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Abstract: Safe and efficient navigation in large-scale unknown environments remains a key problem which has to be

solved to improve the autonomy of mobile robots. SLAM methods can bring the map of the world and the
trajectory of the robot. Monucular visual SLAM is a difficult problem. Currently, it is solved with an Extended
Kalman Filter (EKF) using the inverse depth parametrization. However, it is now well known that the EKF-
SLAM become inconsistent when dealing with large scale environments. Moreover, the classical inverse depth
parametrization is over-parametrized, which can also be a cause of inconsistency. In this paper, we propose to
adapt the inverse depth representation to the more robust context of smoothing and mapping (SAM). We show

that our algorithm is not over-parameterized and that it gives very accurate results on real data.

1 INTRODUCTION as a filtering problem: the state-space contains only
the state of the robot at the current time and the state

Simultaneous localization and mappi(8LAM) is a of the map. SLAM can also be stated as a smooth-
fundamental and complex problem in mobile robotics ing problem: the whole trajectory is taken into ac-
research which has mobilized many researchers sincecount (Thrun and Montemerlo, 2006; Dellaert and
its initial formulation by Smith and Cheeseman Kaess, 2006). This approach is referredsasulta-
((Smith and Cheeseman, 1987)). The robot moves neous smoothing and mappi(®AM). Although it is
from an unknown location in an unknown environ- based on the linearization of the equations, the ap-
ment and proceeds to incrementally build up a navi- proach gives better results than EKF because all the
gation map of the environment, while simultaneously linearization points are adjusted during the optimiza-
using this map to update its estimated position. Tra- tion.
ditional methods are based on the extended Kalman A very interesting problem is the monocular vi-
filter (EKF). It is now well known that EKF based sual SLAM which is also referred as Bearing-Only
methods yield inconsistencies ((Julier and Uhimann, SLAM. Since camera does not measure directly the
2001; Bailey et al., 2006a)). This is essentially due distance between the robot and the landmark, there
to linearization errors. Furthermore, these algorithms iS an observability issue. In standard approach, land-
suffer from computational complexitﬂ(Nz) where marks are initialized with a delay. Recent approaches
N is the number of landmarks in the map). try to avoid this and propose undelayed formulation.
The FastSLAM method, introduced by Thrun and The method presented in (Civera et al., 2008) consists
Montemerlo ((Montemerlo et al., 2003)), is based on in changing the parametrization of the landmarks.
the particle filter. Each position is approximated by a This parametrization includes the location of the first
set ofM random particles and one map is associated to Position where the landmark was observed and the in-
each particle. It can be shown tHdiogN complex- verse depth between the landmark and this position.
ity is achievable. However, the algorithm is sensitive ~ Also the latter algorithm produces good results
to the number of particles chosen. Furthermore, thein real situations, it has some drawbacks. First,
issue of particles diversity can make the FastSLAM the parametrization of the landmarks is not minimal.
inconsistent ((Bailey et al., 2006b)). Then, this parametrization is often associated with the

In the above-mentioned methods, SLAM is solved EKF (although it is inconsistent).
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In this paper, we propose a new way to implement Since we do not measure the linear and angular ve-
the inverse depth parametrization by using a SAM ap- locities, they are estimated in the state. Linear veloc-
proach. First, the underlying hypothesis of the SLAM ity is defined in the global frame ag = [vXt,vyt,th]T
and the general equations are given in section 2. Then,and angular velocity is defined in the camera frame as
section 3 presents the SAM algorithm and the par- Q; = [mxt,m),t,wﬁ]T.
ticularities of the inverse depth parametrization with Furthermore, we assume that constant linear and
SAM. Section 4 gives some elements of comparison angular accelerations act as an input on the system
between the EKF and the SAM approach. Finally, re- betweent andt + 1. It produces incrementgy and
sults are presented and discussed on real data acquire@y. They are modeled as Gaussian white noise with
by an omnidirectional camera on board of a mobile zero mean. However, the velocity is not exactly con-
robot. stant between two time steps, so that the position and

rotation are not exactly given by the integration of the
velocities defined in the state. We take that into ac-
2 BEARING-ONLY SLAM count by adding two error terms\( andvy,) in the
model (they are taken as Gaussian white noise).
Finally, the functiorf which stands for the camera

2.1 Notation and Hypotheses motion is given by:
. kil rk+ (Vk+ Vi + vy) At
In the following, we denote: | Oker || gk x g ((Qu+ QA+ V) At)
_ Xk+1 = Vi Tl Vi + Vi
e X; the robot state at time o, O+ O
+1
e U; the control inputs of the model at tinie 2

o m theith-landmark state. Concatenation of all whereq (u) is the quaternion defined by the rotation
landmarks state is vectoru.

e 7 the measurements of landmadrkatt. Con- 2.3 Inverse Depth Representation
catenation for all the landmark &

In this paper, we propose to compare two methods It is well known that several observations are neces-
for computing the robot and landmarks states: a new sary to estimate a landmark. Indeed, a camera gives
implementation of the SAM algorithm and the classi- @ measurement of the direction of the landmarks, but
cal EKF. Both methods use the same hypotheses: not their distance. So, landmarks initialisation is de-
layed when using the classical euclidian representa-
tion (a criterion based on the parallax is generally
e conditionedto all the trajectory and the map, mea- used). However, landmarks can bring bearing infor-

surements at timedepend only ox; andm and = mation when the depth is unknown. An interesting
are independent of measurements at other time.  solution was given byCivera et al ((Civera et al.,

Finally, the densities functions for the prediction of 2008)). It consists in using a new landmark repre-
the state of the robot and the observations are assume&entation based on tieverse depthin this scheme,

e the robot state; is modeled as a Markov chain,

to be Gaussian: a 3D point(i) can be defined by a 6D vectbr:
T
PO 1) = AC(F (.U Q) g yo =[x Yo Zz 8 @ Pi] (3)
p(zi[x,m) = aC(h(x,m),Re) wherex, ¥, %) are the euclidian coordinates of

the camera position from which the landmark was ob-
served for the first time);), @) the azimuth and ele-
vation (expressed in the world frame) definining unit
directional vectod (6, @) andp;, encodes the in-
verse of the distance between the first camera position
and the landmark. So, we can write:

wheref andh are the prediction and observation func-
tions, Q; andR; the covariance matrices of the model
and the measurements.

2.2 Camera Motion

. - ; Y
uration, i.e. the robot moves in the 3D space and ob- 0 ZE:;
serves 3D-landmarks with a camera. No more sensor ) ) -
is considered (no odometry and no IMU). The robot = [ OS®i)Cosi)  cosqy;sin;)  sing;) |
position at timé is given by its Euclidian coordinates lin the following, (i) stands for the landmark number.

(rt = [%,%,z]") and its orientation by a quaternion parenthesis are used for landmarks in order to avoid confu-
(at). sion between the time index and landmarks index.

. . - X(i) 1
Let us consider a standard 6DOFs BO-SLAM config-  ,Euclidian state_ { ] +—d(89)) "
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2.4.2 Final Measurement Equation

It is shown in (Civera et al., 2008) that the Euclidian
coordinates of landmarft) in camera frame at time
are proportional to:

ha(y(i).rt, ) = REWx

Figure 1: Data association for a loop closure. The angle X(i)

between the two views is close to This case shows the X | Py Yiy | =Tk +d(6(i),(p(i))

advantage of the omnidirectional camera. Such loop clo- Z

sure would have been impossible with a perspective camera

looking forward. whereREW is the rotation matrix relative to camera
frame and world frame. It is the transpose of the rota-

t tion matrix associated tqy.

Finally, the measurement equatibiis given by:

The main advantage of this representation is tha
it satisfies linearity condition for measurement equa-
tion even at very low parallax. According to (Civera h=hioh, (6)
et al., 2008),landmarks can be initialized with only
one measurement.

2.4 Measurement Equation 3 SMOOTHING AND MAPPING

2.4.1 Specificity of the Omnidirectional Camera 3.1 SAM Strategy
Model
In this paper, we propose a SAM method for comput-

3D points are observed by an omnidirectional camera, ing the states of the robot and the landmarks. So, we
which is the combination of a classical perspective are trying to obtainp(xot, m|zot,u1z), which is the
camera and a mirror. For the low-level image process- joint probability of the trajectory and the map when
ing, we use algorithms specifically designed to deal all the measurements and inputs are known. So, the
with omnidirectional images (see (Hadj-Abdelkader state contains all the trajectory of the robot and the
et al., 2008) for more details). An example of data as- landmarks. However, SAM methods can be imple-
sociation in omnidirectional images is given on Fig 1. mented in real-time due to the block structure of the
First, Harris points are extracted from the current im- information matrix and the use of re-ordering rules
age. Data association with the points extracted from ((Dellaert and Kaess, 2006)).
the previous image is performed thanks to a Sift de-
scriptor. Finally, we obtain a set of matched points of 3.2 SAM Equations
interest in pixels coordinates.

The points in omnidirectional images are linked to \ith the previous hypotheses, and assuming that no
the landmarks coordinates by the unified projection prior knowledge is available for the landmarks, the

model (Barreto, 2003; Mei, 2007). Itis done in the pdf of the trajectory and landmarks can be formulated
four steps which are recalled below. Letbe the as:

euclidian coordinates of a point in the camera frame:

. : . . P (Xot,M|Zot,U1t) O p(Xo) P(Zo[Xo, M) x
1. First,x is projected onto the unit sphere:

! 7
Xs= iy = X s Z4 [ (PO 1,00 p(zdxem)
k=
2. The third coordinate afs is shifted byg (mirror ) _1 )
parameter)xs = [Xs Ys Zs+ &] Taking the logarithm of (7), and assuming that the
3. Then. the result is proiected onto the unit plane: functionsf andh can be linearized around the ap-
' Y Ye ] prol PlaNe-  roximated trajectory defined hy = [T FNTULLS

U=z ziz

4. Finaly, the result is projected onto the image by
p = Ku whereK is the calibration matrix of the
system.

In the following, let us writeh; the function that
returnsp from x:

logp(xot,M|zot,u1t) yields:

p=nhy(x) )
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3.4 Minimal Landmark
Parametrization

l0g p(Xo1,M|Zoz,U11) = CSt— X8 IoXo +X¢ &0

T
Xk
+2}<1{%{ e 1 }

N

<

3.4.1 Definition of the Parametrization

;
™ {_w NP | _
B . Let us discuss about the expression of the ventor
+ztk0{_%{ X } { Mo g } SR { } that is estimated in the SAM algorithm. We use an
m (H&) inverse depth representation in order to initiatizet
W 1T o 1oL % h (K, H™) + the first iteration. However, the inverse depth repre-
lom } { (HMT }Rk [ HY  HP ] { ;‘; } sentation is not minimal since it uses a 6D vector to

encode a 3D point. We can arbitrarily fix the three
first components and compute the three others. Thus,
the 3 last components are enough to represent a land-

spect tox; (resp. m) (the Jacobian are computed at mark in the state if we fix the first ones. Now, let us
W. Io and &g are the information matrix and vec- :ilssumethatBﬂrst components/) areflxedtoTx(i),

tor associated tso. If no prior information is avail- ~ ¥(i) andZ(i), so that we haven ;) = [6) @) pg)]" -

able onxo, we set these variables to zero. Equation  However, we can not choose an arbitrary value for
(8) shows that lo@ (xo1,m|z01,u11) is quadratic in X, ¥(i) andZi) if the goal is to insertn;) in the filter
[X& 7 mT}T. Therefore,p (xo1, M|Zos, Urz) is Gaus- ﬁt the ﬁtr)St |terat|on.dlndﬁ¢<:], _thel[lnea}fllty ck?nstramts
sian, and the computation of the information parame- '35 tc()j e _respectr(]a W Ibc Ilmp fes t atht € ahpprox—
ters are provided by (8). This yields to a sparse matrix 'Mated trajectory has to be close enough to the true

12 which simplifies the recovering of the mean and °N€: To do thatxg), ¥;) andZ; are fixed toyy (as-
covariance. suming that first observatlon of landmdikis at time

k). Choosing any other value would lead to delay the
initialization since we can not guarantee that the an-
gles will be close enough.

. . . . Finally, we can notice that the values chosen for
SAM is a filtering algorithm which uses all the data %), Y1) and i) are valid for one iteration of the

to compute all the trajectory of the robot and the map. (i

It needs a prediction of all the trajectory and the po- WM sigeritnm. Indeed, imagine that a part of the
" P ey y anc PO" estimated trajectory has changed significantly after
sitions of the landmarks. To simulate real time con-

ditions, we decide to use it incrementally (instead of several time steps (because of a loop closure for ex-

using once all the measurements). Let us assume tha mple). The values of the fixed coordinates have to
we have already an estimationieff, , andy™. When e update for the next step in the same way tan

the inputs and measurements are available, we updat Reader should note that this is not an * estimation
our esﬁimation in WO SteDs: ' 4 ?in a filter point of view) ofXj), ¥y andZ;) but a shift
ps: of equilibrium point in order to optimize the validity

where G is the Jacobian of with respect to
Xk, HY (resp. H}') is the Jacobian ofh with re-

3.3 SAM Implementation

1. First, we compute a prediction pf by applyingf of the linearization. We do not compute the jacobian
2. Then, we compute and with Eq. (8) of h with respect to these fixed components.
3. pis given byr ~1¢ 3.4.2 Discussion

Usually, the computation of and¢ is done several

times up to convergence. However, we add only one The parametrization presented in the previous para-

pose at each step. Thus, one iteration is enough ingraph takes advantage of the inverse depth represen-

practice with our implementation. tation but remains minimal since only 3 parameters
are estimated. Using a minimal representation reduce
the risk of “ falling in local minima ”. Furthermore,
we can show that keeping the six variables in the es-
timation would lead to severe inconsistencies in the
case of SAM. Assume for example that landmépk
was first observed at timle and that we use the six
variables irm(;). At timek, the three first variables of
m; are fully correlated witfry. Let us examine what

23parseness results from the classical assumption thathappens for each new observatioran fort >k
measurement of landmaik) is independent of measure- )

ment of landmarkj) # (i) (Rk matrix is block diagonal).
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properties of the measurement function:
1. in the case of EKH) is a function ofry, x; and
m). So, we havey = h(ry, X, mg)),

2. in the case of minimal SAM representatibris a
function ofx; andmy;) parameterized by. So,
we havez; = huﬁ(Xt,m(i)).

4 COMPARISON WITH THE EKF

In this section, we propose to compare some aspects
of the EKF-SLAM with the SAM. First, it is now well
known that the EKF algorithm is inconsistent. It was

Figure 2: Bayesian network in the case of 2 landmarks. . : . : :
Black links indicates normal links of the network. The red shown in simulations by TimgBayeyyPaileg et al.,

links indicates spurious links due to over-parametrizatio _20066‘).- Morepver, Simon Julier made a proof_of the
for the EKF case (they are not present with the SAM). inconsistency in the case of a static Robot (Julier and
Uhlmann, 2001).

More recently Huang shown the general inconsis-
tency in the case of 3 degrees of freedom SLAM by
an analysis of observability ((Huang et al., 2008)). In-
deed, an observability of the 3DOF-SLAM shows that
the system is unobservable and that the observability
matrix has a nullspace of dimension 3. Intuitively, it
corresponds to a rigid motion of the whole system (2
translations and one rotation). However, the authors
of (Huang et al., 2008) shown that the observability
matrix associated to the system linearized by the EKF

has a nullspace of dimension 2. This corresponds to
Figure 3: Photo of the experiment. spurious information gain in rotation.

They also present an other filter derivated from the
1. First, the observation will give information about EKF (the The First-Estimates Jacobian EKF SLAM

the current variable, andm,. This gain of in- (FEJ-EKF)) which does not update the linearization

formation implicitly improves the estimation of points of the landmarksThis new filter respects the

all the other variables of the filter by inference, observabilty nullspace dimension. So, Huang claims
includingr that the root of the EKF inconsistency is the updates

- of equilibrium points. We can notice that the for-

2. Then, we should remember that th_e first 3 COM- mylation of the SAM algorithm guarantees that
ponents ofn; are fully correlated withr which the linearization points for the landmarks are the
implies that the information added apy), yj) and  same for all the observations In consequence, we
Z(i) are directly propagated up te. can guess that the good properties of the FEJ-EKF are
The second source of information gatheredrhy ~ kept by the SAM algorithm.

is spurious information. In fact, the full inverse depth

parametrization adds shorcuts in the Bayesian Graph

associated tx andm (Figure 2). With this model, 5 RESULTS

the measurement of landma(ik depends directly on

the current robot pose, the landmark and the first po- .

sition of observationThe second hypothesis given 5.1  Experimental Testbed

in paragraph 2.1 is not satisfied In practice, such

implementation of the SAM algorithm will lead to di-  Both algorithms were tested with true data acquired

vergence. by a mobile robot in an indoor environment. The tra-
Finally, an intuitive way to understand the theoret- jectory length is about 15nAll the results were ob-

ical differences between the EKF formulation and the tained in the case of pure bearing-only SLAM (no

minimal SAM representation is to examine the basic odometry).
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(b)
Figure 4: Trajectory provided by the EKF-SLAM.

In order to test the capability of the algorithms to
estimate the 6 DOF of the robot, we made a plateform
at 35cm high from the ground (Figure 3). To access
to this plateform, the robot is driven on a 180cm long
ramp. This gives us a ground truth concerning the
angle of the trajectory of the robot during its “ climb ”;

y=arcsin(35/180) ~ 11.2deg 9

(b)
Figure 5: Trajectory provided by the SAM algorithm.

Furthermore, the robot is submitted to high
changes in rotation velocity. Particulary, the robot
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makes a turn just before climbing on the plateform.
Then, the robot rotates on itself (without translation)
once it is on the plateform. Some pictures of the ex-
periment are proposed on Figure 3. As the camera
is not mounted on the center of rotation of the robot,
we expect to see a semicircle in the trajectory. The
end of the trajectory consists in going down to the
ground and moving in the plane. We also used the
fact that the robot came back close to the first position
to force a loop closure (the loop closure correspond to
the data association shown on Fig 1). Both algorithms
are tested with exactly the same data (the image pro-
cessing is done off-line). Finally, even if we do not

0.6

0.5

0.4

z coordinate

o

300

100 400

200
Sample number

@

x coordinate
—y coordinate
——z coordinate ||

x,y,z coordinates

0 100 300 400

200
Sample number
(b)

Figure 6: SAM solution — (a¥ coordinate — (b, y and
z coordinates: we see the relevance @fith respect to the
main scaleX andy).

have a ground truth on all the trajectory, we have 4
parameters which can be tested:

1. The robotis on the ground during the first part of
the trajectory. So, we expect thkecoordinate of
the trajectory to be zero,

. The angle of the ramp is known. We can use it as
a ground truth,

. After the climb, the robot movement is parallel to
the ground. So, we expect taeoordinate to be a
constant,

The robot is on the ground during the last part of
the trajectory.

4,



BEARING-ONLY SAM USING A MINIMAL INVERSE DEPTH PARAMETRIZATION - Application to
Omnidirectional SLAM

(a) (b)
Figure 7: Map provided by the SAM algorithm. The trajectaalso plotted in red.

5.2 Results on the EKF during the second part of the trajectory. Thewalues

are scaled with the values afandy on Figure 6b:
The trajectory given by the EKF is given on Figure 4. we can see that displacementsziare much smaller
The trajectory starts from the origin. The green ellip- than displacement ir,y. However, the shape of the
sis on Figure 4a shows the uncertainty of the last robot z is well estimated, which shows the good precision
pose. We can see that there are many discontinuitiesof the algorithm. We got similar results with the EKF
in the trajectory at the end due to the loop closure. algorithm (but with a higher level of noise).
This is due to the fact that when the robot observe an  Finally, the map provided by the SAM algorithm
old landmark, the drift accumulated force the filter to is given on Figure 7. It is quite difficult to interpret
make a discontinuity in the solution. Finally, even if since we do not have any ground truth (the map is
the trajectory looks fine (we see the different heights made by interest points selected during the video se-
and the semicircle), results of the EKF are not much quence). Nevertheless, we can see on the left part a
impresive. wall (close to the zero vertical axis) which seems to

be coherent.

5.3 Results on the SAM

The results provided by the SAM algorithm are given § CONCLUSIONS
on Figure 5to 7. They look like much interesting than
the EKF-SLAM results. Indeed, the estimation of the |, this paper, we proposed an accurate method to
trajectory is very smooth comparing to the one pro- golve the monocular SLAM problem. To do it,
vided by the EKF. Moreover, we can see that the un- we ysed the inverse depth representation for land-
certainty ellipsis is bigger in the case of the SAM al- marks and the SAM algorithm for the filtering part.
gorithm. This is certainly a manifestation of the EKF However, we do not use the whole inverse depth
inconsistency: the EKF is over-confident. parametrization as proposed by the original authors.
_ Moreover, we were able to compute an approx- |ndeed, we decide to fix the three first components
imation of the angley with the trajectory by using  of the representation by using the linearization points
the coordinates at the beginning and at the end of theproyided by the SAM algorithm. Thus, we solved the
climb. We got 10.1deg (the ground truth is 11.2deg). oyer-parametrization problem introduced by the EKF-
We have just arerror of 1.1deg. This confirms the  yersijon of the algorithm. In consequence, two origins
excellent results provided by the SAM algorithm. of inconsitencies are avoided: the one due to the in-
We also checked the relevance of theoordi-  perent inconsistency of EKF, and the one due to the
nate (Figure 6). It appears that the mean value during gyer-parametrization. This makes our algorithm more
the first part of the trajectory is.03m with a stan-  ,gpyst than the EKF proposed Byvera et al
dard deviation of M3m (first red bar on Figure 6a). We shown that we had a very good estimation
During the second part of the trajectory (after the jthout any odometry. First, we recovered the angle
climb), the mean value dfis 0.52m (standard devia-  of the ramp if good precision. Then tzeoordinate
tion: 0.015m). Finally, the mean valueofluringthe  estimation was quite relevant in spite of the small ver-

last part of the trajectory is 0.01 (standard deviation: tjcg] displacements comparing to tk@ndy coordi-
0.02m). These results are good: we get the two partspyates.

werezis close from 0 and see a near constant Our future work will focus on optimizing the al-
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gorithm and implementing a strategy to switch from Thrun, S. and Montemerlo, M. (2006). The GraphSLAM

inverse depth coordinates to classical euclidian coor-
dinates. Indeed, inverse depth parametrization is very
relevant when parallax is small. Then, classical co-

ordinates can be used. The authors of (Civera et al.,
2007) propose a test to switch from inverse depth co-
ordinates to global ones. We will focus on adapting

this strategy to our algorithm.
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