances will necessarily increase with time as
points enter and leave the camera’s field of view.

The variance of points relative to the current camera po-
sition, which is generally lower than the variance of the
points relative to the world coordinate system, should
be accurately estimated. This is important if the out-
put of the filter will be used to generate image coordi-
nate system priors for tracking the points in subsequent
images.

To address the first issue, we delay the incorporation of To satisfy these requirements as closely as possible, we
newly visible points into the state estimate until the point'®ave adapted the method described by Smith, Self, and
three-dimensional position can be computed accurately r&@heeseman (1990) for integrating newly visible landmarks
ative to the camera positions from which it was visible, i.einto EKFs in SLAM applications. The motivation of the
until its variance relative to the most recent camera positionisethod of Smith, Self, and Cheeseman is to properly incor-

below some threshold. This is to prevent numerical problenpgrate sensor coordinate system measurements and covari-
and reduce bias in the filter. The number of images requireshces into global coordinate system estimates and covariances
to achieve a sufficiently low variance in the point’s positiorgiven the covariance associated with the sensor position, and
depends on the translation between the images. to allow the sensor coordinate system measurement and co-
Finding a mean for a point that has become visible aftefariance to be reextracted from the global coordinate system

the batch initialization is straightforward. We use the camemeasurement and covariance. As described in Section 2.4,
positions estimated by the filter for the images in which th8&LAM applications typically use active range sensors, which

point was visible to triangulate the point’s position. provide measurements of both the range and bearing (i.e., the
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point’s full three-dimensional location) in the sensor’'s cooreamera estimates (e.g. because of point feature mistracking),
dinate system. In our application, which uses cameras, ortlye new point will be initialized with an overly optimistic co-

the bearing is available from any one sensor measurementvariance, and subsequent state estimates will be contaminated
the rest of this subsection we briefly describe the method by this error.

Smith, Self, and Cheeseman, describe how we have applied itThis approach is superior to two problematic strategies
to the bearings-only case, and discuss the relative advantagest we have tried. In the first, camera system variances for
and disadvantages of this approach versus some possibletiaé newly visible points are computed using the error vari-

ternative approaches. ances associated with the points’ image feature observations,
The method of Smith, Self, and Cheeseman operates @sd rotated into the world coordinate system using the current
follows. Suppose that: camera-to-world rotation estimate. This strategy correctly re-

- xisthe filter's state estimate before the incorporation 0f ects the accuracy of the points’ estimated positions relative to

the new point estimate, and th@atx) is the covariance the current camera position (requiremen:c 4)'.bUt does n(.)F cap-

estimate forx produced by the most recent measuret-uret_he potentially high errprmthe points estlmated posmon-s
ment update step; reIat|V(_a to the world cqordmate. system (requwe.ment 3). This

potentially large error in the points’ world coordinate system

* 7, is the world coordinate system point correspondingosition estimates is inevitable, since the error in the camera
to the sensor coordinate system paint positions used to estimate the points’ positions will grow large

for long image sequences. After these inadvertently low vari-

ances with respect to the world coordinate system have been

« G, andG,, are the derivatives of with respect tax assigned to the points, all of the filter’s error variances will
andz,, respectively, evaluated at the current estimatd¥come corrupted, since subsequent camera positions will be
of x andz,. estimated with respect to points that appear to have a low

) world coordinate system variances, and will therefore be as-
Then, the method of Smith, Self, and Cheeseman transforg]aned low variances in turn (violating requirement 1).

the sensor coordinate system covariag¢e,) into a world
coordinate system covarian€gz,,), and establishes a cross
covarianceC (x, z,,) betweenr andz,,, using

e g(x, z.) is the rigid transformation that mapsto z,,;

In the second, fixed variances, the variances described in
“the previous paragraph, or some other reasonable camera co-
ordinate system variances are adopted, but inflated in an at-

C(z.) = G.C(x)GT + G, C(z)GT (24) tempt to rgfilect the potential inaccuracy ip the points’ esti.—
mated positions relative to the world coordinate system. This
strategy is poor for the following reasons. First, this strategy
C(x,z,) = G, C(x). (25)  does not reflect the accuracy of the points’ estimated posi-

. . . ._tions relative to the current camera position, which may be
The new point can then be incorporated into the state estlm%t

by augmenting with z,. andC (x) with C(z,,) andC(x. z,.). Seful information, e.g. for tracking the point’s position in

To adapt this method to the bearings only case, we assu subsequent images (requirement 4). Secondly, for any fixed

o ; : hfiation factor, this choice also may not reflect the point’s in-
that the camera position estimates corresponding to the ini- '

tialization images in which the point was visible are corre gecuracyin the world coordinate system, which may grow ar-

with respect to each other. Mean and covariance estimates Iétrrarlly large given long sequences (requirement 3). Thirdly,

the point’s position relative to the most recent camera positiq IS mgt:\(?d ef_ftgctlvely Je_t;sgr;s 3:' of thet |nfqtr_m|qt|on ak;out
can be computed under this assumption, effectively produ e pot;n S p?.s' lons provide tz e?omtsdl?rl] 1 |rrd]fige ca- |
ing a “virtual range device” that can be used in the method dgre observation variances, sothe estimated three-dimensiona

Smith. Self. and Cheeseman. The mean and variance of tH@nt positions may become inconsistent with the initial views

virtual device’s position with respect to the world coordinaténc the pom'F (requirement 2). .
system are that of the most recent camera position. As mentioned above, our strategy cannot model the relative

This method correctly accounts for the variances in th&Tors between the successive camera position estimates that
image observations used in the point initialization and the eS9MPrise the “virtual range device”. An alternative approach
timated uncertainty in the current camera estimate, but not fi}at models the relative errors between successive camera po-
any relative error between the recent estimated camera podfions is the VSDF described by McLauchlan (1999). The
tions. As a result, we have found that, in cases where relatifeDF is a hybrid batch-recursive approach rather than a
error between the camera estimates is small, this method pkgiman filter, so this modeling comes at the cost of increased
duces covariances that are quite close to those produced Heaputation. The batch method we describe in Section 4 could
batch estimation, satisfying requirement 1 and requiremeri?§ adapted for hybrid batch-recursive operation within the
2, 3, and 4, which follow from it. However, in those casey SDF framework. For use within the Kalman filter frame-
where there is a significant relative error between the receiprk, however, we recommend the adaptation of the method
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of Smith, Self, and Cheeseman that we have described in tiisage, while the recursive algorithm estimates the sensor po-

subsection. sition atthe time of each image and each inertial measurement.
More importantly, the multirate design of the recursive al-
5.6. Lost Points gorithm implicitly requires the assumption of smoothness in

the angular velocity and linear acceleration across measure-
To limit the filter state dimension as new points become visinent times to exploit inertial and image measurements ac-
ble and are added to the state, our recursive method remoyggred at different times. Consider, for example, an inertial
the three-dimensional positions of points lost by the trackgheasurement followed by an image measurement. If the an-
from the state by removing the corresponding entries of thgjlar velocity and linear acceleration time propagation vari-
mean and covariance estimates, and leaving all other mean apges are high, as required in scenarios with erratic motion,
covariance values unchanged. This is equivalent to margingken the state prior covariance that results from the time prop-

izing over the removed points’ state components. agation between the inertial and image measurement times
grows quickly and only loosely constrains the image mea-
5.7. Image-Only Estimation surement step estimate. So, the filter is free to choose an es-

timate at the time of the image measurement that is quite

In Sectlon 10 we des_c nb_e both recursw_e |mage-and-|nertlgllﬁerent than the state estimate that resulted from the inertial
estimates and recursive image-only estimates. Our recursjve

) ) L e dmeasurement step. On the other hand, motion smoothness is
image-only algorithm is similar to the recursive image-and- o . o
not a critical assumption for combining measurements taken

inertial algorithm described in this section, with the following_, . : . o o
differences. a_\t different image tlmes,_ as it is in the recursive image-only
filter, because these estimates are related through the three-
» Only the camera rotation, the camera translation, artimensional positions of the points observed at both times.
the three-dimensional positions of the currently visible Our batch algorithm, including the integration functidps
points are included in the state. I,, and/, that integrate inertial measurement between image
) . times, neither requires nor exploits such an assumption, so the
* The state propagation assumes slowly changing camach aigorithm is stronger than the recursive algorithm in the
era rotation and translation rather than slowly changingresence of erratic motion. In our experience, robustness to
angular velocity and linear acceleration. erratic motion is more valuable in practice than the assumption
« The state estimate is initialized using the batch imag&f motion smoothness, and Tomasi and Kanade (1992) drew
only algorithm rather than the batch image-and-inerti@ Similar conclusion in the context of SFM. Increasing the
algorithm. robustness of the recursive image-and-inertial algorithm to
erratic motion is a promising direction for future work.
¢ There is no inertial measurement update.

The image measurement update step, the method for incorpo-

rating newly visible points, and the policy for dropping lost. Experiments Overview
points from the state are the same as those for the recursive

image-and-inertial algorithm. 6.1. Overview

In the remainder of the paper we present the results from a
suite of experiments in which we have estimated sensor mo-
As we mentioned in Section 5.5, a common goal of recution and other unknowns from image and inertial measure-
sive algorithm design is to incorporate measurements as thegnts. The camera configuration, observations, and results
become available, while approximating the state mean afel each of these experiments are described in detail in Sec-
covariance estimates that would be produced by a batch #ibns 7, 8, 9, and 10. In this section, we give a high-level
gorithm given all of the measurements at once. For instanasserview of the experiments (Section 6.2), a description of
the recursive image-only algorithm described in Section 5tfe inertial sensor configuration (Section 6.3), and the motion
above produces estimates that closely match those of the bagelor metrics used to evaluate the accuracy of our estimates
image-only algorithm described in Section 4.7. This is partiqgSection 6.4). The inertial sensor configuration and the motion
ularly true as the time propagation variances, which specigrror metrics are the same across the experiments described
how close we expect camera positions at adjacent times to irethe subsequent sections.
are allowed to grow, easing the assumption of motion smooth-
ness, which the batch method does not incorporate.

Our batch and recursive image-and-inertial algorithms ag2> Experiments
not as closely related in this way. For instance, the batch al-
gorithm estimates the sensor position only at the time of eaghhigh-level overview of the experiments is as follows.

5.8. Discussion
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6.2.1. Perspective Arm Experiment A Crossbow CXL04LP3 three-degrees-of-freedom ac-

h i includ . dthe i celerometer, which measures up 41 g. This ac-
T Ie sensor g éng udes a p((jarspect|vebcgmera arr‘] the (|jner— celerometer has approximate dimensiongi275x 2.5
tial sensors and is mounted on a robotic arm that under- cr?, weighs 46 g, and has a single unit cost of approx-

goes a known, preprogrammed motion. For each of the batch imately $300.

image-and-inertial, batch image-only, and recursive image-

and-inertial algorithms, we explore the estimation accuradye capture the voltages fromthe rate gyros and the accelerom-
as the estimation parameters, the initial estimates, and thigr at 200 Hz using two separate Crossbow CXLDK boards.
speed of the motion vary. The three gyro voltage-to-rate calibrations were deter-
mined using a turntable with a known rotational rate. The
accelerometer voltage-to-acceleration calibration was per-
formed using a field calibration that accounts for non-
Three omnidirectional experiments were performing bgrthogonality between the individual y, andz accelerom-
mounting our two omnidirectional rigs and inertial sensor§ters. The gyro and accelerometer measurement error vari-
on the same arm used in the perspective arm experime@fices were found by sampling the sensors while they were
Estimates were again generated using the batch image-akgpt stationary. The fixed gyro-to-camera and accelerometer-
inertial, batch image-only, and recursive image-and-inertig®-camera rotations differed between experiments but in each
algorithms. In each experiment the motion is similar to thaase were assumed known from the mechanical specifications
in the perspective arm experiment, so the relative merits 6f the mounts.

omnidirectional cameras and inertial sensors for motion esti-

mation can be investigated. 6.4. Motion Error Metrics

6.2.2. Omnidirectional Arm Experiments

_ . The simultaneous estimation of camera motion and scene
6.2.3. Perspective Crane Experiment structure from images alone recovers estimates only up to
_ . . led rigid transformation. That i lying th m I-
The sensor rig includes a conventional camera and the inerfia] o ed rigid transformatio atis, applying the same sca

sensors, and is mounted on the platform of a robotic crane tﬁgﬂ and rigid transformation to all of the camera and point

can translate within a workspace of aboutd 0 x 5 7. An estimates produces new estimates that explain the observed

. . o . gafa as well as the original estimates. With the incorporation
estimate was generated using the recursive image-and-iner Ia . .
algorithm. ofaccelerometer data, itis possible to recover the global scale

and two components of the absolute rotation, but with our in-
expensive accelerometer we expect the global scale to be only
6.2.4. Perspective Rover Experiments roughly correct.

Therefore, we have transformed our recovered estimates

The sensor rig includes a conventional camera and the ingfz, the ground truth coordinate system using a scaled rigid

tial sensors, and is mounted on a ground rover that traver§eg,stormation before computing motion rotation and trans-
approximately 230 m. Estimates were generated using t)8ion errors. This transformation has the form
recursive image-only algorithm and the recursive image-and-

inertial algorithm. t, =sRt, +1, (26)
Figure 5 shows the overall organization of the suite of ex-
periments in more detail. wheret, andr, are camera translation in the ground truth

and estimate coordinate systems, respectivelysaij and

. t are the scale, rotation, and translation of the scaled rigid
6.3. Inertial Sensors transformation.

As mentioned in the introduction, our approach to a robust We have used the scaled rigid transformation that best
System for motion estimation is to augment motion estim@]igns the estimated camera translations with the grOUnd truth
tion from image measurements with data from small, low-co$fanslations, which can be found in closed form using the
inertial sensors. To this end, we have used the same configégsolute orientation method described by Horn (1987). An

ration of inertial sensors in all of our experiments, consistinglternative is to align the estimate of the initial camera posi-
of the following. tion with the ground truth initial camera position. However,

this approach will not accurately capture the global accuracy
« Three single-axis, orthogonally mounted CRS04 ratef a motion estimate.
gyros from Silicon Sensing Systems, which measure The rotation error that we report is the absolute rotation an-
up to 150 degrees per second. Each of these gyrgte that aligns the estimated, transformed three-dimensional
has approximate dimensionsx13 x 3 cn¥, weighs camera rotation with the ground truth rotation. This angle
12 g, and has a single unit cost of approximately $30@s the angle component of the angle-axis representation of
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PERSPECTIVE ARM EXPERIMENT (SECTION 7)
Batch image—and-inertial estimates accur&egtfon 7.3)
As the initial estimate and error function variances \88¥A, Table 1, Figures 7 and 8)
As the speed of the motion varigst(B, Table 2)
Batch image—only estimates accura®gction 7.4)
As the intrinsics calibration errors and image observation errors vary (Tables 3 and 4, Figure 9)
Recursive image—and-inertial estimates accurgestion 7.5)
As the time propagation variances v&@st (A, Table 5, Figure 10)
As the number of initialization images varigst(B, Table 6)
As the speed of the motion varigst(C, Table 7)

OMNIDIRECTIONAL ARM EXPERIMENT (SECTION 8)

For each of three experimengg¢tion 8.2):
Experiment 1: low resolution, high speed, unmodeled observation errors
Experiment 2: high resolution, low speed
Experiment 3: low resolution, low speed

Consider §ections 8.3, 8.4, and 8.5; Table 8; Figure 13):
Batch image—-and-inertial estimates accuracy
Batch image-only estimates accuracy

Recursive image—and-inertial estimates accuracy as the number of initialization images varies

PERSPECTIVE CRANE EXPERIMENT (SECTION 9)

Recursive image—and-inertial estimate accur8egtion 9.3, Figures 15 and 16)

PERSPECTIVE ROVER EXPERIMENT (SECTION 10)
Recursive image-only estimates accuracy
As the number of features in each image va$iestipn 10.3, Figure 19)
Recursive image—and-inertial estimates accuracy

As the time propagation variances v&srction 10.4)

Fig. 5. The organization of the experiments.

We also report the error in global scale between the esti-

mated and ground truth motion. Specifically, we report, as & Perspective Arm Experiment
percentage

1173

the relative rotation. The reported translation error is the disvheres is the transformation scale in eq. (26). So, the scale
tance in three-space between the estimated, transformed camer is greater than zero if the scale of the estimated motion

era translation and the ground truth camera translations. ksrarger than that of the ground truth motion, and less than
both rotation and translation we report average and maximumaro otherwise.

In our first experiment we mounted a perspective camera and
scale error=1/s — 1 (27) " the inertial sensors on a robotic arm to produce image and
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Fig. 6. Images 16, 26, 36, and 46 from the 152 image sequence in the perspective arm experiment, with the tracked features
overlaid, are shown clockwise from the upper left. As described in Section 7.1, the images are one field of an interlaced
image, so their height is half that of the full images.

inertial observations from a known motion. We used the radistance traveled of about 3 m. Projected onto the) plane,
sulting observation sequence and ground truth motion infathese points are located on a square, and the camera moves
mation to investigate the relative performance of the batam a curved path between points, producing a clover-like pat-
image-and-inertial, batch image-only, and recursive imagéernin (x, y). In z, the camera alternates 0.3 m between high
and-inertial algorithms, as the estimation parameters, initiahd low positions at consecutive control points. The camera
estimates, and the speed of the motion varied. rotates through an angle of 278bout the camera’s optical
In Sections 7.1 and 7.2 we have described the sensor caxis during the course of the motion.
figuration and observations, respectively, for this experiment. The observation sequence consists of 152 images and ap-
Sections 7.3, 7.4, and 7.5 describe the estimates produceddogximately 860 inertial readings, each consisting of both
the batch image-and-inertial, batch image-only, and recursigegyro and accelerometer voltage. 23 features were tracked
image-and-inertial algorithms for these observations. Becaudgough the image sequence, but only five or six appear in
these sections include a large number of estimates, we harg/ one image. Points were tracked using the Lucas—Kanade
included a concise summary of the key results in Section 7 .&lgorithm (Lucas and Kanade 1981), but because the sequence
contains repetitive texture and large interframe motions, mis-
7.1. Camera Configuration tracking was common and was corrected manually. Four ex-

) ) ample images from the sequence, with tracked points overlaid,
We used a conventional frame grabber to capture imagesgag shown in Figure 6. In this experiment, as in all the follow-

30 Hzfroma Sony XC-55 industrial vision camera paired Withy g experiments, we have assumed that the observation error

a6 mm lens. The camera exposure time was set to 1/200 @ ociated with each tracked point position is isotropic with
reduce motion blur. To remove the effects of interlacing, onlyarjance(2.0 pixels?.

one field was used from each image, producing &4240
pixel images. As mentioned in Section 4, we have assumed ) )
the camera intrinsics model described by Heikkila and Silveh3 Batch I mage-and-Inertial Estimates

(1997). This calibration naturally accounts for the reduce@l/e computed two sets of estimates for the motion and other
geometry of our one-field images. unknowns using the batch image-and-inertial algorithm:

7.2. Observations » Set A explores the accuracy of the motion estimates
versus ground truth as the quality of the initial estimate

To perform experiments with known and repeatable motions,  and the variances that specify the inertial error function
the rig was mounted on a Yaskawa Performer-MK3 robotic Eiertial VAry;

arm, which has a maximum speed of 3.33thand a payload
of 2 kg. The programmed motion translates the camerna » Set B explores the accuracy of the motion estimates
andz through seven pre-specified control points, for a total versus ground truth as the speed of the motion and the
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variances that specify the inertial error functiBp.iy the final estimate span 27 rotation about;, whereas all
vary. of the camera positions in the blind initial estimate are zero.
_ . ) This is a much larger range of convergence than that found
In tr_us subsection we c_zlescrlbe the_ convergence of the batch@lr patch image-only estimation by Szeliski and Kang (1994),
gorithm and the error in the resulting estimates versus grougg,q report failure to converge for spans in rotation above 50

truth for each of these estimates. The improved convergence above some inertial error vari-
ance threshold is an effect we see in many data sets, and pre-
731 St A sumably occurs because the inertial error function has a sim-

. . . . ler topography than the image error function. In each case
For the estimates in Set A, the rotation, translation, and velop— pography g

. . . o here the algorithm converged, it converged to the same es-
ity error variances that specify the Mahalanobis dlstarmest ¢ g g

. ) . . imates for a particular choice of the inertial error variances.
in Eieiia (described in Section 4.3) were always chosen to q P

fi the table, this is reflected by the identical error metrics for
- 3 7
equalto each o_ther,_ and varied togetherfron?l(_i 10 For each choice of the variances. Those cases where the method
each of these inertial error term variance choices, the ba

. . . o led to converge from the blind estimate are indicated in the
algorithm was run starting from each of four different |n|t|altable by “N/A"

estimates, as follows. The rotation, translation, and scale errors versus ground

« An “accurate” estimate produced by the recursivduth were low across a wide range of the inertial error vari-
image-and-inertial algorithm. ances, and the trend in the translation errors as a function of
the inertial error variances is shown in Figure 8. Variances
» A “poor” (i.e., qualitatively correct but not otherwise between 16® and 10* all produced strong estimates. The
accurate) estimate produced by the recursive imagestimates that result from the fOvariances, which weight
and-inertial algorithm. the inertial measurements the least relative to the image mea-
_ ) o _ surements, are weak and show some of the problems inherent
* A*failed” (i.e., not qualitatively correct) estimate pro- i estimating the motion from image measurements only. We
duced by the recursive image-and-inertial algorithm. giscyss the problems with image-only estimation for this data

* A “blind” estimate produced using the default initiaI-Set in Section 7.4.

ization method described in Section 4.6. This initializa-
tion does not use the recursive method or any a prio?'r3-2- =t B

knowledge of the unknowns. As mentioned at the beginning of this subsection, we also con-

The accurate, poor, and failed recursive estimates were ge%p_ered asecond setof estimates, Set B, which were produced
i

ated using increasingly inappropriate choices of the recursi ¥ varying t'\r/lle speed c:cf thﬁ motlontf':;.nq t”he |Inertlgltﬁrrqr term
algorithm’s angular velocity and linear acceleration propagé’f’ma_nces_" ore spectiicatly, we artificially siowed th€ image
d inertial observation sequences described in Section 7.2

tion variances. We consider the effect of varying these prop Df ; 5 f— 4 andf — 8 using the followi
gation variances on the recursive algorithm in more detail i actorsf = 2, f = 4, andf = 8 using the following
ur-step procedure.

Section 7.5, which is devoted to the accuracy of the recursive

algorithm for this data set. 1. Increase the image, gyro, and accelerometer times-
Table 1 summarizes the results for Set A, including the tamps by a factor of.

number of iterations required for convergence and the error

metrics for each combination of th&,., error function vari-

ances and initial estimate quality. For each choice of the iner-

tial error variances, the algorithm converged in a few iterations

from the accurate and poor initial estimates, and failed to con- 3 raquce each of the observed gyro angular velocities by
verge from the failed initial estimate. Figure 7 shows.the a factor of f and the observed accelerometer apparent
translation estimate from the batch image-and-inertial algo-  ,.celerations by a factor g.

rithm assuming inertial error variances of ¥0along with the

accurate and poor initial estimates used in the minimization. 4. Add Gaussian random noise to the scaled inertial mea-
The algorithm also converged from the blind initial esti- surements produced by step 3 to bring the measurement

mate for most choices of the inertial error variances, but re- noise level back to that of the original observations.

quired more iterations than convergence from the accurate.ﬁjiis method works well for both the gyro and accelerometer

poor recursive esnmatgs. l.n Fhose cases where the algorltlF'ﬁ@asurements in this data set, subject to the following caveats.
converged from the blind initial estimate, the convergence

was in spite of a large difference between the blind estimate < The frequency of the image observations is reduced by
and the final estimate. For example, the camera positions in  a factor f as well as the motion speed.

2. Introduce f — 1 new interpolated inertial read-
ings between each adjacent pair of original inertial
measurements.
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Fig. 7. Thex, y translation estimates generated by the batch image-and-inertial algorithm for the perspective arm experiment,
assuming inertial error variances of 20Left: the final estimate and the accurate initial estimate are shown as the dash-dotted

and solid lines, respectively. The y locations of the seven known ground truth points are shown as squares. Right: the final
estimate and the poor initial estimate are shown as the dash-dotted and solid lines, respectively. The known ground truth points
are again shown as squares. The accurate and poor initial estimates were generated using the recursive image-and-inertial
algorithm with different choices for the propogation variances.

 Since the effects of acceleration, accelerometer rot#:4. Batch | mage-Only Estimates

tion, accelerometer bias, and gravity on the accelerom-

eter measurements cannot be separated a priori, we hdeehighlight the complementary nature of the image and in-

chosen to apply a simple scaling to both the gyro anel'tial observations, we generated an estimate of the camera

accelerometer measurements in step 3 above. So, #sitions and three-dimensional point positions from image

effective bias and gravity in the resulting acceleromemeasurements only using the method described in Section 4.7.

ter measurements have magnitudes that afé those The initial estimate used was the batch image-and-inertial es-

of the original bias and gravity. timate marked X) in Table 1. The rotation and translation
errors for the image-only estimate are given in the last row of

« The accelerometer measurements in this data set cdi@ble 1. No scale error is reported for this estimate because,
tain high-frequency vibrations with magnitudes large®S mentioned in Section 6.4, no global scale is recovered by
than the accelerometer noise level. So, interpolatirignage-only motion estimation. They translations estimated
smoothly between two measurements that result froling the image-only method are shown with the image-and-

vibration does not completely reflect the nature of théertial translation estimates in Figure 9(a).
original motion. The motion estimate from image measurements has large

errors, and the errors versus ground truth are much higher than

For each inertial error variance between®and 10* and  for the image-and-inertial estimate. The image-only algorithm
for each slowdown factof = 2, 4, 8, we ran the batch image- reduces the image reprojection error versus the batch image-
and-inertial algorithm from an initial estimate generated usingnd-inertial estimate, but, in this case, reducing the image
the recursive image-and-inertial algorithm. The performanaeprojection error degrades rather than improves the motion
of the recursive image-and-inertial algorithm on these sloweaabtimate.
observation sequences is described in Section 7.5. The erroWhat is the source of the large estimation errors produced
metrics and number of iterations required for convergend®y the batch image-only method? When synthetic, zero error
for each of these estimates are given in Table 2. The qualithage measurements are generated from the batch image-and-
of the estimates degrades and becomes more sensitive toittertial camera and three-dimensional point estimates, and the
inertial variance choices as the slowdown factor increasdsatch image-only algorithm is applied to a perturbed version
and we would expect this trend to continue as the slowdowafthe batch image-and-inertial estimate, the batch image-and-
factor increases further. However, the rate of degradation forertial estimate is correctly recovered from the image data
the best error variance choice is reasonable. alone. This is reflected in row 1 of Table 4. It follows that,
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translation errors as a function of the inertial error function variances

log(inertial error function variances)

Fig. 8. The average (solid line) and maximum (dashed line) translation errors from Table 1, shown as a function of the inertial
error function variances. The change in the errors as a function of the inertial error function variances is small over a wide
range of variances, from 1®to 10*. The same is true for the rotation and scale errors.

Estimated (X, y) camera translations

Estimated (x, y) camera translations

0.5 051
0.4r 0.4
0.3 0.3r
0.2¢ o2t

7 0.1r 0 0.1F
= -01r = -04rt
-0.2} -0.2F
-0.31 -0.31
-0.4} -0.4F
-051 -0.5+

—018 —0‘.6 —014 —012 6 0‘.2 014 016 —0‘.8 016
(meters) (meters)
(a) (b)

Fig. 9. Estimates for the perspective arm experiment generated using the batch image-only method. Left: the batch image-
and-inertial and batch image-onty y translation estimates are shown as the dash-dotted and solid lines, respectively. Right:
the batch image-and-inertial estimate, and the batch image-only estimate generated from synthetic projections perturbed by
isotropic, (2.0 pixel)? variance noise are shown as the dash-dotted and solid lines.
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Table1. TheError Metricsand I terations Required for Convergencefor the Set A Estimatesfrom the Per spectiveArm
Experiment

0,1,V Initial Rotation Translation Scale Iterations for
Variances Estimate Error (rad) Error (cm) Error Convergence

108 Accurate recursive estimate 0.13/0.20 3.3/5.3 —6.4% 3
Poor recursive estimate 0.13/0.20 3.3/5.3 —6.4% 5

Blind 0.13/0.20 3.3/5.3 —6.4% 201
107 Accurate recursive estimate 0.10/0.16 3.1/4.9 —6.0% 3
Poor recursive estimate 0.10/0.16 3.1/4.9 —6.0% 5

Blind 0.10/0.16 3.1/4.9 —6.0% 163
10 Accurate recursive estimate 0.09/0.14 2.6/3.9 —6.7% 3
Poor recursive estimate 0.09/0.14 2.6/3.9 —6.7% 5

Blind 0.09/0.14 2.6/3.9 —6.7% 69
107 (%) Accurate recursive estimate 0.09/0.14 2.3/29 —-8.2% 4
Poor recursive estimate 0.09/0.14 2.3/2.9 —8.2% 5

Blind 0.09/0.14 2.3/2.9 —8.2% 209
104 Accurate recursive estimate 0.09/0.12 2.713.7 —-13.4% 5
Poor recursive estimate 0.09/0.12 2.713.7 —-13.4% 10

Blind N/A N/A N/A N/A

103 Accurate recursive estimate 0.12/0.17 8.9/155 —-29.3% 23
Poor recursive estimate 0.12/0.17 8.9/155 —-29.3% 23

Blind N/A N/A N/A N/A

Image only Batch estimatg) 0.47/0.60 19.0/32.6 N/A N/A

The rotation and translation error entries give the average error before the slash and the maximum error after the slash. The
“N/A" entries indicate those cases where the algorithm failed to converge. The algorithm failed to converge from the failed
recursive initial estimate for every choice of the inertial error variances, so we have excluded these entries from the table.

while the shape and motion in this example are not strictifjumed in our experiments. The resulting errors are shown in
degenerate, estimating the motion from image observatiorevs 7—11 of Table 4, and are an order of magnitude larger
only for this data set is highly sensitive to errors in either ththan the errors that result from perturbing the camera intrin-
image observations or the camera intrinsics calibration.  sics. We conclude that the sensitivity to image observation

To investigate the relative effects of image observation eerrors is a major source of error in the image-only motion es-
rors and camera intrinsics calibration errors, we have gengimates for this data set. Furthermore, the image observation
ated 10 additional estimates from the synthetic observatiorgors are a larger source of error in the estimated motion than
described above. In the first five, we used the synthetic, zerexror in the camera intrinsics calibration, unless the intrinsics
error image observations, but randomly perturbed the cameaalibration algorithm grossly underestimates the intrinsics er-
intrinsics used in the estimation according to the standardr variances.
deviations for these values reported by the camera intrinsics
calibration estimation program. The estimated camera intriff-5. Recursive Image-and-Inertial Estimates
sics, along with the reported standard deviations, are givenye computed three sets of estimates from the perspec-
Table 3. tive arm observations using the recursive image-and-inertial

The results are shown in rows 2—6 of Table 4. The resultinggorithm:
errorsinthe estimates are of the order of, orless than, the errors
that we observe in the batch image-and-inertial estimates from
the real image measurements.

In the second five experiments, we used unperturbed cam-
era intrinsics values, but added noise to the synthetic projec- « Set B explores the estimation accuracy as the number
tions with a standard deviation of 2.0 pixels in each direction, of images used in the recursive algorithm’s batch ini-
which is the same observation error distribution we have as-  tialization varies;

» Set A explores the estimation accuracy as the recur-
sive algorithm’s angular velocity and linear accelera-
tion propagation variances vary;
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Table2. TheError Metricsand I terations Required for Convergencefor the Set B Estimatesfrom the Per spectiveArm
Experiment

Slowdown 0,1,V Rotation Translation Scale Iterations for
Factor Variances Error (rad) Error (cm) Error Convergence
1 10°® 0.09/0.14 26/3.9 —6.7% 3
10°° 0.09/0.14 2.3/29 —8.2% 4
10+* 0.09/0.12 27137 —13.4% 5
2 10°® 0.09/0.12 24/3.3 -9.1% 4
10°° 0.11/0.17 2.3/3.0 —14.9% 4
10+ 0.13/0.18 3.4/54 —19.7% 6
4 10°® 0.13/0.19 2.7/3.3 —-14.1% 7
10° 0.24/0.30 5.6/8.4 —29.0% 16
10+ 0.37/0.41 8.8/12.7 —37.0% 30
8 10°® 0.17/0.25 45/6.7 —22.2% 59
10°° 0.24/0.33 7.4/11.3 —34.8% 8
10+ 0.43/0.47 10.7/14.6 —44.9% 116

As in Table 1, the rotation and translation error entries give the average error before the slash and maximum error after the
slash.

Table 3. The Camera Intrinsics Estimates and Standard Deviations for the Per spective Arm Experiment, Which Were
Used to Generate Perturbed Intrinsicsfor the Experimentsin Section 7.4.

Camera Intrinsics Parameter

Estimated Value and Standard Deviation

x, y focal lengths in pixels
x, y image center in pixels

Second- and fourth-order radial distortion coefficients
v, x tangential distortion coefficients

[834.18 419.88][3.20 1.82]

[317.34 105.30][9.46 4.34]

[-0.290 0.35[1.030 .210]
[-.00621 -0.00086]0.0024 0.0015]

Table 4. The Sensitivity of Image-Only Batch Estimation to Camera Intrinsics Calibration Errorsand to Image

Observation Errors

Perturbed Perturbed Rotation Translation
Trial Instrinsics Projections Error (rad) Error (cm)
1 No No 34 x 10°%/ 3.3x10°¢/
1.1x10°® 9.6 x 10°°
2 Yes No 0.032/0.056 1.0/25
3 Yes No 0.030/0.037 1.3/2.7
4 Yes No 0.094/0.130 3.0/8.0
5 Yes No 0.046/0.070 15/4.0
6 Yes No 0.028/0.043 1.3/2.8
7 No Yes 0.27/0.60 22.9/60.1
8 No Yes 0.19/0.57 21.0/53.2
9 No Yes 0.42/1.07 34.4/70.3
10 No Yes 0.57/0.90 29.8/59.2
11 No Yes 0.32/0.66 17.7/61.5

The correct motion can be recovered from image measurements only given synthetic, zero noise observations and the intrinsics
used to generate them (row 1). Estimating the motion from the synthetic image observations and a perturbed version of the

camera intrinsics that generates the observations results in errors (rows 2—6) are much less than the errors that result from
estimating the motion from the unperturbed camera intrinsics and noisy image observations (rows 7-11).
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« Set C explores the estimation accuracy as the speedaffthe image measurements decrease is reasonable, and com-
the motion varies. parable to that of the batch algorithm.

751 SetA 7.6. Summary

We computed 25 estimates using the recursive image-arﬂle experiments in this section indicate the following.

inertial algorithm, varying th_el ?rlgl;ular velocity Propaga- 1. The batch image-and-inertial algorithm has a wide
tion variance from(10*rads%)*s™* to (10°rad s™)’s range of convergence. In particular, the algorithm can
and the linear acceleration propagation variance from converge from poor initial estimates, including esti-

(102m s#)’s7 to (10°m s7)*s™*. Guided by the batch algo- mates that use no a priori knowledge of the unknowns.
rithm results in Table 1, we have adopted rotation, translation, L wvever the algorithm can be made to fail by choos-

and velocity error variances of 10for the batch initializa- ing a severely inaccurate initial estimate (Section 7.3,

tion in each case, and the batch initialization uses 40 images  gg¢ A).

in each case. The gyro and accelerometer measurements vari-

ances are from the sensor calibration described in Section 6.3.2. The batch image-and-inertial algorithm converges from
The results are summarized in Table 5 and Figure 10. Gen-  awider range of initial estimates than batch image-only

erally, the estimates are good if the angular velocity variance  estimation (Section 7.3, Set A).

is 17 or less and if the linear acceleration i 10 greater. If

the linear acceleration is less thar? ifhien due to the strong

accelerations in the motion, the filter is unable to track the

changes in linear acceleration. Of the variances tests, an an-

gular velocity variance of 16 and a linear acceleration vari- 4 Tnhe overall scale of the motion and scene structure can
ance of 10 provide the best estimate, so we have adopted e recovered to within a few percent from image and

3. The accuracy of the batch image-and-inertial algorithm
is largely insensitive to the choices of the variances that
define the inertial error term (Section 7.3, Set A).

these propagation variances in Sets B and C below. inertial measurements, even when an inexpensive ac-
celerometer not intended for navigation applications is

752. S B employed (Section 7.3, Sets A and B).

We computed five estimates using the recursive image-and-5. The accuracy and convergence of the batch image-

inertial algorithm varying the number of batch initialization and-inertial algorithm degrade gracefully as the over-

images from 20 to 60. As in Set A above, we have used ro-  all speed of the sensor motion decreases and the time

tation, translation, and velocity error variances of %Lor between image measurements increases (Section 7.3,

the batch initialization. Based on the experiments in Set A Set B).
above, we have adopted angular velocity and linear accelera-
tion propagation variances of 10and 10, respectively.

The results are summarized in Table 6. The quality of the
estimates degrades as the number of initialization images goes
down. In particular, initializing from only 20 images produces
a poor recursive estimate for this data set.

6. Batch image-only estimation can be highly sensitive to
errors in both the image measurements and the cam-
era intrinsics calibration. However, for the data set de-
scribed in this section, the sensitivity to image measure-
ments errors appears to be much higher (Section 7.4).

7. The recursive image-and-inertial algorithm can be
753 .St C highly sensitive to the angular velocity and linear ac-
celeration propagation variances and to the number of
To investigate the robustness of the recursive method to initialization images, so these values need to be cho-
changes in the overall speed of the motion, we also com-  sen in a way that accommodates the sensors’ motion
puted three additional estimates using the recursive image- (Section 7.5, Sets A and B).
and-inertial algorithm on the artificially slowed observation o . ) .
sequences described in Section 7.3. As in Set A, the batch 8. The sensitivity of the recursive algorithm to changes in

initialization uses 40 images and £Cfor the inertial error the speed of the motion and the frequency of the image
variances. Based on the results from Set A above, we have ~Measurements is low, and is comparable to that of the
again adopted 16 and 10 as the angular velocity and linear batch algorithm (Section 7.5, Set C).

acceleration propagation variances, respectively.

The results are summarized in Table 7. As one might ey
pect, the rotation and translation errors are slightly worse for
the recursive algorithm than for the batch algorithm. Howevefo compare the relative benefits of using inertial measure-
their degradation as the overall motion speed and frequeneents versus omnidirectional images, we conducted three

Omnidirectional Arm Experiments
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Table 5. TheAverage Error Metricsfor the Set A Estimates Generated Using the Recur sive | mage-and-I nertial

Algorithm
o Propagation a Propagation Rotation Translation Scale
Variance Variance Error (rad) Error (cm) Error

102 1072 0.25 8.4 —3.0%
1 0.12 4.2 —3.1%
10 0.11 4.0 —2.8%
10 0.10 3.4 0.6%
10 0.12 35 —0.3%

1° 102 0.25 8.3 —-1.3%
10 0.13 4.2 —2.9%
1 0.11 3.9 —2.6%
10 0.10 35 0.9%
10 0.12 3.6 —0.1%

17 102 0.4 14.0 16.7%
1 0.14 3.8 —4.3%
1 0.13 3.5 —4.7%
1 0.10 3.5 —0.07%
10 0.11 4.0 1.3%

10 1072 N/A N/A N/A
1 0.22 5.0 —8.1%
10 0.20 5.1 —9.2%
10 0.13 3.6 —3.0%
10 0.26 10.7 —24.0%

1¢° 102 0.30 13.0 1.4%
10 0.32 14.3 8.7%
1 0.18 5.8 —7.6%
10 0.13 4.0 —2.5%
10 0.54 134 14.9%

Table6. TheError Metricsfor the Set B Estimates Generated Using the Recur sive | mage-and-Inertial Algorithm

Initialization Rotation Translation Scale
Images Error (rad) Error (cm) Error
20 1.21/1.39 15.7/42.2 —47.8%
30 0.22/0.26 5.7/6.9 20.0%
40 0.10/0.15 3.4/4.5 0.6%
50 0.10/0.16 2.7/13.7 —4.2%
60 0.08/0.12 2.1/2.8 —-3.2%

As in previous tables, the rotation and translation error entries give the average error before the slash and the maximum error

after the slas

h.

Downloaded from http://ijr.sagepub.com at CARNEGIE MELLON UNIV LIBRARY on August 9, 2008
© 2004 SAGE Publications. All rights reserved. Not for commercial use or unauthorized distribution.


http://ijr.sagepub.com

1182 THE INTERNATIONAL JOURNAL OF ROBOTICS RESEARCH / December 2004

recursive algorithm translation errors as a function of the propagation variances
16 T T T T T T T T T

14 |8 =TT i

12F y .

average translation error (cm)

log(acceleration propagation variance)

Fig. 10. The average translation errors given in Table 5 for the recursive image-and-inertial algorithm, as a function of the
linear acceleration propagation variance, for angular velocity propagation variances ¢édii line), 16 (dashed line),

and 16 (dash-dotted line). The accuracy of the recursive method is dependent on choosing propagation variances appropriate
for the sensors’ motion.

Table 7. TheError Metricsfor the Set C Estimates Generated Using the Recur sive Image-and-I nertial Algorithm

Slowdown Rotation Translation Scale
Factor Error (rad) Error (cm) Error
1 0.10/0.15 3.4/4.5 0.6%
2 0.12/0.16 3.7/4.8 0.7%
4 0.17/0.21 3.2/5.3 —10.9%
8 0.13/0.16 5.4/8.0 —9.3%

The rotation and translation error entries give the average error before the slash and the maximum error after the slash.

experiments with the omnidirectional cameras shown in Fignirror by a rig that allows the relative rotation and translation
ures 3 and 4, using the same arm used for the perspecthatween the mirror and camera to be manually adjusted. As
experiment described in Section 7, and a similar motion. Thie the perspective arm experiments described in the previous
sensor rigs and observation sequences for these experimesgtstion, the CCD camera is a Sony XC-55, captured by a con-
are described in Sections 8.1 and 8.2, respectively. The batantional frame grabber at 30 Hz, and the 6480 interlaced
image-and-inertial, batch image-only, and recursive imagénages are again reduced to 640240 non-interlaced images
and-inertial estimates are described in Sections 8.3, 8.4, amgdremoving one field. The camera was paired with a 16 mm

8.5, respectively. lens for use with the mirror. As mentioned in Section 4.5, the
mirror is the equiangular mirror described by Ollis, Herman,

8.1. Sensor Configuration and Singh (1999). The adjustable rig is convenient but, as we

8.1.1. First Omnidirectional Configuration see in Sections 8.2 and 8.4, is somewhat flexible and allows

The first omnidirectional camera configuration is shown i§0Me unmodeled vibration between the camera and mirror
Figure 3 and consists of a CCD camera attached to a cony&ing erratic motion.
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8.1.2. Second Omnidirectional Configuration rected by hand. Four example images from the sequence, with

e , L .. the tracked features overlaid, are shown in Figure 12.
The second omnidirectional configuration is shown in Fig-

ure 4 and consists of an IEEE 1394 camera attached to a con-
vex mirror by a clear, rigid cylinder. The color, 1042768 8.2.3. Third Experiment
|ma’ges produced by. t.h.e camera were captured at the ¢ or the third experiment, the image sequence from the sec-
era’s maximum acquisition rate of 15 Hz, and were reduced to .
. . . -~ ond experiment was reduced to 64®40 to test the effects
gray-scale, 64& 480 images before tracking. As with the first _, . . C . .
L ) . . .. of image resolution on the omnidirectional motion estimates,
omnidirectional configuration, the camera was paired with a . : . .
. . ) : : and the eight points tracked in the second experiment were
16 mm lens. The mirror is again the equiangular mirror de- . i
. . . retracked through the entire sequence of reduced resolution
scribed by Ollis, Herman, and Singh (1999). . o2 .
: . . ; L images. The inertial measurements are the same as in the sec-
As mentioned in Section 4.5, our motion estimation al- .
. . . nd experiment.
gorithms can incorporate knowledge of the six-degrees-of-
freedom misalignment between the camera and mirror if this

information is available, and an accurate estimate of this trarf$2.4. Comparisons Wth the Perspective Arm Data Set

formation generally increases the accuracy of motion estima- . . L . .
9 y y mL?he motion speed and image resolution in the first omnidirec-

tion from omnidirectional images. For the experiments d ional experiment, which uses the first omnidirectional con
scribed here, the precise mirror-to-cameratransformations are P '

. . }guration, are the same as those used to produce the unslowed
notavailable, so we have used reasonable but necessarily | erspective arm estimates (the SetA batch image-and-inertial
precise values for this transformation in our experiments. Persp 9

estimates in Section 7.3, the batch image-only estimates in
) Section 7.4, and the Sets A and B recursive image-and-inertial
8.2. Observations estimates in Section 7.5). So, the batch image-and-inertial,
8.2.1. First Experiment batch image-only, and recursive image-and-inertial estimates
In the first experiment, the first omnidirectional rig wagProduced from this omnidirectional data set can be compared

mounted on the Performer arm and the same motion us@@ainst those described in Table 1 (rows labeleyi Table 1
for the perspective arm experiment, described in Section 7 #oW labeled “image only”), and Tables 5 and 6, respectively.
was executed. The resulting observation sequence contafie caveat is that, as we see in Section 8.4, the unmodeled
152 omnidirectional images and 862 inertial readings. vibration in the first omnidirectional experiment introduces
Six points were tracked through the sequence using Luca§cal motion errors in the image-only estimates. Since this
Kanade (Lucas and Kanade 1981) with manual correction. wnmodeled vibration is not an inherent flaw in omnidirec-
most of the images, all six points were visible. A few exampléonal cameras, this should be considered when comparing
images from this sequence, with tracked features overlaid, i€ image-only estimates from the perspective arm experi-
shown in Figure 11. As mentioned above in Section 8.1, tHgent and the first omnidirectional arm experiment.
rig in the first configuration is somewhat flexible and allows The motion speed and image resolution in the third om-
some unmodeled vibration between the mirror and camepifirectional experiment, which uses the second omnidirec-
when the motion is erratic. So, some vibration of the mirrofional configuration and vertically reduced images, are the

and of the tracked features, of the order of 10 pixels, is visibg@me as those used to produce the slowed perspective arm
in the image sequence. estimates with the slowdown factgr = 2 (the Set B batch

image-and-inertial estimates in Section 7.3 and the Set C re-

cursive image-and-inertial estimates in Section 7.5). So, the

batch image-and-inertial and recursive image-and-inertial es-

In the second experiment, the second omnidirectional rig wéighates from this omnidirectional experiment can be com-

placed on the Performer arm, and moved through a motigared against those described in Tablg'2< 2) and Table 7

similar to that used in for the perspective arm experimeifline 2), respectively.

and for the first omnidirectional experiment described above.

Since the camera was able to acquire images at only 15 52 Batch I mage-and- nertial Estimates

rather than 30 Hz, the arm velocity was reduced to half to

produce an image sequence with the same number of imades each of the three experiments, we generated a batch image-

as the sequence used in the first experiment; inertial memd-inertial estimate of the motion and other unknowns, using

surements were acquired at the same rate as in the previamsestimate from the recursive image-and-inertial method as

experiments. The resulting observation sequence contains 262 initial estimate; these recursive estimates are described

omnidirectional images and 1853 inertial readings. in Section 8.5. Based on the results in Section 7.3 exploring
Eight points were tracked through the entire sequence use accuracy of estimates as a function of the inertial error

ing Lucas—Kanade. Mistracking was again common and corariances for the perspective sequence, we have chosen the

8.2.2. Second Experiment
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-

Fig. 11. Images 0, 50, 100, and 150 from the 152 image sequence acquired with the first omnidirectional camera configuration
for the first experiment, shown clockwise from the upper left. The tracked features are overlaid. As with the images in
Figure 6, the images are one field of an interlaced image, so their height is one-half the height of the full images.

inertial error variances to be 10for each omnidirectional 8.5. Recursive | mage-and-I nertial Estimates
experiment.

The error statistics for each of the three batch image-a
inertial estimates are given in Table 8, and the translation

n}g{e also generated a sequence of estimates using the recursive
Image-and-inertial algorithm, varying the number of images

estimates from the first and second experiments are shown's din the batch initialization. Based on the experiments de-

the dash-dotted lines in Figure 13. In each experiment ys&ribed in Sections 7.3 and 7.5, we have chosen to use inertial

estimates suffer somewhat from the lack of a precise cametg o variances of 10 for the batch inifialization, 40 images

to-mirror transformation calibration, but the results are com"” the batch initialization, and angular velocity and linear ac-

parable to those in the perspective arm experiment, desp?t%lsrr;tif: propagation variances of 1@nd 10 for recursive

the changes in motion speed, frame rate, and image reso(i)'EJ_The error metrics for the recursive estimates are also given
tion across the three experiments. 9

in Table 8. In the first experiment, which uses the adjustable

. omnidirectional camera rig, the recursive algorithm is unable
8.4. Batch Image-Only Estimates to overcome the unmodeled effects of vibration between the
For each of the three experiments we also generated a bagelinera and mirror caused by the erratic motion of the arm,
image-only estimate. For consistency with the perspective exhereas the batch image-and-inertial method is robust to this
periments described in Section 7.4, we used the batch imaggoblem. The recursive method produces accurate estimates
and-inertial estimate as the initial estimate for the image-onfgr the second and third experiments, which use the more rigid
initialization. The error statistics for each of the image-onlgecond omnidirectional camera rig, and for those experiments
estimates are also given in Table 8, and the translation  the estimates degrade gracefully as the number of initializa-
estimates for the first and second experiments are shownt@s images is decreased.

the solid lines in Figure 13. Unlike the perspective image-

only estimate, each of the three omnidirectional estimatesdsg, Summary

globally correct, which reflects the advantage of using om-

nidirectional cameras over perspective cameras for motidie experiments in this section indicate the following.
estimation. However, as mentioned in Section 8.1, the first 1
omnidirectional camera configuration, which is used in the =
first experiment, suffers from an unmodeled vibration be-
tween the camera and mirror when the camera’s motion is
erratic. The effects of this vibration appear in the batch image-
only estimate on the left of Figure 13 as local perturbations in
the motion. Interestingly, the use of inertial measurements

in the batch image-and-inertial estimate eliminates these 2. Theincorporation of inertial measurements in the batch
perturbations. image-and-inertial algorithm provides some robustness

Image-only motion estimation from omnidirectional
images is less sensitive to random image measurement
errors than image-only motion estimation from per-
spective images, so the advantage of incorporating in-
ertial measurements is less for omnidirectional images
than for perspective images (Sections 8.3 and 8.4).
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Fig. 12. Images 0, 50, 100, and 150 from the 152 image sequence acquired with the second omnidirectional camera
configuration for the second experiment, shown clockwise from the upper left. The tracked features are overlaid. In this
experiment, the camera produces full-resolution, non-interlaced images.

to moderate, non-random image measurement errors 4r2. Observations
this case unmodeled vibration between the mirror and

camera in the first experiment (Sections 8.3 and 8.4)The rig was mounted on the platform of a specially constructed
crane that translates the platform within a £Q0 x 5 m®
3. The recursive image-and-inertial algorithm producearea. For the experiment, the crane was programmed to move
poor estimates in the presence of non-random imadeetween 11 pre-specified control points. These points take the
measurement errors in the first experiment, despite tidatform from the center of the work area to one corner of a
incorporation of inertial measurements (Section 8.5).6 m wide square aligned with the crane coordinate system
(x, y), around the square, and then back to the center of the
work area. Ing, the platform translatel m between adjacent
9. Per spective Crane Experiment control points, alternating between high and low positions.
The observation sequence taken during this circuit con-
sists of 1430 images and 51,553 inertial readings spanning
4 min 46 s; eight example images from the sequence are
The camera configuration for the perspective crane expeshown in Figure 14. 100 points were extracted in the first
ment is the same as that for the perspective arm experimeiniage of the sequence, and tracked through the sequence us-
except that to gain a wider field of view a 3.5 mm lens wagg Lucas—Kanade. In subsequent images in which the num-
used in place of the 6 mm lens. ber of tracked points fell below 80 due to features leaving the

9.1. Camera Configuration
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Table 8. TheError Metricsfor the First, Second, and Third Omnidirectional Arm Experiments

Rotation Translation Scale
Experiment Estimate Error (rad) Error (cm) Error
First Batch image-and-inertial 0.12/0.15 3.4/45 5.2%
Batch image-only 0.12/0.15 5.1/75 N/A
Recursive, 20 image 0.14/0.18 7.4/12.3 —33.8%
initialization
Recursive, 30 image 0.12/0.15 7.5/14.2 —48.9%
initialization
Recursive, 40 image 0.12/0.20 9.6/15.6 —6.1%
initialization
Recursive, 50 image 0.11/0.15 6.4/9.2 —5.8%
initialization
Recursive, 60 image 0.11/0.15 6.1/8.1 2.8%
initialization
Second Batch image-and-inertial 0.11/0.13 41/6.3 6.7%
Batch image-only 0.10/0.12 40/6.1 N/A
Recursive, 20 image 0.14/0.22 6.2/9.5 113.5%
initialization
Recursive, 30 image 0.14/0.18 47170 —-11.6%
initialization
Recursive, 40 image 0.13/0.17 41/5.2 —13.3%
initialization
Recursive, 50 image 0.13/0.17 3.9/5.2 —-9.2%
initialization
Recursive, 60 image 0.11/0.15 3.9/4.9 8.5%
initialization
Third Batch image-and-inertial 0.11/0.14 4.0/5.9 8.0%
Batch image-only 0.11/0.14 4.0/5.9 N/A
Recursive, 20 image 0.15/0.20 49/8.3 41.5%
initialization
Recursive, 30 image 0.15/0.19 46/7.1 —14.6%
initialization
Recursive, 40 image 0.14/0.17 4.3/5.5 —13.9%
initialization
Recursive, 50 image 0.14/0.17 42/5.4 —10.5%
initialization
Recursive, 60 image 0.12/0.15 40/4.8 9.4%
initialization

The estimates are largely insensitive to the changes in the speed and image resolution across the three experiments, and
the sensitivity of the batch image-only estimates apparent in the perspective arm experiment is eliminated by use of the
omnidirectional camera.

field of view, becoming occluded, or changing appearance, neeints, and each point is visible in an average of 61.9 images,

extraction was used to bring the number of tracked points bask that on average each point was visible in 4.3% of the im-

to 100. Many mistracked points were identified by applyingge sequence. As described in Section 2.4, this is a very low

RANSAC in conjunction with batch, image-only shape angercentage by the standards ofimage-only motion estimation.

motion estimation to each subsequence of 30 images in the

sequence. 166 additional point features that were mistracked. Estimate

but not detected by the RANSAC procedure were pruned e generated an estimate of the motion and other unknowns

hand. with the recursive image-and-inertial method described in
These tracking and pruning stages resulted in a total gkction 5, using 40 images in the batch initialization. In this

1243 tracked points. Each image contains an average of 53xheriment, the average (maximum) rotation and translation
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Fig. 13. Thex, y translation estimates generated by the batch image-and-inertial and batch image-only algorithms for the
first and second omnidirectional arm experiments. Left: the estimates generated by the batch image-and-inertial algorithm
and by the batch image-only algorithm for the first omnidirectional experiment are shown as the dash-dotted and solid lines,
respectively. Right: the estimates generated by the batch image-and-inertial algorithm and by the batch image-only algorithm
for the second omnidirectional experiment are shown as the dash-dotted and solid lines, respectively. On both the left and
right, thex, y locations of the seven known ground truth points are shown as squares.

errors are 13.6 (0.17) rad and 31.5 (61.9) cm, respectively.15 min 36 s traverse, covering a total distance of roughly

This average translation error is approximately 0.9% of th230 m. During this time, a sequence of 1401 images was

total 34.1 m traveled. The scale error in this experiment scquired at approximately 1.5 Hz, and 112,917 inertial read-

—3.4%. ings were acquired at an average frequency of approximately
The resultingx, y translation estimates are shown froml21 Hz.

above in Figure 15, and the resultindranslation estimates  The custom tracker mentioned in Section 2.5 was used to

are shown in Figure 16. In each figure the squares are thenerate two point feature data sets from this image sequence.

known ground control points. In the first, 16,007 point features were tracked through the
sequence, with each image containing an average of 201.5
10. Per spective Rover Experiment points, and each point appearing in an average of 17.5 images.

. ) . _Thatis, each point appears in an average of 1.3% of the image
The Hyperion rover is a test bed for candidate technologiggquence. The density of these features in one image is shown
for along-range, robotic search for life on Mars. During April, Figure 17(a), and a few features from this data set are shown
2003, Hyperion performed the first of three scheduled fielg\er time in Figure 18. In the second, we considered a subset
tests in Chile’s Atacama Desert, and, on eight of those days; the first point feature data set containing 5611 point fea-
Hyperion carried our camera, gyro, and accelerometer. Inthiges where each image contained an average of 34.9 points
section we describe the observations and estimates for one,gfy each tracked point appears in an average of 8.7 images.

the resulting observation sequences. This is 0.62% of the image sequence. The relative density of
) , these features in one image is shown in Figure 17(b). Some
10.1. Camera Configuration point feature tracks in these data sets exhibit drift, with a max-
The sensor rig consisted of an IEEE 1394 camera couplgdum cumulative drift of the order of five pixels, particularly
with a 3.5 mm lens, the gyro, and the accelerometer. for features in the distance that can be tracked through many
images. However, we are aware of no gross tracking errors in
10.2. Observations this data set of the kind that Lucas—Kanade often produces.

The sensor rig was mounted horizontally abbun from the

ground at the rear of the rover, and rotated @5out the ver- 10.3. Recursive Image-Only Estimates

tical axis to look out to the rear and right of the rover. Th&Ve used the recursive image-only algorithm described in Sec-
rover executed three large, roughly overlapping loops duririgpn 5.7 to generate one motion estimate from each of the two
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T i,

Fig. 14. Images 480, 490, 50Q,., 550 from the 1430 image sequence in experiment 3 are shown clockwise from the upper
left, with the tracked image features overlaid. As with the images from experiment 1 shown in Figure 6, the images are one
field of an interlaced image, so their height is half that of a full image.

feature data sets. The y translation estimates for the 201.5per image contains drift in both, y translation and rotation
features perimage data set and for the 34.9 features per imad@ut;. In each case, the drift components inanslation and
data set are shown in Figures 19(a) and 19(b), respectivaigtation about andy, which are not indicated in the figure,
Thex, y translation estimates from the rover’'s odometry andre quite small. The estimates from GPS exhibit serious er-
from the rover's GPS receiver are shown in Figures 19(c) amdrs, which were common in the GPS data Hyperion acquired
19(d), respectively. In each diagraai m wide “x” marksthe and are due to changes in GPS satellite acquisition during the
start position of the rover. The easiest way to understand ttraverse.
rover’s qualitative motion is to first examine the estimates in The estimates from odometry contain some local errors,
Figures 19(a) and 19(b), which are smooth everywhere, amibible as small juts of the ordef @ m in Figure 19. These
then to examine the odometry and GPS estimates in Figuresrespond to times in the image sequence where the rover’s
19(c) and 19(d), which contain local errors. wheels became caught on a large rock in the rover’s path.
Each of these four estimates contains errors of differertowever, the estimates from odometry are, globally, the best
kinds. The estimates generated by our algorithm, shown a@f the four. For instance, the odometry estimate indicates that
Figures 19(a) and 19(b), are locally correct everywhere, batthe end of the second loop, the rover comes very close to the
exhibit slow drift over time. For the estimate generated udecation it visited at the end of the first loop, as shown in Fig-
ing 201.5 features per image, this drift is primarilyany ure 19(c) near (310, 752) where the two loops touch; visual
translation, while the estimate generated using 34.9 featuiespection of the image sequence confirms that the rover's
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Fig. 15. Thex, y translation estimate for the perspective crane experiment generated by the recursive image-and-inertial
method is shown by the line. The y locations of the 11 known ground truth points are shown as squares. Ground truth
points 0 and 1 are identical to points 10 and 9, respectively, so that only nine squares are visible in the figure.

meters

+ + + + +

34 I I I I

0 200 400 600 800 1000 1200 1400
image index

Fig. 16. Thez translation estimates for perspective crane experiment generated by the recursive image-and-inertial method
are shown by the line. As in Figure 15, the known points are shown as squares.

position was almost identical during these two times. Sinmum translation errors in the 34.9 features perimage estimate
ilarly, the estimate from odometry indicates that at the enare 2.35 and 5.27 m, respectively. These are approximately
of the third loop, the rover’s position is significantly behindl.0% and 2.3% of the total distance traversed by the rover. In
the rover’s initial position; this also appears to be confirmethis case, an accumulated error in th®tation is noticeable.
by the image sequence. So, we have adopted the odometry
estimate as our ground truth estimate. . . .

Compared Wigt]h the odometry estimate, the average a%8'4' Recursive Image-and-Inertial Algorithm
maximum translation errors in the 201.5 features per imag®e also computed a collection of estimates from the 34.9 fea-
estimate, after the scaled rigid transformation, are 1.74 angres perimage data set using the recursive image-and-inertial
5.14 m, respectively. These are approximately 0.8% and 2.28gorithm. In the collection, we allowed the angular velocity
of the total distance traversed by the rover. The rotation errand linear acceleration propagation variances to vary from
appears to be negligible in this case. The average and makg— to 1¢° and from 102 to 10, respectively. As detailed in
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(b)

Fig. 17. An image from the perspective rover sequence with features from the 201.5 features per image data set (a) and
features from the 34.9 features per image data set (b) overlaid.

Fig. 18. Images 150, 160, ., 200 from the perspective rover experiment are shown clockwise from the upper left, with
tracking data from the 201.5 features per image data set. For clarity, only a number of those tracked features that were visible
in a relatively long subsequence of the images are shown.
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Fig. 19. Thex, y translation estimates for the perspective rover data set, generated using the recursive, image-only algorithm
with 201.5 features per image (a), the recursive image-only algorithm with 34.9 features per image (b), the rover's odometry
(c), and GPS (d).
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the paragraphs below and in Section 10.5, the contribution tife estimated rotation about the two axes perpendicular to the
the inertial sensors is limited in this example by the erratigravity direction. (In the image-only estimates described in
and long-term motion in the sequence. Section 10.3, the drift in these two components of the rotation

We find that the rover’s sudden accelerations and decelevas not significant when compared to the drift in the rota-
ations are incompatible with linear acceleration propagatidion about the gravity direction and in the y translation,
variances of 19or below, and, for these tests, the distribuso orientation information from the accelerometer was not
tions that result from the inertial measurement update stepseded.) However, inexpensive inertial sensors are unlikely
eventually become incompatible with the subsequent imag® resolve long-term drift in the translation or in the rotation
observations. As a result, most of the image observations aieout the gravity direction, because the rate of drift in the in-
eventually rejected as outliers when these variances are usedial sensor estimates is likely to be much faster than that of
and the algorithm fails. the image-only estimates.

For linear acceleration propagation variances above 10 On the other hand, can the incorporation of measurements
and angular velocity propagation variances of @0below, from inexpensive inertial sensors improve long-term motion
the resulting estimates are qualitatively similar to the resulestimates if the image-only estimates are locally ambiguous
shown in Figures 19(a) and 19(b). However, the image-andt some points? Of course, in this case the inertial sensors
inertial estimates show noticeably more drift in rotation ircan improve the long-term motion by resolving these ambi-
azimuth, and less drift in global scale. guities, which may turn a qualitatively wrong estimate into

As described in Section 5.8, weakening the assumpti@m accurate estimate. However, our intuition is that estimates
of continuity in the angular velocity and linear accelerationvill drift less slowly if the image-only estimates can be made
necessarily weakens the contribution of the inertial measutecally correct (e.g. by obtaining dense feature tracking data),
ments in the recursive image-and-inertial algorithm. This ithan if the image-only estimates are locally ambiguous (e.g.
reflected in this experiment: for the most generous propaggenerated using sparse image data) and inertial measurements
tion variances, i.e., linear acceleration propagation variancase incorporated to resolve the local ambiguities.
above 16 an angular velocity variance of 3,0respectively,
the effect o_f the inertial meas_urements becomes neghglblfi_ Conclusion
and the estimates are almost identical to the 34.9 features per
image, recursive image-only estimate shown in Figure 19(by)q 1 Summary

In this paper, we have presented algorithms for motion es-
timation from image and inertial measurements. This work

In this experiment, the image-only motion estimates beneff9€ts applications that require six-degrees-of-freedom mo-
from dense, high-quality feature tracking data, and are localf{Pn Without external position references such as GPS, and
correct everywhere as a result. However, due to the sm&PFUSGS on.the use of small and inexpensive inertial sensors,
number of images in which each point feature is visible, thio" @pplications where weight and cost requirements preclude
motion is not being estimated with respect to any one exterrii€ use of precision inertial navigation systems.
point, and so necessarily drifts with time.

We consider long-term drift in the image-only estimated1.2. Contributions
tobe a type_ of ambiguity, in the sense tha_t the trl_Je, glObaI_II]}/l.Z.l. Batch Algorithm
correct motion and a large space of drifting estimates wi
all produce small reprojection errors. In fact, given that thé/e have presented a batch algorithm for estimating sensor mo-
image observations and the camera calibration both contdian, scene structure, and other unknowns from image, gyro,
small errors, the estimate that best minimizes the reprojectiand accelerometer measurements. This algorithm requires no
error will almost never be a globally correct estimate, bugeneral restrictions on the motion, such as smoothness. The
will contain some drift. This is in contrast to cases such dsatch algorithm converges in just a few iterations from esti-
that described in Section 7, where only sparse, noisy trackingates that are near the optimum, it can often converge from a
data are available, and where even the local motion cannoteor initial estimate that incorporates no a priori knowledge
uniquely identified from image measurements alone. of the motion or other unknowns, and it appears to have a sig-

Can the incorporation of measurements from inexpensiveficantly wider range of convergence than image-only batch
inertial sensors remove this ambiguity in the long-term maestimation. In our experiments, we have shown that this algo-
tion, if the image-only estimates are locally correct everyithm can produce highly accurate estimates for the data sets
where? Since the sensors’ absolute orientation with respdat which it is applicable, which include those containing up
to gravity can be reliably found by separating the effects db a few hundred images. The batch algorithm is a valuable
gravity and the other unknowns in the accelerometer readingagnostic tool for studying the best quality that we can ex-
inexpensive inertial sensors can eliminate long-term drift ipect given a particular sensor configuration, vehicle motion,

10.5. Discussion
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environment, and set of observations. For instance, in this ga-the second category, a few of the relevant results are as
per we have used it to show that inertial measurements ctollows.

resolve the ambiguity that results from noisy image observa-

tions, and that the global scale of the motion can be recovered1- The batch algorithm can produce accurate estimates
using the measurements from an inexpensive accelerometer, acrossawide range of initial estimates and awide range
among other results. This batch algorithm is also a useful tool ~ ©f the error variances that define the error function.

in the context of recursive estimation: it allows the recursive
algorithm, described next, to be initialized without a priori
knowledge of the state, and it is a good candidate for con-
version into a recursive method using the VSDF, which is a
promising direction for future research.

2. Given accurate image tracking data, the recursive al-
gorithm can produce accurate estimates for image se-
guences with extremely low fill fractions.

3. Therecursive algorithm is more sensitive to the estima-
tion parameters than the batch algorithm. In particular,
the recursive algorithm can be sensitive to the choice
of the angular velocity and linear acceleration propa-
gation variances, especially for sequences with erratic
motion.

11.2.2. Recursive Algorithm

We have presented a recursive algorithm for estimating sen-
sor motion, scene structure, and other unknowns from image,
gyro, and accelerometer measurements, based on the IEKF.
This algorithm is a multirate filter, meaning that image and

inertial measurements arriving at different rates and times ca.3. Future Directions
each be exploited as they arrive. As mentioned in the previoys . . . . -
paragraph,pthis method Zan be initialized without anypheurig*-S we described in Section 3, there are two remaining diffi-

tics or a priori knowledge of the unknowns using the batcl"ﬁUItIes n d.eploylng.the glgonthms we haye dgsgnbed. F'r.St’
yr recursive algorithm is subject to difficulties inherent in

algorithm. As described in Section 5.5, an important aspet&Qh EKE framework. including th riori expectation of m
of this filter is that it can incorporatenewlyvisiblepointsinto.e amework, including the a priori expectation ofmo-
on smoothness, approximation of the state estimate distri-

the IEKF state covariance estimate in a way that closely a(g- tion by a Gaussian, and the linearization of measurements
proximates the covariances produced by a batch estimati ol y ’

best exploits the available observations, and correctly refleé’{g)und u.nc.:ertam stgte estimates. The \./S.DF (Mc_LaqchIan
the uncertainty in the new points’ position estimates relativ; 99), o_ngmally deS|gqed for SFM and similar applications,
to both the world and camera coordinate systems. isa hybrid batf:h—recurswe method and addresses each ofthese
issues. Adapting our batch method for use in the VSDF frame-
work is a promising direction for future research.
Secondly, our recursive estimation framework should be
Fadended to minimize drift in the estimated motion by “clos-
g the loop” when image features can be reacquired after
Eeing lost during a traverse. This requires two additions to the

gccy_rrent recursive algorithm, as follows.

11.2.3. Experiments

We have performed a large set of experiments, both (1)
investigate some fundamental questions about the use of i
ages and inexpensive inertial sensors for motion estimati
and (2) to evaluate the accuracy and performance of our al
rithms. In the first category, a few of the relevant results are

* Visual features must be recognized when they are re-
as follows.

visited. Recent methods for matching features based on
image feature invariants, such as Lowe (1999), are good
candidates for this task. In addition, the mean and co-
variance estimates on the six-degrees-of-freedom cam-
era motion and three-dimensional point positions pro-
duced by the recursive algorithm might be exploited to
improve this reacquisition, just as they might be used

1. Motion estimation from image and inertial measure-
ments can produce accurate estimates even when the
estimates from image or inertial measurements alone
are poor.

2. Measurements from an inexpensive accelerometer are

often sufficient to establish the global scale of the mo-
tion and scene structure to within a few percent.

. The incorporation of inertial measurements is less ad- *
vantageous with omnidirectional images than with con-
ventional images.

. Dense image feature tracking data appear to be more
valuable in reducing long-term drift than inexpensive
inertial sensors.

for tracking between temporally adjacent images, as
suggested in Section 5.5.

The recursive algorithm must be modified to maintain

some estimate of the relative covariance between the
current camera position and currently visible points,

and the positions of points that are no longer visible but
might be reacquired. Because efficiency requires limit-
ing the dimension of the state vector and covariance ma-
trix, an approach that represents full covariances only
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between featuresinlocal maps, and can generate covari-tional Conference on Computer Vision (ICCV 2001), Van-

ances between features in different local maps using co- couver, Canada.

variances between the transformations associated witthahl, J.S., and Srinivasan, M.V. 1997. Reflective surfaces for

the local maps, is promising for this problem (Chong panoramic imagingApplied Optics 36(31):8275-8285.

and Kleeman 1999; Guivant and Nebot 2001). Chai, L., Hoff, W.A., and Vincent, T. 2002. Three-dimensional
motion and structure estimation using inertial sensors
and computer vision for augmented realiffresence

Appendix: Index to Multimedia Extensions 11(5):474—491.
The multimedia extension page is found at http:/wwwChong, K.S., and Kleeman, L. 1999. Feature-based mapping
ijrr.org. in real, I_arge scale enwronments using an ultrasonic array.
International Journal of Robotics Research 18(1):3-19.
Table of Multimedia Extensions Craig, J.J. 1989Introduction to Robotics: Mechanics and
Extension Type Description Control. Addison-Wesley, Reading, MA.
1 Video  Perspective arm Deans, M.C. 200Bearings-Only Locali zationand Mapping.
_ Tracked features PhD thesis, Carnegie Mellon University, Pittsburgh, PA.
2 VRML - Estimated shape and motion Deans, M., and Hebert, M. 2001. Experimental compari-
3 Data - Input and output data son of techniques for localization and mapping using a

bearing-only sensoExperimental Robotics VII, D. Rus
and S. Singh, editors. Springer-Verlag, Berlin, pp. 395-
404.

4 Video First omni arm
— Tracked features

5 VRML - Estimated shape and motion - ] ) )
6 Data — Input and output data Foxlin, EM 2002. Generahzed architecture f.or.3|multaneous
7 Video  Second omni arm localization, auto-calibration, and map-buildifyoceed-
_ Tracked features ings of the IEEE/RSJ International Conference on Intelli-
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9 Data — Input and output data Sywtzerland, September 30-October 4.
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_ Tracked features vision-inertial self-trackerlEEE VMirtual Reality Confer-
11 VRML - Estimated shape and motion ence (VR 2003), Los Angeles, CA, March.
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pp. 309-314.
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