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Fusing Monocular Information in
Multicamera SLAM

Joan Sola, André Monin, Michel Devy, and Teresa Vidal-Calleja

Abstract—This paper explores the possibilities of using monocu-
lar simultaneous localization and mapping (SLAM) algorithms in
systems with more than one camera. The idea is to combine in a sin-
gle system the advantages of both monocular vision (bearings-only,
infinite range observations but no 3-D instantaneous information)
and stereovision (3-D information up to a limited range). Such a
system should be able to instantaneously map nearby objects while
still considering the bearing information provided by the observa-
tion of remote ones. We do this by considering each camera as an
independent sensor rather than the entire set as a monolithic su-
persensor. The visual data are treated by monocular methods and
fused by the SLAM filter. Several advantages naturally arise as
interesting possibilities, such as the desynchronization of the firing
of the sensors, the use of several unequal cameras, self-calibration,
and cooperative SLAM with several independently moving cam-
eras. We validate the approach with two different applications: a
stereovision SLAM system with automatic self-calibration of the
rig’s main extrinsic parameters and a cooperative SLAM system
with two independent free-moving cameras in an outdoor setting.

Index Terms—Calibration, image sequence analysis, Kalman fil-
tering, machine vision, robot vision systems, stereovision.

1. INTRODUCTION

HE SIMULTANEOUS localization and mapping (SLAM)

problem, as formulated by the robotics community, is that
of creating a map of the perceived environment while localiz-
ing oneself in it. The two tasks are coupled in such a way so
as to benefit each other; a good localization is crucial to create
good maps, and a good map is necessary for localization. For
this reason, the two tasks must be performed simultaneously,
and hence, the full acronym SLAM. In recent years, the ma-
turity of both online SLAM algorithms, together with fast and
reliable image processing tools from the computer vision liter-
ature, has crystallized into a considerable quantity of real-time
demonstrations of visual SLAM.

In this paper, we insist on the quality of the achieved localiza-
tion, which will impact in turn the map quality. The key to good
localization is to ensure the correct processing of the geometrical
information gathered by the cameras. In this long introduction,
we present an overview of visual SLAM and related techniques
to show that visual SLAM systems have historically discarded
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precious sensory information. We present a novel approach that
uses the SLAM filter as a classical fusion engine that incor-
porates the full monocular information coming from multiple
cameras.

A. Monocular SLAM

Possibly, the best example of the aforementioned technolog-
ical crystallization is monocular SLAM, a particular case of
bearings-only (BO) SLAM (where the sensor does not provide
any range or depth). It is well known that the reduction in system
observability due to BO measurements has two main drawbacks:
the loss of the scale factor and the delay in obtaining good 3-D
estimates. Previous works either added some metric measure-
ment to observe the scale factor, such as odometry [1] or the
size of known perceived objects [2], [3], or have considered it
irrelevant [4]. The delay in getting good 3-D estimates comes
from the fact that such estimates require several BO observations
from different viewpoints. This makes landmark initialization
in BO-SLAM difficult, to the point that satisfactory methods
able to exploit all the geometrical information provided by the
cameras have only recently become available. We have wit-
nessed an evolution of the algorithms as follows. First, delayed
landmark initialization methods attempted to obtain a full 3-D
estimate before initialization via several observations from dif-
ferent viewpoints. Davison [3] showed real-time feasibility of
monocular SLAM with affordable hardware, using the original
extended Kalman filter (EKF) SLAM algorithm for all but the
unmeasured landmark’s depth, and a separate particle filter to
estimate this depth. Initialization was deferred to the moment
when the depth estimate was good enough. The consequence
of a delayed scheme is that we can only initialize landmarks
with enough parallax, i.e., those that are close to the camera
and situated perpendicularly to its trajectory, and therefore, the
need to operate in room-size scenarios with lateral motions.
Second, Sola et al. [1] showed that undelayed landmark initial-
ization (mapping the landmarks from their first, partial observa-
tion) was needed when considering low parallax landmarks, i.e.,
those that are remote and/or situated close to the motion axis.
This permits mapping larger scenes while performing frontal
trajectories. Third, Civera et al. [5] have recently achieved the
mapping of landmarks up to infinity, due to an undelayed ini-
tialization via an inverse depth parameterization (IDP). IDP
has also been developed by Eade et al. [6] in a FastSLAM2.0
context. Today, the monocular SLAM systems exploit the geo-
metrical information in its entirety: from the first observation,
independently of the sensor’s trajectory, and up to the infinity
range.
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B. Structure From Motion (SFM)

Monocular SLAM compares to a similar problem solved
by the vision community: the structure from motion problem
(SEM). In SFM, the goal is to determine, from a collection of
images and up to an unrecoverable scale factor, the 3-D structure
of the perceived scene and all 6-D camera poses from where the
images were captured. When compared to SLAM, the structure
plays the role of the map, while the set of camera poses defines
all the successive observer’s localizations.

Roboticists often claim that the main difference between
SFM and SLAM is that the former is solved offline via
the iterative nonlinear optimization method known as bun-
dle adjustment (BA) [7], while the latter must be incremen-
tally solved online, thus making use of stochastic estimators
or filters that naturally provide incremental operation. This
has been true for some years (today, SLAM is also solved
online with iterative optimization [8]), but does not tell the
whole story. The differences between SFM and SLAM are
not only in the methods but also in the objectives, meaning
that similar aspects of similar problems are given different
priorities.

In particular, SFM exploits the visual information in its en-
tirety without the difficulties encountered in monocular SLAM.
Let us try to understand this curious fact. SFM puts the struc-
ture as a final objective, i.e., as a result of the whole process,
and the emphasis is placed on minimizing the errors in the
measurement space, thus using all the measured information.
On the other hand, the SLAM map has a central role, with
some of the operations (and particularly landmark initializa-
tion) being performed in map space, which is the system’s state
space. The fact that this state space is not statically observable,
because it is of higher dimension than the observation space,
leads to the difficulties exposed before. As an informal attempt
to fill this gap, we could say that modern undelayed methods
for monocular SLAM, with partial landmark initialization and
partial updates, are almost equivalent to an operation in the
measurement space: the information is initialized in the map
space partially, i.e., exactly as it comes from the measurement
space. A similar point of view over this concept can be found
in [9].

C. Stereovision SLAM

Stereovision SLAM has also received considerable attention.
The ability of a stereo assembly to directly and immediately pro-
vide 3-D landmark estimates allows us to use the best available
SLAM algorithms and rapidly obtain good results with little
effort in the conceptual parts. Such SLAM systems consider
the stereo assembly as being a single monolithic sensor, capa-
ble of gathering 3-D geometrical information from the robot’s
surroundings, e.g. [10]. This fact, which appears perfectly rea-
sonable, is the main paradigm that this paper questions. By
considering two linked cameras as a single 3-D sensor, SLAM
is unable to face the following two issues.

1) Limited 3-D Estimability Range: While cameras are ca-
pable of sensing visible objects that are potentially at infinity,
a stereo rig provides only reasonably good 3-D estimates up
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to a limited range, typically from 3 m to a few tens of meters
depending on the baseline. Because classical, nonmonocular
SLAM algorithms expect full 3-D estimates for landmark ini-
tialization (i.e., they are reasoned in the map space), information
belonging to only this limited region can be used for SLAM.
This is really a pity; it is like if, having our two eyes, we were
obliged to neglect everything outside a certain range from us,
what we could call “walking inside dense fog.” Without remote
landmarks, it is easy to lose spacial references, to become disori-
ented, and finally, find ourselves lost. Therefore, stereovision,
as it is classically conceived, is a bad starting point for visual
SLAM.

2) Mechanical Fragility: If we aim at extending the 3-D
estimability range beyond these few tens of meters, we need
to increase the stereo baseline while keeping or improving the
overall sensor precision. This is obviously a contradiction: larger
assemblies are less precise when using the same mechanical
solutions. In order to maintain accuracy with a larger assembly,
we must use more complex structures that will be either heavier
or more expensive, if not both. The result for moderately large
baselines (>1 m) is a sensor that is very easily decalibrated,
and therefore, almost useless. Large rigs, however, are very
interesting in outdoor applications because they allow farther
objects to be positioned, thus making them contribute to the
observability of the overall scale factor. This is especially true
in aerial and underwater settings where, without nearby objects
to observe, a small stereo rig provides no significant gain with
respect to a single camera. Self-calibration can compensate for
the inherent lack of stability of large camera rigs. It also allows
multicamera platforms to start operation without undergoing a
previous calibration phase, making on-field system deployment
and maintenance easier.

To our knowledge, the only SLAM work that goes beyond the
current stereoparadigm (apart from our conference paper [11])
is the one by Paz er al. [12], which uses a small-baseline, fully
calibrated stereo rig. Matched features presenting significant
disparity are initialized as classical Euclidean landmarks, while
those presenting low disparities are treated with the inverse
depth algorithm.

D. Visual Odometry (VO)

One could say that, in terms of methodology, visual odom-
etry (VO) is to stereovision SLAM what SFM is to monocular
SLAM. VO is conceived to obtain the robot’s ego motion from
a sequence of stereo images [13]. Visual features are matched
across two or more pairs of stereo images taken during the robot
motion. An iterative minimization algorithm, usually based on
BA, is run to recover the stereo rig motion, which is then trans-
formed into robot motion. For this, the algorithm needs to re-
cover the structure of the 3-D points that correspond to the
matched features. This structure is not exploited for other tasks
and can be usually discarded. Remarkably, when the structure
is coded in the measurement space (u, v, d), a disparity d — 0
allows points at infinity to be properly handled [14]. This is also
accomplished by using homogeneous coordinates [7]. VO must
work in real time because robot localization is needed online.
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Advanced VO solutions achieve very low drift levels after long
distances by making use of: 1) hardware-based image process-
ing with real-time construction and querying of large feature
databases [15]; 2) dense image information matching via planar
homographies and the use of the quadrifocal tensor [16]; or 3)
bundle adjusting the set of N recent key frames together with
additional fusion with an inertial measurement unit (IMU) [14].

E. Sensor Fusion in SLAM

The fact of SLAM being solved by filters allows us to envision
SLAM systems as sensor fusion engines. Let us highlight some
of the assets of filtering in sensor fusion.

1) Multisensor operation: Any number of differing sensors

can be operated together in a consistent framework.

2) Sensors self-calibration: Unknown biases, gains, and
other sensor’s parameters can be estimated provided that
they are observable [17].

3) Desynchronized operation: The data rates of all these sen-
sors do not need to be synchronized.

4) Decentralized operation: Advanced filter formulations
such as those using channel filters [18] achieve a decen-
tralized operation that should permit live connection and
disconnection of sensors without the need for filter repro-
gramming or reparameterization.

This paper explores the first three points for the case of mul-

tiple cameras.

SLAM systems naturally fuse information from both propri-
oceptive (odometry, GPS, and IMU) and exteroceptive (range
scanners, sonar, and vision) sensors into the map. But our in-
terest here is in fusing several exteroceptive sensors. We can
distinguish two cases.

1) Sensors of different kind: When using differing sensors
(e.g., laser plus vision), the main problem is in finding a
map representation well adapted to the different kinds of
sensory data (i.e., the data association problem).

2) Sensors of the same kind: The perceived information is of
the same nature. This makes appearance-based matching
possible, and therefore, makes map building easier. Nev-
ertheless, most of such SLAM systems do not take advan-
tage of fusion. Instead, the extrinsic parameters linking
the sensors are calibrated offline, and the set of sensors
is treated as a single supersensor. This is the case for
two 180° range scanners simulating a 360° one, and for
the previously mentioned stereo rig simulating a 3-D sen-
sor. A sensor-fusion approach in these cases should nat-
urally bring the aforementioned advantages to the SLAM
system.

FE. Multicamera SLAM and the Aim of This Paper

The key idea of this paper is very simple: by employing
the SLAM filter as a fusion engine, we will be able to use
any number of cameras in any configuration. And, by treat-
ing them as BO sensors with the modern undelayed initializa-
tion methods, we will extract the entire geometrical information
provided by the images. The filter—not the sensor—will be re-

sponsible for making the 3-D properties of the perceived world
arise.

Applications may vary from the simplest stereo system,
through robots with several differing cameras (e.g., a panoramic
one for localization and a perspective one looking forward
for reactive navigation), to multirobot cooperative SLAM
where BO observations from different robots are used to
determine the 3-D locations of very distant landmarks. Al-
though there certainly exist issues concerning multicamera
management, the main ideas we want to convey may be
demonstrated with systems of just two cameras. In this pa-
per, we will illustrate two cases: first, the case of a robot
equipped with a stereo rig, with its cameras being treated
as two individual monocular sensors and second, two cam-
eras moving independently and mapping together an outdoors
scene.

This paper draws on previous work published in the confer-
ence paper [11] and the author’s Ph.D. thesis [19]. These two
works use the federated information sharing algorithm (FIS)
in [1] to initialize the landmarks, which has been surpassed by
the inverse depth methods (IDP) [S]. The present paper takes
and extends all this research by developing a better founded jus-
tification (providing a wider scope to the proposed concepts), by
improving on the implementation with the incorporation of IDP
in the algorithms, and by extending the experimental validation
to a cooperative monocular SLAM setup.

This paper is organized as follows. Section II presents the
main ideas that will be exploited later and revises some back-
ground material for monocular SLAM. Section III explains how
to set up multicamera SLAM, an application for stereo benches
with self-calibration, and an application for two collaborative
cameras. Section IV presents the perception and map manage-
ment techniques used. Sections V and VI show the experimen-
tal results, and finally, Section VII gives conclusions and future
directions.

II. 3-D ESTIMABILITY IN VISUAL SLAM

In this section, we present the ideas that support our approach
to visual SLAM. We make use of the concept of estimability,
which will help understand the abilities of vision for observing
3-D structure in the presence of uncertainty. We clarify the key
properties of undelayed initialization in monocular SLAM, and
remark its importance in multicamera SLAM. We also remind
the key aspects of IDP-SLAM.

A. Geometrical Approach to 3-D Estimability

We are interested in finding the shape and dimensions of the
3-D-estimable region defined by two monocular views.

For this, we start with a couple of ideas to help understand-
ing the concept of estimability used. When a new feature is
detected in an image, the backprojection of its noisy-measured
position defines a conic-shaped pdf for the landmark position,
called ray, which extends to infinity (see Fig. 1). Let us con-
sider two features extracted and matched from a pair of images,
corresponding to the same landmark: their backprojections are
two conic rays A and B that extend to infinity. The angular
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Fig. 1. Conic ray backprojects the elliptic representation of the Gaussian 2-D
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Fig. 2. Different regions of intersection for (solid) 40, (dashed) 3o, and
(dotted) 20 ray widths when the outer 40 bounds are, parallel. (Shaded) The
parallax or angle between rays axes A and Bisy =404 +40p.

widths of these rays can be defined as a multiple of the stan-
dard deviations 04 and op of the angular errors (a composi-
tion of the cameras extrinsic and intrinsic parameters errors,
and of the image processing algorithms accuracy). Informally
speaking, we may say that the landmark’s depth is fully esti-
mated if the region of intersection of these rays is both closed
and sufficiently small. If we consider, for example, the case
where the two external 40 bounds of the rays are parallel
(see Fig. 2), then we can assure that the 3o intersection re-
gion (which covers 98% probability) is closed and that the 20
one (covering 74%) is closed and small. The ratio between the
depth’s standard deviation and its mean (a measure of linearity
in monocular EKF-SLAM [1], [3]) is then better than 0.25. The
parallax angle ¢ between the two rays axes is therefore 1) =
4(o4 + op) = constant. This is the minimum parallax for full
estimability.

In 2-D, we can plot the locus of constant estimability.
In the case, where 04 and op can be considered con-
stant, ¢ is constant too, and from the inscribed angle theo-
rem, the locus is then circular (Fig. 3, see also [19]). Land-
marks inside this circle are considered fully estimable—and
partially outside. In 3-D, the fully 3-D estimable region is
obtained by revolution of this circle around the axis join-
ing both cameras, producing a torus-shaped region with a
degenerated central hole. This shape admits the following
interpretations.

1) In a stereo configuration or for a lateral motion of a
moving camera (see Fig. 3, left), the estimable region
is located in front of the sensor. Beyond the region’s
border stereo provides no profit: if we want to consider
distant landmarks, we have to use undelayed monocular
techniques.

2) Depth recovery is impossible in the motion axis of a sin-
gle camera moving forward (Fig. 3, right). Close to this
axis, estimability is possible only if the region’s radius
becomes very large. This implies the necessity of very
large displacements of the camera during the initializa-
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Fig. 3. Simplified depth estimability regions in a (left) stereo rig and (right)
a camera traveling forward. The angle v is the one that assures estima-
bility via triangulation from different viewpoints. The maximum range is

2R = b/sin(¢/2).

SLAM with partially mapped
landmarks up to infinity

2 NN
2 NN
rod A
Y 3D from 3D from i ‘l
[ maotion maotion i

o
(R A
NN ;o
NN £ L
. N P ra

Fig. 4. Simplified depth estimability for a stereo rig moving forward. On both
sides, estimability depends on the baseline gained by motion. In front, by stereo.
Out of these bounds and up to infinity, landmarks are mapped partially. SLAM
keeps incorporating the visual information due to the undelayed monocular
methods, i.e., IDP in our case.

tion process. Again, this can be accomplished only with
undelayed initializations.

3) By combining both monocular and stereovision, we get
an instant estimability of close frontal objects while still
utilizing the information of distant ones (see Fig. 4). Land-
marks lying outside the estimability regions are not 3-D-
estimable but, when initialized using undelayed monocu-
lar methods, they will contribute to constrain the camera
orientation. Ideally, long-term observations of stable dis-
tant landmarks would completely cancel orientation drift
(visual compass).

B. Monocular IDP-SLAM

The core algorithm of this paper is an EKF-SLAM with an
IDP of landmarks during the initialization phase, as described
in [5]. In IDP-SLAM, partially observed landmarks are coded
as a 6-D-vector,

i= [X(Jaga'l/)vp] (l)

where x is the 3-D position of the camera at initialization time,
(0,1) are the elevation and azimuth angles in global frame
defining the direction of the landmark’s ray, and p is the inverse
of the Euclidean distance from xg to the landmark’s position
(notice that p is usually known as inverse depth but it is rather
an inverse distance). After the first observation, all parameters
of i except p are immediately observable, and their values and
covariances are obtained by proper inversion and linearization
of the observation functions. The inverse depth p is initialized
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with a Gaussian N (p — p; ag) such that in the depth dimension
s =1/p, we have

1
S(—no) = = = (2)
p—no,
1
no) — =, ___ — Smin 3
5(+no) 71 no, s 3)

with sy,i, the minimum considered depth and n the inverse depth
shape factor. This gives p = 1/(2spin) and, more remarkably

“4)

Importantly, values of 1 < n < 2assure from (2) that the infinity
range is included in the parametrization with ample probability.

On subsequent updates, IDP achieves correct EKF operation
(i.e., quasi-linear behavior) along the whole ray as long as the
parallax shown by the new viewpoint is not too large. The lin-
earity test in [20] is regularly evaluated. If passed, the landmark
can be safely transformed into a 3-D Euclidean parametrization.

no, = p.

III. MULTICAMERA SLAM

The general scheme for the multicamera SLAM system is
presented in this section. This scheme is particularized to deal
with two different problems. The first one is the automatic self-
calibration of a stereo rig while performing SLAM. The second
one is a master—lave solution to cooperative monocular SLAM.
Both setups are explained here, and their corresponding experi-
ments are presented in Sections V and VL.

A. System Overview

We implement the multicamera SLAM system as follows. A
central EKF-SLAM will hold the stochastic representation of
the set of all cameras C; plus the set of landmarks £;

Cy L] Ly] ©)

where the cameras states contain position and orientation quater-
nion [C; = (r;,q;) € R7], and landmarks can be coded either
in inverse depth (£; = i; € R%) or in Euclidean coordinates
(L; = p; € R?). Any number of cameras can be considered
this way. As each camera needs to remain localized properly,
it needs to observe a minimum number of landmarks at each
frame. The algorithm’s complexity increases linearly with the
number of cameras if this number is small with respect to the
map.

For camera motions, we consider two possible models. In
the first one, a simple odometer provides motion predictions
[Az, Ay, Av] in the robot’s local 2-D plane. Gaussian uncer-
tainties are added to the 6-DOF linear and angular components
[x,y, 2, ¢,0,1] with a variance proportional to the measured
forward motion Az

X' =1c/

{03,0,02} =kj - Ax

(6)
(7

The variance in [¢, 8, 9] is mapped to the quaternion space using
the corresponding Jacobians.

{07.05,05} =k} - Aw.

The second model is a 6-DOF constant velocity model
r’  =r+vAt

q" =q x v2q(w At)
vt

:V+77U
wh=w+n,

where ()™ means the updated value, X is the quaternions prod-
uct, and v2q(w At) transforms the local incremental rotation
vector w At into a quaternion (quaternions are systematically
normalized). This way, the camera state vector C; is augmented
to C; = (r;,q;, vi,w;) € R, At each time step, perturbations
{nu,mu} ~ N(0;{02,02}) add variances to the linear and an-
gular velocities proportionally to the elapsed time At

- At. ©)

The events of camera motion, landmark initialization, and
landmark observation are handled as in regular IDP-SLAM by
just selecting the appropriate block elements from the SLAM
state vector and covariances matrix, and applying the corre-
sponding motion or observation models. For example, at the
observation of landmark j from camera ¢, we would use the
function u§ =h(C;, L;), which will be explained later for the
case of an IDP ray [see 11]. Before transforming IDP rays into

points, the linearity test in [20] needs to hold for all cameras.

B. Stereo SLAM With Extrinsic Self-Calibration

Our approach is relevant to fully calibrated stereo rigs if they
are small (10-20 cm, as in [12]) or if, having long baselines, their
main extrinsic parameters can be continuously self-calibrated.

Not all of the six extrinsic parameters of a stereo rig (three for
translation, three for orientation) need to be calibrated. In fact,
the notion of self-calibration inherently requires the system to
possess its own gauge. In our case, the metric dimensions or
scale factor of the whole world—robot system can only be ob-
tained either from the stereo rig baseline, which is one of the
extrinsic parameters (then, it makes no sense to self-calibrate
the gauge), or from odometry, which is often much less accurate
than any coarse measurement we could make of this baseline.
Additionally, as cameras are actually angular sensors, vision
measurements are much more sensitive to the cameras orienta-
tions than to any translation parameter. This means that vision
measurements will contain little information about these trans-
lation parameters. In consequence, self-calibration may concern
only orientation, and more precisely, the orientation of one cam-
era with respect to the other. The error of the reconstructed map’s
scale factor will be the same as the relative error of the baseline
measurement.

With these assumptions, our self-calibration solution is
straightforward: for the second camera, we just include its ori-
entation in the map and let EKF make the rest. The state vector
(5) is modified and written as

X'=[R" ap £f Ly]

409

410
411
412
413
414
415
416

417
418
419
420
421
422
423
424
425

426

427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451



452
453
454
455
456
457
458
459
460
461
462
463
464

465

466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487

488

489
490
491
492
493
494
495
496
497
498
499
500
501
502

where R and £ - - - £ are the robot pose and landmarks map.
The left camera pose Cy, has a fixed transformation with respect
to the robot, and qp is the orientation part of the right-hand
camera Cp in the robot frame. The time-evolution function of
the angular extrinsic parameters is simply q}% = qp + 7, where
v is a white, Gaussian, low-energy process noise that accounts
for eventual decalibrations, e.g., due to vibrations. For short-
duration experiments, we set v = 0. A coarse analysis of the
stereo structure’s mechanical precision will be enough to set the
initial uncertainty to a value of the order of 1° or 2° per axis.
This can be reduced to a few tenths of degree in cases where we
dispose of previous calibrated values about which we are not
confident anymore.

C. Cooperative Multicamera SLAM

The ideal, most general case of cooperative SLAM (5), corre-
sponds to a (not too large) number of cameras moving indepen-
dently. Each camera is able to manage its own measurements
and communicates directly with the map. The aim of this com-
munication is to obtain information about existing landmarks
to get localized, and provide information about new or reob-
served landmarks. This way, the algorithms to be executed by
each camera are absolutely symmetrical, without any kind of
hierarchy. A simplified implementation considers cameras with
different privileges.

In our particular case, the cooperative SLAM system consid-
ers two cameras. One of them takes the role of master, and
is responsible for all landmarks detection and initialization.
The second one acts as the slave. It follows the master at a
close distance and reobserves the SLAM map that is being
built by the master. By doing so, it provides a second view-
point to landmarks just initialized, accelerating the convergence
of the map. The master and slave trajectories are highly in-
dependent, and for instance, they can cross paths. The only
requirement is to look in the same direction. A trivial exten-
sion to more than two cameras consists in including additional
slaves.

IV. PERCEPTION AND MAP MANAGEMENT

Active search (AS, nicely described in [21] and also referred
to as top-down in [6]) is a powerful framework for real-time
image processing within SLAM. It has been successfully used in
several monocular SLAM works [3], [5], [11], using a diversity
of techniques for landmark initialization. The idea of AS is to
exploit the information contained in the map to predict a number
of characteristics of the landmarks to observe. AS is helpful in
solving the following issues:

1) selecting interesting image regions for initialization;

2) selecting the most informative landmarks to measure;

3) predicting where in the image they may be found, and with

which probability;

4) predicting the current landmark’s appearance to maximize

the chances of a successful match.
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A. Feature Detection and Initialization

Based on the projection of the map information into the master
image, a heuristic strategy is used to select a region of interest
for a new initialization: we divide the image with a grid and
randomly select a grid element with no landmarks inside. We
extract the strongest Harris point [22] in this region and validate
it if its strength is above a predefined threshold. We store a small
rectangular region or patch of 15 x 15 pixels around the point
as the landmark’s appearance descriptor, together with the pose
of the camera. Finally, we initialize the IDP ray in the SLAM
map.

B. Expectations: The Active Search Regions

Some considerations about AS can be made for its usage in
multicamera IDP-SLAM to improve performance. We use for
this the & and £ ellipses, defined and explained as follows.

1) & Ellipse: Expectation of the Inverse Depth Ray: The
inverse depth ray (1) is easily projected into a camera. We take
the transformation to camera frame given in [5]:

hi = R(a)' (p(xo — ) + m(0,4))

where R/( ) is the rotation matrix corresponding to the camera
orientation q and r is the current camera position. This value
is then projected into the camera, described by intrinsic and
distortion parameters k and d (we use a classical radial distortion
model of up to three parameters, which is inverted as explained
in [19]). Let us call K = (k,d) the camera parameters, C =
(r,q) the camera pose, and i = (xg, 6,1, p) the IDP ray. The
observation function is

(10)

u=h(C,Ki)+n= project(h(f,lC) +n (11)

where project () takes into account the camera model (we use
perspective cameras) and 7 is the pixel Gaussian noise, with
covariance R.

We define the &; ellipse as the Gaussian expectation
& (u) 2 N(u — €;; E;), with u being the pixel position, and
with mean and covariances matrix

e, =hy(C,K,i)
E, = [H¢H;|P¢; [He

12)

H]" +R. (13)

Here, He and H; are the Jacobians of h; with respect to the
uncertain parameters C and i, e are variable estimates from
the SLAM map, and P¢; is the joint covariances matrix (all
correlations and cross correlations) of C and i, also from the
map. In AS, & is usually gated at 3o, giving place to an elliptic
region in the image where the landmark must project with 98%
probability. However, this is not necessarily true in cases of
noticeable parallax, as we examine now.

At landmark initialization, its inverse depth p is initialized
according to (2)—(4). When considering 3¢ uncertainty regions,
(4) implies that p can go negative with a nonnegligible probabil-
ity, meaning that the coded landmarks might be situated behind
the camera. This becomes evident when projecting the IDP ray
into a second camera presenting some parallax: the projected
30 & ellipse contains a region with negative disparity (see
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3o ellipses ( _2>

Sl Erx

—=>5 > Suyin (with 98% probability) d > 0 €—j|l—d < 0

Fig. 5. 3o search region defined by the &; ellipse contains a significant part
that corresponds to negative disparities d < 0, where the feature should not be
searched. The final 3¢ search region (gray) is defined by the £; and £ ellipses.
The rightmost 30 border of £, is where the probability to find the projection
of the infinity point has fallen below 2%.

Fig. 5). It is desirable to limit the search area to values of only
positive disparity for two reasons: the correlation-based search
(one of the most time-consuming processes) is faster and the
possibility of including false matches as outliers is diminished.
With nonrectified images and/or camera sets with uncertain ex-
trinsic parameters, determining the null disparity bound is not
straightforward. One solution is to use the £ ellipse, which we
introduce in the following paragraph.

2) & Ellipse: Expectation of the Infinity Point: The infinity
point is easily projected by considering the transformation (10)
withp — 0

h$, ~ R(q) 'm(0,v) (14)

where only the camera orientation q and the ray’s direction
angles (6,) are present (the visual compass). Proceeding as

before, we obtain the definition of the ellipse (1) AN (u—
€x; Ey) as

éx = h(q,K,0,v) (15)
Ew = [HqHyHy P, HoHHy)" + R (16)

where Pq 4 4 is the joint covariances matrix of the uncertain
parameters. The £, 30 region is composed of the previous &;
region, as indicated in Fig. 5, to define the search area.

C. Selection of the Best Map Updates

Following the AS approach in [23], a predefined number of
landmarks with the biggest &; ellipse surfaces are selected in
each camera as those being the most interesting to be measured.
For each camera, we organize all candidates (visible landmarks)
in descending order of expectation surfaces, without caring if
they are points or rays. We update at each frame a predefined
number of them (usually around 10, and no more than 20).
Updates are processed sequentially, with all Jacobians being
recalculated each time to minimize the effect of linearization
errors.

D. Feature Matching: Affine Patch Warping

AS continues by warping the stored patch and searching for
a correlation peak inside the search area earlier. The objec-
tive of warping is to predict the landmark’s current appearance,
maximizing the chances for a good match. In the absence of dis-
tortion, a planar homography H € R**?, defined in the homo-
geneous spaces, would be desirable [24]. This type of warping
requires the online estimation of the patch normal in the 3-D

Original Similarity Best match Affine Best match

E;i 5 ; Hz&z H

Fig. 6. Similarity and affine warping on a sample patch. From left to right:
original patch; similarity warped patch (~180% scale, 10° rotation); best match
in a later image affected by distortion and its zero mean normalized cross
correlation (ZNCC) score (0.82); affine warped patch; best match and score
(0.97). The affine warping contains a significant skew component mainly due
to image distortion. The improvement in the ZNCC score is very important.

space, and may become very time-consuming. A good simplifi-
cation considers this normal fixed at the initial visual axis [23].
Further simplification applies just a similarity transformation
T = sR € R?*? in the image Euclidean plane [19]. This ac-
counts only for scale changes s and rotations R obtained from
the stored information (landmark position, camera initial, and
current poses). However, in the presence of distortion, features
lying close to the image borders suffer from additional defor-
mations. We developed a warping approach that easily adds a
skew component to the operator T (thus achieving fully affine
warping, but not perspective warping; Fig. 6), based on the Ja-
cobian of the function linking the first observation to the current
one. Let us consider the backward observation model g( ) for a
camera A at initialization time ¢ = 0, and the observation model
h() for a different camera B at current time ¢ > 0

P =g(C4(0),K1,u4(0),54)
up (t) = h(CB (t),’CB,p).

Here, p is the landmark’s position, K; = (k;, d;) are the intrin-
sic and distortion parameters of camera ¢, u; (t) is the measured
pixel, and s4 is the landmark’s depth with respect to the initial
camera. We can compose these functions to obtain the expres-
sion linking the initial and the current pixels

up(t) =h[Cp(t), Kp,g(Ca(0),Ka,u4(0),54)].

When all but the pixel positions are fixed, this represents an
invertible mapping R? ~— R? from the pixels in the first image
to the pixels in the current one. The local linearization around
the initially measured pixel defines an affine warping expressed
by the Jacobian matrix

a7

T Ju (18)
A (¢, (0).C5 (1) K K s (0).54)

By defining 1; as the coordinates of the patch in camera 7, with

the central pixel u; as the origin, we have up () = T 4 (0).

Based on this mapping, we use linear interpolation of the pixels’

luminosity to construct the warped patch.

V. EXPERIMENT 1: STEREO SLAM WITH SELF-CALIBRATION

The “White-board” indoor experiment aims at demonstrating
stereovision SLAM with self-calibration. A robot with a stereo
head looking forward is run for about 10 m in straight line inside
the robotics laboratory at the LAAS (see Fig. 7). Over 500 image
pairs are taken at approximately 5-Hz frequency. The robot
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Fig. 7. Laboratoire d’Analyse et d’ Architecture des System (LAAS) robotics
laboratory. The robot will approach the scene in a straightforward trajectory.
We notice in the scene the presence of a robot (I), a bin (2), a box (3), a trunk (3,
a fence (D) a table () (hidden by the robot in this image), and the white board (7)
at the end wall.

TABLE I
STEREO RIG PARAMETERS IN THE “WHITE-BOARD” EXPERIMENT

Scope Parameters = Values

Baseline = 33cm
{¢>79:1/)} = {00750700}
{resolution,FOV} = {512 x 384 pix, 55°}
{o4,00,04} ={1°,1°,1°}

Dimensions
Orientation - Euler
Cameras

Right camera uncertainties

moves towards the objects to be mapped at 0.15 m/s. The stereo
rig consists of two intrinsically calibrated cameras arranged
as indicated in Table I. The orientations of both cameras are
specified with respect to the robot frame. The left camera is taken
as reference, thus deterministically specified, and the orientation
of the right one is initialized with an uncertainty of 1° standard
deviation. We use the odometry model (Section III-A) with
k;, = 0.1 m/y/m and k4 = 0.05 rad//m.

We show details and results on the self-calibration procedure
and the metric accuracy of the resulting map. The mapping
process can be appreciated in the movie whiteboard.mov in
the multimedia section.

A. Self-Calibration

We plot in Fig. 8 left the evolution of the three self-calibrated
angles. We have also used the shape of the &, ellipses to pro-
vide additional qualitative evidence of the calibration process
(Fig. 9 and movie whiteboard — einf.mov). We observe the
following behavior.

1) Pitch@: The pitch angle (cameras tilt, 5° nominal value) is
observable from the first matched landmark. It rapidly converges
to an angle of 4.77° and remains very stable during the whole
experiment.

2) Roll ¢: Roll angle is observable after at least two land-
marks are observed from the right camera. Once this condition
holds, convergence occurs relatively fast.

3) Yaw 1): Yaw angle is very weakly observable because
it is coupled with the landmarks depths: both yaw angle and
landmark depth variations produce a similar uncertainty growth
in the right image. For this reason, yaw converges slowly, only
showing reasonable convergence after some 50 frames.
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— MC mean
—— MC STD
-==-= EKF STD

40 ] &0

Fig. 8.
camera orientation with respect to the robot during the first 60 frames. The 30
bounds are plotted in dotted line showing consistent estimation. (Right) Error
analysis after 100 MC runs using 200 frames per run (only the first 80 frames
are shown). The thick solid lines represent the means over the 100 runs. The
30 bounds for each angle are plotted using thin solid lines. The dotted lines
represent the averaged 30 bounds estimated by the EKF, showing consistent

Extrinsic self-calibration. (Left) The three Euler angles of the right

calibration.

frame 0

frame 2

frame 10

frame 39

Fig. 9. Evolution of the & and £ ellipses during calibration. On the left
column, newly detected pixels in the left image. On the right, expectations in
the right image (green) & and (yellow) £, of the newly initialized IDP rays
(i.e., still with the full initial uncertainty in p). At frame 0, initial uncertainties
of 1° result in a big, round € ellipse. After the first updated landmark from
the left camera (frame 2), the uncertainty in pitch decreases and £, becomes
flat. Successive updates further refine the calibrated angles. The yaw angle takes
longer to converge, but the tiny £ in frame 39 shows that the calibration is
already finished. The portion of the green ellipse on the right side of the yellow
one corresponds to negative disparities and is not searched for matches. This
portion is larger as parallax increases.

TABLE II
MC ANALYSIS OF THE SELF-CALIBRATION
Angle | MC mean STD EKF STD | Offline STD
roll 0.69° 0.028° 0.018° 0.61°  0.013°
pitch 4.77° 0.003° 0.005° 4.74°  0.099°
yaw 0.33° 0.021° 0.016° 0.51°  0.109°

In Fig. 8 right, we plot results of a Monte Carlo (MC) anal-
ysis, run over the data of this experiment, for the mean and
standard deviation of the Euler angles of the right camera. Be-
cause all MC runs are extracted from the same sequence, we
tried to maximize their independence by using a different ran-
dom seed in the algorithm (acting in the random selection of
the initialization region, Section IV-A), and by starting each run
at a different frame. The figure shows that the dynamic esti-
mation is consistent (the EKF estimated sigmas are larger than
the MC ones). After 200 frames, we compare these values with
those of the offline calibration [25]. Table II summarizes these
results, showing MC [(means and standard deviations (STD)]
and Kalman Filter (EKF, showing the estimated STD). All

653
654
655
656
657
658
659
660
661
662
663
664
665



666
667

668

669
670
671
672
673
674
675
676
677
678
679
680

681

682
683
684
685
686
687
688

SOLA et al.: FUSING MONOCULAR INFORMATION IN MULTICAMERA SLAM

R
D .:%

Fig. 10. Map produced during the “white board” experiment. We marked the
mapped robot (I, the bin (2, the box (3) the trunk (@), the fence (5), the table (6)
and the white board (7) at the end wall.

Ty

Fig. 11. Metric mapping. The magnitudes of some segments in the real labo-
ratory are compared to those in the map (red lines). Ground truth corresponds
to metric measurements of the distances between landmarks that are identified
by zooming in the last image of the experiment (right) and translated to the real
world. Thirteen points on the end wall are tested for coplanarity.

TABLE III
'WHITE BOARD: MAP TO GROUND TRUTH TOMPARISON
segment | board board board board  wall fence
real (cm) 116 86 117 88 136 124
mapped 116.6 872 1158 87.0 1351 1255
STD 091 0.81 1.21 0.52 1.06 1.32

self-calibrated values lie within the 30 bounds defined by the
offline mean and STD values.

B. Metric Accuracy

We show in Fig. 10 a top view of the map generated during
this experiment. To contrast this map against reality, two tests
are performed: planarity and metric scale (see Fig. 11): 1) the
four corners of the white board are taken together with nine
other points at the end wall to test coplanarity: the 13 mapped
points are found to be coplanar within 4.9 cm STD; 2) the
lengths of the real and mapped segments marked in Fig. 11
are summarized in Table III. The white board has a physical
size of 120 cm x 90 cm, but we take real measurements from
the approximated corners where the features are detected. We
observe errors in the order of 1 cm for landmarks that are still
about 4 m away from the robot.

VI. EXPERIMENT 2: COOPERATIVE MONOCULAR SLAM

This experiment shows independent cameras collaborating to
build a 3-D map using exclusively bearings-only observations.
Two independent cameras are placed on top of two bicycles
looking forward, moving on different trajectories in the park-
ing of the LAAS (see Fig. 12). Over 1000 images are taken
by each camera at 15-Hz frequency, 512 x 384 pixel resolution,
100° field of view (FOV), and are processed offline. The cam-

Fig. 12. Snapshots of master and slave sequences in cooperative SLAM.
Faraway landmarks (e.g., black arrowed), still initialized as rays (red), are the
ones fixing the orientation. Nearby landmarks, usually as Euclidean points
(blue), maintain the metric. A virtual model of the master camera is visible from
the slave camera (white arrowed). See cooperativeSLAM.mov.

Zm}: = 3 -y

Fig. 13.  Top view of the map produced by cooperative SLAM of two inde-
pendent cameras, and their crossing trajectories. The grid spacing is 2 m.

eras travel approximately 28 m observing landmarks beyond
60 m. As in the previous experiment, the left camera is the mas-
ter. The two trajectories start parallel to each other, separated
75 cm perpendicularly to the motion direction. The reference
frame is defined by the master camera initial position and ori-
entation, which are initialized with null uncertainty. The scale
factor is determined by the initial baseline of 75 ¢cm, meaning
that the position of the slave camera in the lateral Y -axis is also
initialized with null uncertainty. The orientations of the slave
camera start with an uncertainty of 2° STD, and its position in
the frontal Y- and vertical Z-axes with 75 cm-sin(2°) = 2.6 cm
STD. With these uncertainties, the experiment’s initial configu-
ration can be set up manually by just observing the images and
centering the projections of some distant object. We use two
independent constant-velocity models with k, = 0.3 m/s - /s
and k,, = 0.3 rad/s - \/s. The measurement noise is 1 pixel.

Landmarks at infinity, illumination changes and few salient
features are some characteristics of this outdoors scene. It
presents relatively few stable landmarks, something that makes
the correct operation of the SLAM system difficult. In the case
of having crossing trajectories, the problem of one camera oc-
cluding the other could appear and severely affect the image
processing. To avoid this, we decided to take both image se-
quences shifted in time, i.e., one after the other, and make them
overlap for processing. The mapping process is presented in
the movie cooperativeSLAM.mov in the multimedia section.
Fig. 13 shows the top view of the map and the camera trajecto-
ries generated during this experiment.

A proper metrical evaluation of this experiment is difficult;
having a variable baseline does not allow us to compare the re-
sults, because there is no knowledge of the ground truth. In order
to evaluate this approach, we consider the setup in experiment
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Fig. 14.  Final map in the “white board” setup using the cooperative monocular

SLAM algorithm. The cameras are modeled as being entirely independent using
the same data and initial configuration as in Experiment 1. The stereo rig on
the right shows (red) the final estimated relative position compared with (black)
ground truth.

1 and apply the same algorithm. The new experiment consists
of recovering the full extrinsic calibration, which is fixed in re-
ality, considering both cameras as independent. Again, we use
a constant-velocity model for each camera. The initial setup
including uncertainties is as in experiment 1.

Fig. 14 shows the obtained map. We see that it compares
very well to the map obtained in experiment 1 (see Fig. 10),
where the motions of the two cameras were constrained by the
stereo rig and a common motion was predicted using odometry.
Fig. 14 bottom shows a detail of the cameras in their final relative
position. We measure an error along the baseline of less than
2 cm. The orientation errors are less than 0.7°.

VII. CONCLUSION

We showed in this paper that fusing the visual information
with monocular methods while performing multicamera SLAM
provides several advantages: the ability to consider points at in-
finity, desynchronization of the different cameras, the use of any
number of cameras of different types, sensor self-calibration,
and the possibility to conceive decentralized schemes that will
make realistic multirobot monocular SLAM possible. Except for
decentralization, these advantages have been explored with the
inverse depth monocular SLAM algorithm, and applied to two
different problems: stereovision SLAM with an extrinsically
decalibrated stereo rig and cooperative SLAM of two indepen-
dently moving cameras.

Both demonstrations employed a master—slave approach,
which made solving some of the issues of map and image
management easier, and we are now improving on this by im-
plementing a fully symmetrical approach. This approach should
easily permit the extension of the presented applications to cases
with more than two cameras. In parallel to these activities, we
started new work on landmark parametrization to improve EKF
linearity in cases of increasing parallax. Also, as parallax in-
creases, landmarks appearances may change too much as to
guarantee a stable operation with the matching methods pre-
sented here. We believe that wide baseline feature matching
will be the bottleneck of visual SLAM for some time to come.
As for decentralization, we note that it demands a full reformu-
lation of the fusion engines we use in this paper (one central
EKF), for example, via channel filters, and is currently a subject
of intense research at LAAS and other laboratories.
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Fusing Monocular Information in
Multicamera SLAM

Joan Sola, André Monin, Michel Devy, and Teresa Vidal-Calleja

Abstract—This paper explores the possibilities of using monocu-
lar simultaneous localization and mapping (SLAM) algorithms in
systems with more than one camera. The idea is to combine in a sin-
gle system the advantages of both monocular vision (bearings-only,
infinite range observations but no 3-D instantaneous information)
and stereovision (3-D information up to a limited range). Such a
system should be able to instantaneously map nearby objects while
still considering the bearing information provided by the observa-
tion of remote ones. We do this by considering each camera as an
independent sensor rather than the entire set as a monolithic su-
persensor. The visual data are treated by monocular methods and
fused by the SLAM filter. Several advantages naturally arise as
interesting possibilities, such as the desynchronization of the firing
of the sensors, the use of several unequal cameras, self-calibration,
and cooperative SLAM with several independently moving cam-
eras. We validate the approach with two different applications: a
stereovision SLAM system with automatic self-calibration of the
rig’s main extrinsic parameters and a cooperative SLAM system
with two independent free-moving cameras in an outdoor setting.

Index Terms—Calibration, image sequence analysis, Kalman fil-
tering, machine vision, robot vision systems, stereovision.

1. INTRODUCTION

HE SIMULTANEOUS localization and mapping (SLAM)

problem, as formulated by the robotics community, is that
of creating a map of the perceived environment while localiz-
ing oneself in it. The two tasks are coupled in such a way so
as to benefit each other; a good localization is crucial to create
good maps, and a good map is necessary for localization. For
this reason, the two tasks must be performed simultaneously,
and hence, the full acronym SLAM. In recent years, the ma-
turity of both online SLAM algorithms, together with fast and
reliable image processing tools from the computer vision liter-
ature, has crystallized into a considerable quantity of real-time
demonstrations of visual SLAM.

In this paper, we insist on the quality of the achieved localiza-
tion, which will impact in turn the map quality. The key to good
localization is to ensure the correct processing of the geometrical
information gathered by the cameras. In this long introduction,
we present an overview of visual SLAM and related techniques
to show that visual SLAM systems have historically discarded
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precious sensory information. We present a novel approach that
uses the SLAM filter as a classical fusion engine that incor-
porates the full monocular information coming from multiple
cameras.

A. Monocular SLAM

Possibly, the best example of the aforementioned technolog-
ical crystallization is monocular SLAM, a particular case of
bearings-only (BO) SLAM (where the sensor does not provide
any range or depth). It is well known that the reduction in system
observability due to BO measurements has two main drawbacks:
the loss of the scale factor and the delay in obtaining good 3-D
estimates. Previous works either added some metric measure-
ment to observe the scale factor, such as odometry [1] or the
size of known perceived objects [2], [3], or have considered it
irrelevant [4]. The delay in getting good 3-D estimates comes
from the fact that such estimates require several BO observations
from different viewpoints. This makes landmark initialization
in BO-SLAM difficult, to the point that satisfactory methods
able to exploit all the geometrical information provided by the
cameras have only recently become available. We have wit-
nessed an evolution of the algorithms as follows. First, delayed
landmark initialization methods attempted to obtain a full 3-D
estimate before initialization via several observations from dif-
ferent viewpoints. Davison [3] showed real-time feasibility of
monocular SLAM with affordable hardware, using the original
extended Kalman filter (EKF) SLAM algorithm for all but the
unmeasured landmark’s depth, and a separate particle filter to
estimate this depth. Initialization was deferred to the moment
when the depth estimate was good enough. The consequence
of a delayed scheme is that we can only initialize landmarks
with enough parallax, i.e., those that are close to the camera
and situated perpendicularly to its trajectory, and therefore, the
need to operate in room-size scenarios with lateral motions.
Second, Sola et al. [1] showed that undelayed landmark initial-
ization (mapping the landmarks from their first, partial observa-
tion) was needed when considering low parallax landmarks, i.e.,
those that are remote and/or situated close to the motion axis.
This permits mapping larger scenes while performing frontal
trajectories. Third, Civera et al. [5] have recently achieved the
mapping of landmarks up to infinity, due to an undelayed ini-
tialization via an inverse depth parameterization (IDP). IDP
has also been developed by Eade et al. [6] in a FastSLAM2.0
context. Today, the monocular SLAM systems exploit the geo-
metrical information in its entirety: from the first observation,
independently of the sensor’s trajectory, and up to the infinity
range.

1234-5678/$25.00 © 2008 IEEE
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B. Structure From Motion (SFM)

Monocular SLAM compares to a similar problem solved
by the vision community: the structure from motion problem
(SEM). In SFM, the goal is to determine, from a collection of
images and up to an unrecoverable scale factor, the 3-D structure
of the perceived scene and all 6-D camera poses from where the
images were captured. When compared to SLAM, the structure
plays the role of the map, while the set of camera poses defines
all the successive observer’s localizations.

Roboticists often claim that the main difference between
SFM and SLAM is that the former is solved offline via
the iterative nonlinear optimization method known as bun-
dle adjustment (BA) [7], while the latter must be incremen-
tally solved online, thus making use of stochastic estimators
or filters that naturally provide incremental operation. This
has been true for some years (today, SLAM is also solved
online with iterative optimization [8]), but does not tell the
whole story. The differences between SFM and SLAM are
not only in the methods but also in the objectives, meaning
that similar aspects of similar problems are given different
priorities.

In particular, SFM exploits the visual information in its en-
tirety without the difficulties encountered in monocular SLAM.
Let us try to understand this curious fact. SFM puts the struc-
ture as a final objective, i.e., as a result of the whole process,
and the emphasis is placed on minimizing the errors in the
measurement space, thus using all the measured information.
On the other hand, the SLAM map has a central role, with
some of the operations (and particularly landmark initializa-
tion) being performed in map space, which is the system’s state
space. The fact that this state space is not statically observable,
because it is of higher dimension than the observation space,
leads to the difficulties exposed before. As an informal attempt
to fill this gap, we could say that modern undelayed methods
for monocular SLAM, with partial landmark initialization and
partial updates, are almost equivalent to an operation in the
measurement space: the information is initialized in the map
space partially, i.e., exactly as it comes from the measurement
space. A similar point of view over this concept can be found
in [9].

C. Stereovision SLAM

Stereovision SLAM has also received considerable attention.
The ability of a stereo assembly to directly and immediately pro-
vide 3-D landmark estimates allows us to use the best available
SLAM algorithms and rapidly obtain good results with little
effort in the conceptual parts. Such SLAM systems consider
the stereo assembly as being a single monolithic sensor, capa-
ble of gathering 3-D geometrical information from the robot’s
surroundings, e.g. [10]. This fact, which appears perfectly rea-
sonable, is the main paradigm that this paper questions. By
considering two linked cameras as a single 3-D sensor, SLAM
is unable to face the following two issues.

1) Limited 3-D Estimability Range: While cameras are ca-
pable of sensing visible objects that are potentially at infinity,
a stereo rig provides only reasonably good 3-D estimates up
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to a limited range, typically from 3 m to a few tens of meters
depending on the baseline. Because classical, nonmonocular
SLAM algorithms expect full 3-D estimates for landmark ini-
tialization (i.e., they are reasoned in the map space), information
belonging to only this limited region can be used for SLAM.
This is really a pity; it is like if, having our two eyes, we were
obliged to neglect everything outside a certain range from us,
what we could call “walking inside dense fog.” Without remote
landmarks, it is easy to lose spacial references, to become disori-
ented, and finally, find ourselves lost. Therefore, stereovision,
as it is classically conceived, is a bad starting point for visual
SLAM.

2) Mechanical Fragility: If we aim at extending the 3-D
estimability range beyond these few tens of meters, we need
to increase the stereo baseline while keeping or improving the
overall sensor precision. This is obviously a contradiction: larger
assemblies are less precise when using the same mechanical
solutions. In order to maintain accuracy with a larger assembly,
we must use more complex structures that will be either heavier
or more expensive, if not both. The result for moderately large
baselines (>1 m) is a sensor that is very easily decalibrated,
and therefore, almost useless. Large rigs, however, are very
interesting in outdoor applications because they allow farther
objects to be positioned, thus making them contribute to the
observability of the overall scale factor. This is especially true
in aerial and underwater settings where, without nearby objects
to observe, a small stereo rig provides no significant gain with
respect to a single camera. Self-calibration can compensate for
the inherent lack of stability of large camera rigs. It also allows
multicamera platforms to start operation without undergoing a
previous calibration phase, making on-field system deployment
and maintenance easier.

To our knowledge, the only SLAM work that goes beyond the
current stereoparadigm (apart from our conference paper [11])
is the one by Paz et al. [12], which uses a small-baseline, fully
calibrated stereo rig. Matched features presenting significant
disparity are initialized as classical Euclidean landmarks, while
those presenting low disparities are treated with the inverse
depth algorithm.

D. Visual Odometry (VO)

One could say that, in terms of methodology, visual odom-
etry (VO) is to stereovision SLAM what SFM is to monocular
SLAM. VO is conceived to obtain the robot’s ego motion from
a sequence of stereo images [13]. Visual features are matched
across two or more pairs of stereo images taken during the robot
motion. An iterative minimization algorithm, usually based on
BA, is run to recover the stereo rig motion, which is then trans-
formed into robot motion. For this, the algorithm needs to re-
cover the structure of the 3-D points that correspond to the
matched features. This structure is not exploited for other tasks
and can be usually discarded. Remarkably, when the structure
is coded in the measurement space (u, v, d), a disparity d — 0
allows points at infinity to be properly handled [14]. This is also
accomplished by using homogeneous coordinates [7]. VO must
work in real time because robot localization is needed online.
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Advanced VO solutions achieve very low drift levels after long
distances by making use of: 1) hardware-based image process-
ing with real-time construction and querying of large feature
databases [15]; 2) dense image information matching via planar
homographies and the use of the quadrifocal tensor [16]; or 3)
bundle adjusting the set of [V recent key frames together with
additional fusion with an inertial measurement unit (IMU) [14].

E. Sensor Fusion in SLAM

The fact of SLAM being solved by filters allows us to envision
SLAM systems as sensor fusion engines. Let us highlight some
of the assets of filtering in sensor fusion.

1) Multisensor operation: Any number of differing sensors

can be operated together in a consistent framework.

2) Sensors self-calibration: Unknown biases, gains, and
other sensor’s parameters can be estimated provided that
they are observable [17].

3) Desynchronized operation: The data rates of all these sen-
sors do not need to be synchronized.

4) Decentralized operation: Advanced filter formulations
such as those using channel filters [18] achieve a decen-
tralized operation that should permit live connection and
disconnection of sensors without the need for filter repro-
gramming or reparameterization.

This paper explores the first three points for the case of mul-

tiple cameras.

SLAM systems naturally fuse information from both propri-
oceptive (odometry, GPS, and IMU) and exteroceptive (range
scanners, sonar, and vision) sensors into the map. But our in-
terest here is in fusing several exteroceptive sensors. We can
distinguish two cases.

1) Sensors of different kind: When using differing sensors
(e.g., laser plus vision), the main problem is in finding a
map representation well adapted to the different kinds of
sensory data (i.e., the data association problem).

2) Sensors of the same kind: The perceived information is of
the same nature. This makes appearance-based matching
possible, and therefore, makes map building easier. Nev-
ertheless, most of such SLAM systems do not take advan-
tage of fusion. Instead, the extrinsic parameters linking
the sensors are calibrated offline, and the set of sensors
is treated as a single supersensor. This is the case for
two 180° range scanners simulating a 360° one, and for
the previously mentioned stereo rig simulating a 3-D sen-
sor. A sensor-fusion approach in these cases should nat-
urally bring the aforementioned advantages to the SLAM
system.

F. Multicamera SLAM and the Aim of This Paper

The key idea of this paper is very simple: by employing
the SLAM filter as a fusion engine, we will be able to use
any number of cameras in any configuration. And, by treat-
ing them as BO sensors with the modern undelayed initializa-
tion methods, we will extract the entire geometrical information
provided by the images. The filter—not the sensor—will be re-

sponsible for making the 3-D properties of the perceived world
arise.

Applications may vary from the simplest stereo system,
through robots with several differing cameras (e.g., a panoramic
one for localization and a perspective one looking forward
for reactive navigation), to multirobot cooperative SLAM
where BO observations from different robots are used to
determine the 3-D locations of very distant landmarks. Al-
though there certainly exist issues concerning multicamera
management, the main ideas we want to convey may be
demonstrated with systems of just two cameras. In this pa-
per, we will illustrate two cases: first, the case of a robot
equipped with a stereo rig, with its cameras being treated
as two individual monocular sensors and second, two cam-
eras moving independently and mapping together an outdoors
scene.

This paper draws on previous work published in the confer-
ence paper [11] and the author’s Ph.D. thesis [19]. These two
works use the federated information sharing algorithm (FIS)
in [1] to initialize the landmarks, which has been surpassed by
the inverse depth methods (IDP) [5]. The present paper takes
and extends all this research by developing a better founded jus-
tification (providing a wider scope to the proposed concepts), by
improving on the implementation with the incorporation of IDP
in the algorithms, and by extending the experimental validation
to a cooperative monocular SLAM setup.

This paper is organized as follows. Section II presents the
main ideas that will be exploited later and revises some back-
ground material for monocular SLAM. Section III explains how
to set up multicamera SLAM, an application for stereo benches
with self-calibration, and an application for two collaborative
cameras. Section IV presents the perception and map manage-
ment techniques used. Sections V and VI show the experimen-
tal results, and finally, Section VII gives conclusions and future
directions.

II. 3-D ESTIMABILITY IN VISUAL SLAM

In this section, we present the ideas that support our approach
to visual SLAM. We make use of the concept of estimability,
which will help understand the abilities of vision for observing
3-D structure in the presence of uncertainty. We clarify the key
properties of undelayed initialization in monocular SLAM, and
remark its importance in multicamera SLAM. We also remind
the key aspects of IDP-SLAM.

A. Geometrical Approach to 3-D Estimability

We are interested in finding the shape and dimensions of the
3-D-estimable region defined by two monocular views.

For this, we start with a couple of ideas to help understand-
ing the concept of estimability used. When a new feature is
detected in an image, the backprojection of its noisy-measured
position defines a conic-shaped pdf for the landmark position,
called ray, which extends to infinity (see Fig. 1). Let us con-
sider two features extracted and matched from a pair of images,
corresponding to the same landmark: their backprojections are
two conic rays A and B that extend to infinity. The angular
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Fig. 1. Conic ray backprojects the elliptic representation of the Gaussian 2-D
measure. It extends to infinity.
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Fig. 2. Different regions of intersection for (solid) 40, (dashed) 3o, and
(dotted) 20 ray widths when the outer 40 bounds are, parallel. (Shaded) The
parallax or angle between rays axes A and Bis1) =404 +40p.

widths of these rays can be defined as a multiple of the stan-
dard deviations o4 and op of the angular errors (a composi-
tion of the cameras extrinsic and intrinsic parameters errors,
and of the image processing algorithms accuracy). Informally
speaking, we may say that the landmark’s depth is fully esti-
mated if the region of intersection of these rays is both closed
and sufficiently small. If we consider, for example, the case
where the two external 40 bounds of the rays are parallel
(see Fig. 2), then we can assure that the 3o intersection re-
gion (which covers 98% probability) is closed and that the 20
one (covering 74%) is closed and small. The ratio between the
depth’s standard deviation and its mean (a measure of linearity
in monocular EKF-SLAM [1], [3]) is then better than 0.25. The
parallax angle ¢ between the two rays axes is therefore i) =
4(c4 + op) = constant. This is the minimum parallax for full
estimability.

In 2-D, we can plot the locus of constant estimability.
In the case, where o4 and op can be considered con-
stant, ¢ is constant too, and from the inscribed angle theo-
rem, the locus is then circular (Fig. 3, see also [19]). Land-
marks inside this circle are considered fully estimable—and
partially outside. In 3-D, the fully 3-D estimable region is
obtained by revolution of this circle around the axis join-
ing both cameras, producing a torus-shaped region with a
degenerated central hole. This shape admits the following
interpretations.

1) In a stereo configuration or for a lateral motion of a
moving camera (see Fig. 3, left), the estimable region
is located in front of the sensor. Beyond the region’s
border stereo provides no profit: if we want to consider
distant landmarks, we have to use undelayed monocular
techniques.

2) Depth recovery is impossible in the motion axis of a sin-
gle camera moving forward (Fig. 3, right). Close to this
axis, estimability is possible only if the region’s radius
becomes very large. This implies the necessity of very
large displacements of the camera during the initializa-
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Fig. 3. Simplified depth estimability regions in a (left) stereo rig and (right)
a camera traveling forward. The angle v is the one that assures estima-
bility via triangulation from different viewpoints. The maximum range is
2R = b/sin(v¢/2).

SLAM with partially mapped
landmarks up to infinity

Fig. 4. Simplified depth estimability for a stereo rig moving forward. On both
sides, estimability depends on the baseline gained by motion. In front, by stereo.
Out of these bounds and up to infinity, landmarks are mapped partially. SLAM
keeps incorporating the visual information due to the undelayed monocular
methods, i.e., IDP in our case.

tion process. Again, this can be accomplished only with
undelayed initializations.

3) By combining both monocular and stereovision, we get
an instant estimability of close frontal objects while still
utilizing the information of distant ones (see Fig. 4). Land-
marks lying outside the estimability regions are not 3-D-
estimable but, when initialized using undelayed monocu-
lar methods, they will contribute to constrain the camera
orientation. Ideally, long-term observations of stable dis-
tant landmarks would completely cancel orientation drift
(visual compass).

B. Monocular IDP-SLAM

The core algorithm of this paper is an EKF-SLAM with an
IDP of landmarks during the initialization phase, as described
in [5]. In IDP-SLAM, partially observed landmarks are coded
as a 6-D-vector,

i= [X0,9,¢,p] (1)

where x is the 3-D position of the camera at initialization time,
(6,7) are the elevation and azimuth angles in global frame
defining the direction of the landmark’s ray, and p is the inverse
of the Euclidean distance from X, to the landmark’s position
(notice that p is usually known as inverse depth but it is rather
an inverse distance). After the first observation, all parameters
of i except p are immediately observable, and their values and
covariances are obtained by proper inversion and linearization
of the observation functions. The inverse depth p is initialized
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with a Gaussian N (p — p; 02) such that in the depth dimension
s =1/p, we have

1
S(—no)y = = =X (2)
p—no,
1
S(+no) = m = Smin 3)

with sy, the minimum considered depth and n the inverse depth
shape factor. This gives p = 1/(2sp,;n) and, more remarkably

“4)

Importantly, values of 1 < n < 2 assure from (2) that the infinity
range is included in the parametrization with ample probability.

On subsequent updates, IDP achieves correct EKF operation
(i.e., quasi-linear behavior) along the whole ray as long as the
parallax shown by the new viewpoint is not too large. The lin-
earity test in [20] is regularly evaluated. If passed, the landmark
can be safely transformed into a 3-D Euclidean parametrization.

no, = p.

III. MULTICAMERA SLAM

The general scheme for the multicamera SLAM system is
presented in this section. This scheme is particularized to deal
with two different problems. The first one is the automatic self-
calibration of a stereo rig while performing SLAM. The second
one is a master—lave solution to cooperative monocular SLAM.
Both setups are explained here, and their corresponding experi-
ments are presented in Sections V and VL.

A. System Overview

We implement the multicamera SLAM system as follows. A
central EKF-SLAM will hold the stochastic representation of
the set of all cameras C; plus the set of landmarks £;

X'=[c/ cy oLl L] (5)

where the cameras states contain position and orientation quater-
nion [C; = (r;,q;) € R7], and landmarks can be coded either
in inverse depth (£; =i; € R%) or in Euclidean coordinates
(L; = p; € R%). Any number of cameras can be considered
this way. As each camera needs to remain localized properly,
it needs to observe a minimum number of landmarks at each
frame. The algorithm’s complexity increases linearly with the
number of cameras if this number is small with respect to the
map.

For camera motions, we consider two possible models. In
the first one, a simple odometer provides motion predictions
[Az, Ay, Ay] in the robot’s local 2-D plane. Gaussian uncer-
tainties are added to the 6-DOF linear and angular components
[x,v, 2, ¢,0,1] with a variance proportional to the measured
forward motion Ax

{03705703} = k%

- Az (6)
(7N

The variance in [¢, 6, 1] is mapped to the quaternion space using
the corresponding Jacobians.

{Uﬁ,aioi} = /{:124 - Az,

The second model is a 6-DOF constant velocity model
r’=r+vAt

q’ =q x v2q(w At)
vt

=Vt

wh=w+n,
where ()" means the updated value, x is the quaternions prod-
uct, and v2q(w At) transforms the local incremental rotation
vector w At into a quaternion (quaternions are systematically
normalized). This way, the camera state vector C; is augmented
to C; = (r;, q;, vi,w;) € R!3. At each time step, perturbations
{nw,nw} ~ N(0; {02, 02 }) add variances to the linear and an-
gular velocities proportionally to the elapsed time At

2 1.2
Oy = kv

2 _ 1.2
Uu; *kw

- At
- At.

®)
&)

The events of camera motion, landmark initialization, and
landmark observation are handled as in regular IDP-SLAM by
just selecting the appropriate block elements from the SLAM
state vector and covariances matrix, and applying the corre-
sponding motion or observation models. For example, at the
observation of landmark j from camera ¢, we would use the
function uj =h(C;, L;), which will be explained later for the
case of an IDP ray [see 11]. Before transforming IDP rays into
points, the linearity test in [20] needs to hold for all cameras.

B. Stereo SLAM With Extrinsic Self-Calibration

Our approach is relevant to fully calibrated stereo rigs if they
are small (10-20 cm, as in [12]) or if, having long baselines, their
main extrinsic parameters can be continuously self-calibrated.

Not all of the six extrinsic parameters of a stereo rig (three for
translation, three for orientation) need to be calibrated. In fact,
the notion of self-calibration inherently requires the system to
possess its own gauge. In our case, the metric dimensions or
scale factor of the whole world—robot system can only be ob-
tained either from the stereo rig baseline, which is one of the
extrinsic parameters (then, it makes no sense to self-calibrate
the gauge), or from odometry, which is often much less accurate
than any coarse measurement we could make of this baseline.
Additionally, as cameras are actually angular sensors, vision
measurements are much more sensitive to the cameras orienta-
tions than to any translation parameter. This means that vision
measurements will contain little information about these trans-
lation parameters. In consequence, self-calibration may concern
only orientation, and more precisely, the orientation of one cam-
era with respect to the other. The error of the reconstructed map’s
scale factor will be the same as the relative error of the baseline
measurement.

With these assumptions, our self-calibration solution is
straightforward: for the second camera, we just include its ori-
entation in the map and let EKF make the rest. The state vector
(5) is modified and written as

X'=[R" ap £f Ly]
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where R and L, - - - L) are the robot pose and landmarks map.
The left camera pose Cy. has a fixed transformation with respect
to the robot, and qp is the orientation part of the right-hand
camera Cp in the robot frame. The time-evolution function of
the angular extrinsic parameters is simply q} = qp + 7, where
v is a white, Gaussian, low-energy process noise that accounts
for eventual decalibrations, e.g., due to vibrations. For short-
duration experiments, we set v = 0. A coarse analysis of the
stereo structure’s mechanical precision will be enough to set the
initial uncertainty to a value of the order of 1° or 2° per axis.
This can be reduced to a few tenths of degree in cases where we
dispose of previous calibrated values about which we are not
confident anymore.

C. Cooperative Multicamera SLAM

The ideal, most general case of cooperative SLAM (5), corre-
sponds to a (not too large) number of cameras moving indepen-
dently. Each camera is able to manage its own measurements
and communicates directly with the map. The aim of this com-
munication is to obtain information about existing landmarks
to get localized, and provide information about new or reob-
served landmarks. This way, the algorithms to be executed by
each camera are absolutely symmetrical, without any kind of
hierarchy. A simplified implementation considers cameras with
different privileges.

In our particular case, the cooperative SLAM system consid-
ers two cameras. One of them takes the role of master, and
is responsible for all landmarks detection and initialization.
The second one acts as the slave. It follows the master at a
close distance and reobserves the SLAM map that is being
built by the master. By doing so, it provides a second view-
point to landmarks just initialized, accelerating the convergence
of the map. The master and slave trajectories are highly in-
dependent, and for instance, they can cross paths. The only
requirement is to look in the same direction. A trivial exten-
sion to more than two cameras consists in including additional
slaves.

IV. PERCEPTION AND MAP MANAGEMENT

Active search (AS, nicely described in [21] and also referred
to as top-down in [6]) is a powerful framework for real-time
image processing within SLAM. It has been successfully used in
several monocular SLAM works [3], [S], [11], using a diversity
of techniques for landmark initialization. The idea of AS is to
exploit the information contained in the map to predict a number
of characteristics of the landmarks to observe. AS is helpful in
solving the following issues:

1) selecting interesting image regions for initialization;

2) selecting the most informative landmarks to measure;

3) predicting where in the image they may be found, and with

which probability;

4) predicting the current landmark’s appearance to maximize

the chances of a successful match.

IEEE TRANSACTIONS ON ROBOTICS, VOL. 24, NO. 5, OCTOBER 2008

A. Feature Detection and Initialization

Based on the projection of the map information into the master
image, a heuristic strategy is used to select a region of interest
for a new initialization: we divide the image with a grid and
randomly select a grid element with no landmarks inside. We
extract the strongest Harris point [22] in this region and validate
it if its strength is above a predefined threshold. We store a small
rectangular region or patch of 15 x 15 pixels around the point
as the landmark’s appearance descriptor, together with the pose
of the camera. Finally, we initialize the IDP ray in the SLAM
map.

B. Expectations: The Active Search Regions

Some considerations about AS can be made for its usage in
multicamera IDP-SLAM to improve performance. We use for
this the & and & ellipses, defined and explained as follows.

1) & Ellipse: Expectation of the Inverse Depth Ray: The
inverse depth ray (1) is easily projected into a camera. We take
the transformation to camera frame given in [5]:

h{ = R(q)' (p(xo — ) + m(0,¢))

where R/( ) is the rotation matrix corresponding to the camera
orientation q and r is the current camera position. This value
is then projected into the camera, described by intrinsic and
distortion parameters k and d (we use a classical radial distortion
model of up to three parameters, which is inverted as explained
in [19]). Let us call K = (k,d) the camera parameters, C =
(r,q) the camera pose, and i = (xg, 6,1, p) the IDP ray. The
observation function is

(10)

u="h(C,K,i) +n = project(h{, k) +7n  (11)

where project () takes into account the camera model (we use
perspective cameras) and 7 is the pixel Gaussian noise, with
covariance R.

We define the &; ellipse as the Gaussian expectation

& (u) = N(u — &;; E;), with u being the pixel position, and

with mean and covariances matrix
e, = hy(C,K,i) (12)
E, = [HcH;]| Pc; [Ho Hi]' + R. (13)

Here, He and H; are the Jacobians of h; with respect to the
uncertain parameters C and i, ® are variable estimates from
the SLAM map, and P ; is the joint covariances matrix (all
correlations and cross correlations) of C and i, also from the
map. In AS, & is usually gated at 30, giving place to an elliptic
region in the image where the landmark must project with 98%
probability. However, this is not necessarily true in cases of
noticeable parallax, as we examine now.

At landmark initialization, its inverse depth p is initialized
according to (2)—(4). When considering 3¢ uncertainty regions,
(4) implies that p can go negative with a nonnegligible probabil-
ity, meaning that the coded landmarks might be situated behind
the camera. This becomes evident when projecting the IDP ray
into a second camera presenting some parallax: the projected
30 & ellipse contains a region with negative disparity (see
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30 ellipses ( _2>

8[ E"x
—=5 > Suyin (with 98% probability) d > 0 €—j|l—>d < 0

Fig. 5. 30 search region defined by the &; ellipse contains a significant part
that corresponds to negative disparities d < 0, where the feature should not be
searched. The final 3o search region (gray) is defined by the £; and £, ellipses.
The rightmost 3¢ border of £, is where the probability to find the projection
of the infinity point has fallen below 2%.

Fig. 5). It is desirable to limit the search area to values of only
positive disparity for two reasons: the correlation-based search
(one of the most time-consuming processes) is faster and the
possibility of including false matches as outliers is diminished.
With nonrectified images and/or camera sets with uncertain ex-
trinsic parameters, determining the null disparity bound is not
straightforward. One solution is to use the £ ellipse, which we
introduce in the following paragraph.

2) & Ellipse: Expectation of the Infinity Point: The infinity
point is easily projected by considering the transformation (10)
with p — 0

hS, ~ R(q) 'm(6,v) (14)

where only the camera orientation q and the ray’s direction
angles (6,) are present (the visual compass). Proceeding as

before, we obtain the definition of the ellipse (1) SN (u—
€x; Ey) as

e =h(q,K,0,9) (15)
Ey = [HqHyHy|Prq o [HoHHy]" + R (16)

where Pq 4 4 is the joint covariances matrix of the uncertain
parameters. The &, 3o region is composed of the previous &;
region, as indicated in Fig. 5, to define the search area.

C. Selection of the Best Map Updates

Following the AS approach in [23], a predefined number of
landmarks with the biggest &; ellipse surfaces are selected in
each camera as those being the most interesting to be measured.
For each camera, we organize all candidates (visible landmarks)
in descending order of expectation surfaces, without caring if
they are points or rays. We update at each frame a predefined
number of them (usually around 10, and no more than 20).
Updates are processed sequentially, with all Jacobians being
recalculated each time to minimize the effect of linearization
erTors.

D. Feature Matching: Affine Patch Warping

AS continues by warping the stored patch and searching for
a correlation peak inside the search area earlier. The objec-
tive of warping is to predict the landmark’s current appearance,
maximizing the chances for a good match. In the absence of dis-
tortion, a planar homography H € R3*3, defined in the homo-
geneous spaces, would be desirable [24]. This type of warping
requires the online estimation of the patch normal in the 3-D

Original Similarity Best match Affine Best match

| |y

Fig. 6. Similarity and affine warping on a sample patch. From left to right:
original patch; similarity warped patch (~180% scale, 10° rotation); best match
in a later image affected by distortion and its zero mean normalized cross
correlation (ZNCC) score (0.82); affine warped patch; best match and score
(0.97). The affine warping contains a significant skew component mainly due
to image distortion. The improvement in the ZNCC score is very important.

space, and may become very time-consuming. A good simplifi-
cation considers this normal fixed at the initial visual axis [23].
Further simplification applies just a similarity transformation
T = sR € R?>*? in the image Euclidean plane [19]. This ac-
counts only for scale changes s and rotations R obtained from
the stored information (landmark position, camera initial, and
current poses). However, in the presence of distortion, features
lying close to the image borders suffer from additional defor-
mations. We developed a warping approach that easily adds a
skew component to the operator T (thus achieving fully affine
warping, but not perspective warping; Fig. 6), based on the Ja-
cobian of the function linking the first observation to the current
one. Let us consider the backward observation model g( ) for a
camera A at initialization time ¢ = 0, and the observation model
h() for a different camera B at current time ¢ > 0

P = g(CA(O)7K:A7uA (0)7 SA)
up(t) = h(Cp(t),Ks,p).

Here, p is the landmark’s position, IC; = (k;, d;) are the intrin-
sic and distortion parameters of camera i, u; (¢) is the measured
pixel, and s4 is the landmark’s depth with respect to the initial
camera. We can compose these functions to obtain the expres-
sion linking the initial and the current pixels

h[Cp(t),Kp,g(Ca(0), La,ua(0),54)].

When all but the pixel positions are fixed, this represents an
invertible mapping R? ~ R? from the pixels in the first image
to the pixels in the current one. The local linearization around
the initially measured pixel defines an affine warping expressed
by the Jacobian matrix

up(t) = a7

_ %us (18)

OA (¢, (0).C (1).Ka o 0 (0).50)
By defining u; as the coordinates of the patch in camera ¢, with
the central pixel u; as the origin, we have up(¢t) = T 4 (0).
Based on this mapping, we use linear interpolation of the pixels’
luminosity to construct the warped patch.

V. EXPERIMENT 1: STEREO SLAM WITH SELF-CALIBRATION

The “White-board” indoor experiment aims at demonstrating
stereovision SLAM with self-calibration. A robot with a stereo
head looking forward is run for about 10 m in straight line inside
the robotics laboratory at the LAAS (see Fig. 7). Over 500 image
pairs are taken at approximately 5-Hz frequency. The robot
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Fig. 7. Laboratoire d’ Analyse et d’ Architecture des System (LAAS) robotics
laboratory. The robot will approach the scene in a straightforward trajectory.
We notice in the scene the presence of a robot (), a bin (2, a box (3), a trunk (@),
a fence (D) a table () (hidden by the robot in this image), and the white board (7)
at the end wall.

TABLE I
STEREO RIG PARAMETERS IN THE “WHITE-BOARD” EXPERIMENT

Scope Parameters = Values

Baseline = 33cm
{¢>79:1/)} = {00750700}
{resolution,FOV} = {512 x 384 pix, 55°}
{o4,00,04} ={1°,1°,1°}

Dimensions
Orientation - Euler
Cameras

Right camera uncertainties

moves towards the objects to be mapped at 0.15 m/s. The stereo
rig consists of two intrinsically calibrated cameras arranged
as indicated in Table I. The orientations of both cameras are
specified with respect to the robot frame. The left camera is taken
as reference, thus deterministically specified, and the orientation
of the right one is initialized with an uncertainty of 1° standard
deviation. We use the odometry model (Section III-A) with
k;, = 0.1 m/y/m and k4 = 0.05 rad//m.

We show details and results on the self-calibration procedure
and the metric accuracy of the resulting map. The mapping
process can be appreciated in the movie whiteboard.mov in
the multimedia section.

A. Self-Calibration

We plot in Fig. 8 left the evolution of the three self-calibrated
angles. We have also used the shape of the £, ellipses to pro-
vide additional qualitative evidence of the calibration process
(Fig. 9 and movie whiteboard — einf.mov). We observe the
following behavior.

1) Pitch@: The pitch angle (cameras tilt, 5° nominal value) is
observable from the first matched landmark. It rapidly converges
to an angle of 4.77° and remains very stable during the whole
experiment.

2) Roll ¢: Roll angle is observable after at least two land-
marks are observed from the right camera. Once this condition
holds, convergence occurs relatively fast.

3) Yaw 1): Yaw angle is very weakly observable because
it is coupled with the landmarks depths: both yaw angle and
landmark depth variations produce a similar uncertainty growth
in the right image. For this reason, yaw converges slowly, only
showing reasonable convergence after some 50 frames.

IEEE TRANSACTIONS ON ROBOTICS, VOL. 24, NO. 5, OCTOBER 2008
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Fig. 8. Extrinsic self-calibration. (Left) The three Euler angles of the right

camera orientation with respect to the robot during the first 60 frames. The 3o
bounds are plotted in dotted line showing consistent estimation. (Right) Error
analysis after 100 MC runs using 200 frames per run (only the first 80 frames
are shown). The thick solid lines represent the means over the 100 runs. The
30 bounds for each angle are plotted using thin solid lines. The dotted lines
represent the averaged 30 bounds estimated by the EKF, showing consistent
calibration.

(=)

frame 0

. frame 2

frame 10

frame 39

Fig. 9. Evolution of the & and £ ellipses during calibration. On the left
column, newly detected pixels in the left image. On the right, expectations in
the right image (green) £; and (yellow) £ of the newly initialized IDP rays
(i.e., still with the full initial uncertainty in p). At frame 0, initial uncertainties
of 1° result in a big, round & ellipse. After the first updated landmark from
the left camera (frame 2), the uncertainty in pitch decreases and £, becomes
flat. Successive updates further refine the calibrated angles. The yaw angle takes
longer to converge, but the tiny £, in frame 39 shows that the calibration is
already finished. The portion of the green ellipse on the right side of the yellow
one corresponds to negative disparities and is not searched for matches. This
portion is larger as parallax increases.

TABLE II
MC ANALYSIS OF THE SELF-CALIBRATION
Angle | MC mean STD EKF STD | Offline STD
roll 0.69° 0.028° 0.018° 0.61° 0.013°
pitch 4.77° 0.003° 0.005° 4.74° 0.099°
yaw 0.33° 0.021° 0.016° 0.51° 0.109°

In Fig. 8 right, we plot results of a Monte Carlo (MC) anal-
ysis, run over the data of this experiment, for the mean and
standard deviation of the Euler angles of the right camera. Be-
cause all MC runs are extracted from the same sequence, we
tried to maximize their independence by using a different ran-
dom seed in the algorithm (acting in the random selection of
the initialization region, Section IV-A), and by starting each run
at a different frame. The figure shows that the dynamic esti-
mation is consistent (the EKF estimated sigmas are larger than
the MC ones). After 200 frames, we compare these values with
those of the offline calibration [25]. Table II summarizes these
results, showing MC [(means and standard deviations (STD)]
and Kalman Filter (EKF, showing the estimated STD). All
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Fig. 10. Map produced during the “white board” experiment. We marked the

mapped robot (D) the bin (2, the box (3) the trunk (@), the fence (5), the table (6)

and the white board (7 at the end wall.

Fig. 11. Metric mapping. The magnitudes of some segments in the real labo-
ratory are compared to those in the map (red lines). Ground truth corresponds
to metric measurements of the distances between landmarks that are identified
by zooming in the last image of the experiment (right) and translated to the real
world. Thirteen points on the end wall are tested for coplanarity.

TABLE III
‘WHITE BOARD: MAP TO GROUND TRUTH TOMPARISON
segment | board board board board  wall fence
real (cm) 116 86 117 88 136 124
mapped 116.6 87.2 115.8 87.0 135.1 1255
STD 091 0.81 1.21 0.52 1.06 1.32

self-calibrated values lie within the 30 bounds defined by the
offline mean and STD values.

B. Metric Accuracy

We show in Fig. 10 a top view of the map generated during
this experiment. To contrast this map against reality, two tests
are performed: planarity and metric scale (see Fig. 11): 1) the
four corners of the white board are taken together with nine
other points at the end wall to test coplanarity: the 13 mapped
points are found to be coplanar within 4.9 cm STD; 2) the
lengths of the real and mapped segments marked in Fig. 11
are summarized in Table III. The white board has a physical
size of 120 cm x 90 cm, but we take real measurements from
the approximated corners where the features are detected. We
observe errors in the order of 1 cm for landmarks that are still
about 4 m away from the robot.

VI. EXPERIMENT 2: COOPERATIVE MONOCULAR SLAM

This experiment shows independent cameras collaborating to
build a 3-D map using exclusively bearings-only observations.
Two independent cameras are placed on top of two bicycles
looking forward, moving on different trajectories in the park-
ing of the LAAS (see Fig. 12). Over 1000 images are taken
by each camera at 15-Hz frequency, 512 x 384 pixel resolution,
100° field of view (FOV), and are processed offline. The cam-

Fig. 12. Snapshots of master and slave sequences in cooperative SLAM.
Faraway landmarks (e.g., black arrowed), still initialized as rays (red), are the
ones fixing the orientation. Nearby landmarks, usually as Euclidean points
(blue), maintain the metric. A virtual model of the master camera is visible from
the slave camera (white arrowed). See cooperativeSLAM.mov.

I e T . .,
kel A 0 .
2|TI 1 » = - :
Fig. 13. Top view of the map produced by cooperative SLAM of two inde-

pendent cameras, and their crossing trajectories. The grid spacing is 2 m.

eras travel approximately 28 m observing landmarks beyond
60 m. As in the previous experiment, the left camera is the mas-
ter. The two trajectories start parallel to each other, separated
75 cm perpendicularly to the motion direction. The reference
frame is defined by the master camera initial position and ori-
entation, which are initialized with null uncertainty. The scale
factor is determined by the initial baseline of 75 ¢cm, meaning
that the position of the slave camera in the lateral Y -axis is also
initialized with null uncertainty. The orientations of the slave
camera start with an uncertainty of 2° STD, and its position in
the frontal Y- and vertical Z-axes with 75 cm-sin(2°) = 2.6 cm
STD. With these uncertainties, the experiment’s initial configu-
ration can be set up manually by just observing the images and
centering the projections of some distant object. We use two
independent constant-velocity models with k, = 0.3 m/s - /s
and k,, = 0.3 rad/s - v/s. The measurement noise is 1 pixel.

Landmarks at infinity, illumination changes and few salient
features are some characteristics of this outdoors scene. It
presents relatively few stable landmarks, something that makes
the correct operation of the SLAM system difficult. In the case
of having crossing trajectories, the problem of one camera oc-
cluding the other could appear and severely affect the image
processing. To avoid this, we decided to take both image se-
quences shifted in time, i.e., one after the other, and make them
overlap for processing. The mapping process is presented in
the movie cooperativeSLAM.mov in the multimedia section.
Fig. 13 shows the top view of the map and the camera trajecto-
ries generated during this experiment.

A proper metrical evaluation of this experiment is difficult;
having a variable baseline does not allow us to compare the re-
sults, because there is no knowledge of the ground truth. In order
to evaluate this approach, we consider the setup in experiment
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Fig. 14.  Final map in the “white board” setup using the cooperative monocular
SLAM algorithm. The cameras are modeled as being entirely independent using
the same data and initial configuration as in Experiment 1. The stereo rig on
the right shows (red) the final estimated relative position compared with (black)
ground truth.

1 and apply the same algorithm. The new experiment consists
of recovering the full extrinsic calibration, which is fixed in re-
ality, considering both cameras as independent. Again, we use
a constant-velocity model for each camera. The initial setup
including uncertainties is as in experiment 1.

Fig. 14 shows the obtained map. We see that it compares
very well to the map obtained in experiment 1 (see Fig. 10),
where the motions of the two cameras were constrained by the
stereo rig and a common motion was predicted using odometry.
Fig. 14 bottom shows a detail of the cameras in their final relative
position. We measure an error along the baseline of less than
2 cm. The orientation errors are less than 0.7°.

VII. CONCLUSION

We showed in this paper that fusing the visual information
with monocular methods while performing multicamera SLAM
provides several advantages: the ability to consider points at in-
finity, desynchronization of the different cameras, the use of any
number of cameras of different types, sensor self-calibration,
and the possibility to conceive decentralized schemes that will
make realistic multirobot monocular SLAM possible. Except for
decentralization, these advantages have been explored with the
inverse depth monocular SLAM algorithm, and applied to two
different problems: stereovision SLAM with an extrinsically
decalibrated stereo rig and cooperative SLAM of two indepen-
dently moving cameras.

Both demonstrations employed a master—slave approach,
which made solving some of the issues of map and image
management easier, and we are now improving on this by im-
plementing a fully symmetrical approach. This approach should
easily permit the extension of the presented applications to cases
with more than two cameras. In parallel to these activities, we
started new work on landmark parametrization to improve EKF
linearity in cases of increasing parallax. Also, as parallax in-
creases, landmarks appearances may change too much as to
guarantee a stable operation with the matching methods pre-
sented here. We believe that wide baseline feature matching
will be the bottleneck of visual SLAM for some time to come.
As for decentralization, we note that it demands a full reformu-
lation of the fusion engines we use in this paper (one central
EKF), for example, via channel filters, and is currently a subject
of intense research at LAAS and other laboratories.

(1]

(2]

(3]

[4

=

[5

—_

[6

—_

(71

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]
[22]

[23]

[24]

[25]

IEEE TRANSACTIONS ON ROBOTICS, VOL. 24, NO. 5, OCTOBER 2008

REFERENCES

J. Sola, A. Monin, M. Devy, and T. Lemaire, “Undelayed initialization in
bearing only SLAM,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst.,
Edmonton, AB, Canada, Aug. 2-6, 2005, pp. 2499-2504.

A. Chiuso, P. Favaro, H. Jin, and S. Soatto, “Structure from motion causally
integrated over time,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 24,
no. 4, pp. 523-535, Apr. 2002.

A. J. Davison, “Real-time simultaneous localisation and mapping with a
single camera,” in Proc. Int. Conf. Comput. Vis., Nice, France, Oct. 2003,
vol. 2, pp. 1403-1410.

J. Civera, A. J. Davison, and J. M. M. Montiel, “Dimensionless monocular
SLAM,” in Proc. Iberian Conf. Pattern Recognit. Image Anal., Jun, 2007,
pp. 412-419.

J. Civera, A. Davison, and J. Montiel, “Inverse depth parametrization for
monocular SLAM,” IEEE Trans. Robot., vol. 24, no. 5, Oct. 2008.

E. Eade and T. Drummond, “Scalable monocular SLAM,” in Proc. IEEE
Int. Conf. Comput. Vis. Pattern Recognit., Jun.17-22,2006, vol. 1, pp. 469—
476.

B. Triggs, P. McLauchlan, R. Hartley, and A. Fitzgibbon, “Bundle
adjustment—A modern synthesis,” in Vision Algorithms: Theory and
Practice, ser. LNCS, W. Triggs, A. Zisserman, and R. Szeliski, Eds. New
York: Springer-Verlag, 2000, pp. 298-375.

K. Konolige, “SLAM via variable reduction from constraints maps,” in
Proc. IEEE Int. Conf. Robot. Autom., Barcelona, Spain, Apr. 18-22, 2005,
pp. 667-672.

J. Folkesson, P. Jensfelt, and H. I. Christensen, “Vision SLAM in the mea-
surement subspace,” in Proc. IEEE Int. Conf. Robot. Autom., Barcelona,
Spain, Apr. 18-22, 2005, pp. 30-35.

J. Diebel, K. Reuterswird, S. Thrun, and R. G. J. Davis, “Simultaneous
localization and mapping with active stereo vision,” in Proc. IEEE/RSJ Int.
Conf. Intell. Robots Syst., Sendai, Japan, Oct. 2004, vol. 4, pp. 3436-3443.
J. Sola, A. Monin, and M. Devy, “BiCamSLAM: Two times mono is more
than stereo,” in Proc. IEEE Int. Conf. Robot. Autom., Rome, Italy, Apr.
2007, pp. 4795-4800.

L. M. Paz, P. Piniés, J. Tardés, and J. Neira, “Large scale 6 DOF SLAM
with stereo-in-hand,” IEEE Trans. Robot., vol. 24, no. 5, Oct. 2008.

A. Mallet, S. Lacroix, and L. Gallo, “Position estimation in outdoor envi-
ronments using pixel tracking and stereovision,” in Proc. Int. Conf. Robot.
Autom., San Francisco, CA, 2000, vol. 4, pp. 3519-3524.

K. Konolige, M. Agrawal, and J. Sola, “Large-scale visual odometry for
rough terrain,” presented at the Int. Symp. Res. Robot., Hiroshima, Japan,
Nov. 2007.

T. D. Barfoot, “Online visual motion estimation using FastSLAM with
SIFT features,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., Aug.
2-6, 2005, pp. 579-585.

A. 1. Comport, E. Malis, and P. Rives, “Accurate quadrifocal tracking for
robust 3D visual odometry,” in Proc. Int. Conf. Robot. Autom., Rome,
Italy, Apr. 10-14, 2007, pp. 40-45.

E. M. Foxlin, “Generalized architecture for simultaneous localization,
auto-calibration, and map-building,” in Proc. IEEE/RSJ Int. Conf. Intell.
Robots Syst., Lausanne, Switzerland, 2002, vol. 1, pp. 527-533.

E. Nettleton, H. Durrant-Whyte, and S. Sukkarieh, “A robust architecture
for decentralised data fusion,” presented at the Int. Conf. Adv. Robot.,
Coimbra, Portugal, 2003.

J. Sola, “Towards visual localization, mapping and moving objects track-
ing by a mobile robot: a geometric and probabilistic approach” Ph.D.
dissertation, Inst. Nat. Polytech. de Toulouse, Toulouse, France, 2007.

J. Civera, A. Davison, and J. Montiel, “Inverse depth to depth conversion
for monocular SLAM,” in Proc. IEEE Int. Conf. Robot. Autom., Rome,
Italy, Apr. 10-14, 2007, pp. 2778-2783.

A. J. Davison, “Active search for real-time vision,” in Proc. Int. Conf.
Comput. Vis., 2005, vol. 1, pp. 66-73.

C. Harris and M. Stephens, “A combined corner and edge detector,” in
Proc. 4th Alvey Vis. Conf., Manchester, U.K., 1988, pp. 189-192.

A. J. Davison, I. D. Reid, N. D. Molton, and O. Stasse, “MonoSLAM:
Real-time single camera SLAM,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 29, no. 6, pp. 1052-1067, Jun. 2007.

N. Molton, A. J. Davison, and I. Reid, “Locally planar patch features for
real-time structure from motion,” presented at the Brit. Mach. Vis. Conf.,
Kingston, U.K., 2004.

K. Strobl, W. Sepp, S. Fuchs, C. Paredes, and K. Arbter. (2006).
Camera calibration toolbox for Matlab. Inst. Robot. Mechatronics,
Wessling, Germany, Tech. Rep. [Online]. Available: http://www.vision.
caltech.edu/bouguetj/calib_doc/index.html

762

763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835



Q2

836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851

852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867

SOLA et al.: FUSING MONOCULAR INFORMATION IN MULTICAMERA SLAM

Joan Sola was born in Barcelona, Spain, in 1969.
He received the B.Sc. degree in telecommunica-
tions and electronic engineering from the Univer-
sitat Politécnica de Catalunya, Barcelona, in 1995,
the M.Sc. degree in control systems from the Ecole
Doctorale Systemes, Toulouse, France, in 2003, and
the Ph.D. degree in control systems from the In-
stitut National Polytechnique de Toulouse in 2007,
where he was hosted by the Laboratoire d’ Analyse et
d’ Architecture des System (LAAS), Centre National
de la Recherche Scientifique (CNRS).

He was a Postdoctoral Fellow at SRI International, Menlo Park, CA. He is
currently at LAAS-CNRS, where he is engaged in research on visual localiza-
tion and mapping. His current research interests include estimation and data
fusion applied to off-road navigation, mainly using vision.

André Monin was born in Le Creusot, France, in
1958. He received the Graduate degree from the
Ecole Nationale Supérieure dIngénieurs Electriciens
de Grenoble, Grenoble, France, in 1980, the Ph.D.
degree in nonlinear systems representation from the
University Paul Sabatier, Toulouse, France, in 1987,
and the Habilitation pour Diriger des Recherches de-
gree from the University Paul Sabatier in 2002.

From 1981 to 1983, he was a Teaching Assistant
with the Ecole Normale Supérieure de Marrakech,
Marrakech, Morocco. Since 1985, he has been with
the Laboratoire Automatique et d’Analyse des Systemes, Centre Nationale
de la Recherche Scientifique (LAAS-CNRS), Toulouse, as the “Chargé de
Recherche.” His current research interests include the areas of nonlinear fil-
tering, systems realization, and identification.

Michel Devy received the degree in computer science
engineering from the Ecole Nationale Supérieure
dIngénieurs Electriciens de Grenoble, Grenoble,
France, in 1976 and the Ph.D. degree from the Labo-
ratoire Automatique et d’ Analyse des Systemes, Cen-
tre Nationale de la Recherche Scientifique (LAAS-
CNRS), Toulouse, France, in 1980.
Since 1980, he has been with the Department of
) Robotics and Artificial Intelligence, LAAS-CNRS,
m where he is the Research Director and the Head of
the Research Group Robotics, Action, and Percep-
tion. His current research interests include computer vision for automation and
robotics applications. He has also been involved in numerous national and in-
ternational projects concerning, about field and service robots, 3-D vision for
intelligent vehicles, 3-D metrology, and others. He has authored or coauthored
about 150 scientific communications.

Teresa Vidal-Calleja received the B.Sc. degree in
mechanical engineering from the Universidad Na-
cional Auténoma de México, México City, México,
in 2000, the M.Sc. degree in mechatronics from
CINVESTAV-IPN, México City, in 2002, and the
Ph.D. degree in robotics, automatic control, and
computer vision from the Universitat Politectica de
Catalunya, Barcelona, Spain, in 2007.

She was a Visiting Research Student with the Uni-
versity of Oxford’s Robotics Research Group, the
Australian Centre for Field Robotics, and the Uni-
versity of Sydney. She is currently a Postdoctoral Fellow with the Robotics
and Artificial Intelligence Group, Laboratoire Automatique et d’Analyse des
Systemes, Centre Nationale de la Recherche Scientifique (LAAS-CNRS),
Toulouse, France. Her current research interests include autonomous vehicles,
perception, control, and cooperation.

868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884

885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901

Q3



902

903
904
905
906
907

Ql:

Q2.
Q3.

QUERIES

Author: Please reframe the references to colors in the caption of Figs. 5, 8, 9, 11, 12, and 14, if the artwork is not being
produced in color

Author: Please check if the details of the academic degrees received by A. Monin are OK as edited.

Author: Please provide the title of first degree. Also, provide the subject (physics, mathematics, electrical engineering, etc.)
in which M. Dey received the Ph. D. degree.



