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Abstract - This paper presents an undelayed solution
to the bearing-only simultaneous localization and mapping
problem (SLAM). We employ a square-root iterated Kalman 0,1)
Iter for nonlinear state estimation. The proposed techieiq
incorporates a modi ed Kalman update that is equivalent to a
variable-step iterative Gauss-Newton method, and is nimer
cally stable because it maintains a square-root deconiosit
of the covariance matrix. Although many existing bearing-

only algorithms focus on proper initialization of landmark Xo

locations, our method allows for arbitrary initializati@ong 4@ Oj‘D

the initial measurement ray without sacri cing map accyrac \—r

This is desirable because we require only one Iter and (-1,0) Landmark at (0,0)

the state dimension of that Iter need not include numerous ) )
temporary hypotheses. For this reason, the proposed digori (1 A1 S(emple of perect measurementand motone. The s,
is more computationally efcient than other methods. Warbitrarily small).

demonstrate the feasibility of this approach in simulatoml

with experiments on mobile robots.

the map (see Fig. 1). If the bearing measurements and thé robo
Keywords - Bearing-only SLAM, Iterated Kalman Filter, motion are perfect, but initially no information is availab
Square root lter for the landmark, then two measurements of bearing at two
distinctive known positions should be enough to localize th
exact location of the landmark. It can be computed that even
1. INTRODUCTION under this ideal case, with perfect measurements and nsption
Simultaneous localization and mapping (SLAM) has drawikKF based bearing only SLAM fails to exactly localize the
extensive attention in the past decade (see the recentafutdandmark if its initialized state mean is not the same as the
series [1], [2]). In part because of the availability of cosirue location.
ef cient monocular vision, bearing-only SLAM has received When deriving the EKF update rule for the situation of
increased attention recently [3]-[8]. Many of these prasio perfect measurements and perfect robot control (Fig. lctepi
attempts employ an extended Kalman Iter (EKF) frameworkhe situation), we end up with
and focus on proper initialization of landmark locations af
ter obtaining several bearing measurements. Some methods

choose to delay until a proper initialization is determinedvherex, is the initialization of the landmark location. Notice
which means information about the map is not representght if x, 6 0, x; will not equal zero (the correct location).
in the state until initialization occurs [3], [4], [9]. Othe  The measurement update rule, for the same situation, that

methods require either a bank of Iters or an expanded staigsyits from the iterated Kalman Iter can be expressed as
dimension to develop an undelayed multi-hypothesis swiuti fo|jows.

to the problem [5], [6]. An undelayed approach with one Iter
that does not expand the size of the state would be preferred.
We approach this goal by using an iterated form of the Kalmaspte that (1) is just one iteration of (2). Apparently, the
Iter that incorporates arbitrary initialization of landarks and proper method is to iterate the update, which will converge
is numerically stable. upon the desired solution. We will show later that the itedat

In [10], we have shown the problem of EKF based bearingcalman lIter is an application of the Gauss-Newton method
only SLAM. In this paper, we consider the perfect measurésr approximating a maximum likelihood estimate [11], thus
ment and control example in [10] again to motivate the use ohe should not iterate the Newton update step just once as
an iterated estimation technique. Suppose that a mobilet roEKF does. This is why we adopt the iterated Kalman lter
moves with perfect odometry and there is a single landmark (fKF) for bearing-only SLAM problem.

X1 = Xo (X3+1)arctan(xo) )}

Xis1 = Xi (X2 +1)arctan( x;) 2)



Furthermore, IKF with conventional covariance update Another popular method related to the extended Kalman
equation tends to cause numerical instability more than EKler (EKF) is the Gaussian sum lter (GSF). The GSF approx-
because of its double loop feedback structure. The camates arbitrary probability density functions by a wegght
ventional covariance update equation updates the coeariacombination of many multivariate Gaussians. Since the GSF,
matrix by subtracting a positive de nite matrix from a pdgt which is introduced in [14], [15], requires retaining a larg
de nite matrix. When the covariance matrix converges, afiet of EKFs, its computational complexity is not desiralde t
the landmarks become correlated through the robot stais, tiSLAM problems, especially when a large number of land-
becomes singular. It seems that, in this case, the convetiomarks are initialized simultaneously (typical for visibased
covariance update generates numerically non-positiveitee methods). In [5], a Sequential Probability Ratio Test (SPRT
matrix which is theoretically impossible. Thus, in this pap is employed to reduce the number of members in the Gaussian
we propose a square root form of iterated Kalman lter tsum by pruning highly improbable hypothesis, but this mdtho
improve the numerical stability. still relies on a large number of lters during initializatn.

For bearing only SLAM with vision sensors, data assocAn approximated Gaussian sum method is proposed in [6]
ation is dealt with separately, using vision-based appresc where a GSF is approximated by a set of parametrized
Speci cally, we intend to use a monocular omni-directionatascaded Gaussian distributions and a single covariantima
camera for bearing detection and use SIFT features to askw-all the Gaussians is managed and updated by Federated
ciate measurements of landmarks as in [12], [13]. Therefotaformation Sharing (FIS) which processes the information
throughout this paper, we assume that data associationaigecentralized way. Even in this approximated form, a much
solved and focus on the description of bearing-only SLAM udarger state will be required.
ing a modi ed IKF that employs variable-step Gauss-Newton Particle Filters (PFs), which incorporate non-Gaussiana di
optimization in the form of a square root Iter using singulatributions, are widely used in SLAM research. In [7], pddic
value decomposition. lters are adopted for bearing measurements by associating

We briey review various approaches to bearing-onljiypothesized pseudo-ranges with each bearing measurement
SLAM problem in Section 2. We introduce the conventionand by implementing a re-sampling procedure to eliminate
IKF and present a modi ed version of IKF for bearing-onlyimprobable particles. In [16], a set of particles are mairete
SLAM as the Gauss-Newton method to nonlinear least squaleng the viewing ray of a landmark and landmark initializa-
problem in Section 4. In Section 5, a numerically stable sgudion is delayed until the range distribution is roughly Gsias.
root IKF algorithm is presented. In Section 6, we evaluale [17], a FastSLAM particle Iter is used for single-camera
the proposed algorithm with simulations and present off-li SLAM with a partial initialization strategy which estimate
results based on data from our own experiments. We cldke inverse depth of new landmarks rather than their depth fo

with a discussion in Section 7. adding new landmarks to the map. In [8], authors compare the
ef ciency and robustness of EKFs, GSFs, and PFs for bearing-
2. RELATED WORK only SLAM. They implement a modi ed FastSLAM where

the EKFs of the original FastSLAM in [18] are replaced by

Bearing-only SLAM is attractive, in part, because of th&SFs. Particle Iter methods often require a very large namb
technical availability of low cost monocular vision. This i of particles for these bearing-only methods to work properl
also an inherently more dif cult problem than range-begrinmaking the technique computationally dif cult.
SLAM because a bearing sensor does not provide suf cient
information to estimate the fu“ State Of |andmarkS from 3 REV|EW OF THE ITERATED KALMAN F|LTER
a single observation. Bearing-only SLAM requires multiple
observations from multiple poses, which exacerbates thie ty The iterated Kalman lIter (IKF) is an extension of the
cal SLAM challenge, inter-dependence between mapping a@xtended Kalman lIter (EKF), a common tool for nonlinear
localization. state estimation. The primary difference between the two

Delayed initialization of the landmark location is a populavariants is that the state estimation of the IKF is repegted|
method in bearing only SLAM. A batch update with all of thé!Pdated until it converges between measurement intervals.
stored observations is demonstrated in [9]. In [3], initiaion Thus, IKF has a double feedback loop structure for the whole
is postponed until a pair of measurements are distinguigh-ocess as oppose to a single loop for EKF. In this section, we
able enough and the probability density of the correspandiRrie y review the IKF as a Gauss-Newton method [11] and
landmark becomes suf ciently Gaussian. Once initializad, begin to develop motivation for using an iterated algorittum
single batch update is performed to re ne and correct the m&glve the nonlinear problem of bearing-only SLAM.
using remaining accumulated measurements. In [4], the perldeally, when we perform the Kalman Iter update step, we
sistence of landmark pose estimation is tracked withourpriwould like to replace the state me&j,, with the maximum
knowledge of data association. To incorporate the positipn likelihood state estimate given the current measurement
and sensing uncertainties, the authors project measuteménd the predicted state estima&g,, , P, .
from the sensor space to the plane by approximating Gaussian . )
distributions with bivariate ellipse representations. Risr =argmax prob(x j zier ; Ryeq s Pesr) ®)



The solution to (3) is the minimization of the followingis often naive and in most cases will not provide the minimum
nonlinear least-squares cost function: of the objective function. Many applications do not suffer
T 1 from this approximation. For example, range-bearing SLAM
Zs1 h(x) ~ R0 Zesr - h(x) (4) solutions have been successful and reliable when forntilate
X Ry 0 Peu X Ry as an EKF because the range and the bearing measurements
whereh(x) is the measurement model aRds the observation Provide fairly good estimations of the landmark locations.
covariance matrix. Unfortunately this is not the case for bearing-only SLAM,
For a system with a linear measurement model, a dird€f which iteration is crucial. We later justify this claimyb
solution is obtained via the traditional Kalman update equEeVisiting the analytical example introduced in Section 1.
tion, but for a system with a nonlinear measurement model,
such as the bearing-only SLAM problem presented here, we
must turn to numerical optimization methods. The Gauss-
Newton algorithm iteratively solves the nonlinear leagtares ~ We Wwill now formulate the IKF based bearing-only SLAM
minimization problem with the following recursive equatio solution and focus on modi cations that are specic to this
application. The state will be de ned as the robot pose

co(x) =

4. BEARING-ONLY SLAM USING AN | TERATED
KALMAN FILTER

Xis1 = X i(r 2e(xi)) roc(xi) (5) [Xr;Yr; r] appended by the locations of al observed
landmarks.
where ; is a parameter to vary the step-size. For traditional
derivations of the IKF, ; = 1. Xk = [XRIYR: RIXLys YLy X0, Yi,or 5 X0y Yy I

By substituting the appropriate Jacobiarc(x) into (5)
along with the Hessiam 2c(x;), we arrive at the following
update rule for the iterated Kalman Iter, wheté is the
Jacobian of the measurement functibfix). We refer the
reader to [11] for details of this derivation.

For simulations and experiments, we will assume a unicycle-
model for the mobile robot. The motion inpuk = [vi;! k]"
contains the linear and rotational velocities of the rolidha
corresponding time-steb and the state evolves according to
the process modédl(xy; uk).

— . - 2 3
Xo = Xupi Po= Py | Vg €os  t
Ki = PoHT(HiPoHT + R) 1 f (X U) = X + Oziles 4 vesin ¢ t 5 (10)
P = (I KiH)Po (©) 2 SN
Xis1 = X+ i(HiTR IH; + Py 1) 1 @f s A 1 0 Vgsin  t .
Th 1 , 1 A Fk= ——= 0 1 wecosyg t (11)
(HiR *(z h(xi)+ Py "(xo xi)) (7) @x O2nx 3 0 g 1
= Xo+ Ki(zksr  h(xi) Hi(xo xi)) (8) cos, t 0 3
. . f I .
In the equations above, the subscriptrefers to the time- Wy = @Q = 03"3 4sing t 095 (12
index and the subscript refers to the iteration index. For a M 2Nx3 0 t

_single update step at time there may be many iterations OfThe prediction step for our iterated method is equivaletih&d
I before the state; converges. Once the IKF does converggypich is ysed for standard implementations of EKF SLAM.

i ) ) . .
thf estimate Is overwritten ‘_N'th the resu@KH = xj and The equations used in the prediction step are shown below.
Pc.1 = Pi. In order to obtain the conventional IKF update

equation (8), the variable-step parametgin (7) must equal Reer = TR W)
one. _ _ Peor = FkPg RS+ wWeuw/

It is important to recognize that the EKF update rule is
equivalent to performing just one iteration of the GaussvhereR; andP/ are the state mean and covariance matrix
Newton algorithm: taking (8) and settirig= 0 produces the from the previous time step) is the covariance matrix for the
well known EKF update equations below. motion input, and~x andW, are the Jacobians of the process
modelf (X; Uk).

— T T 1
Ko = PoHg (HoPoHgy + R) The nonlinear measurement model for an observation of the
Resr = X1= Xo+ Ko(zkier  h(Xo)) i-th landmark is
Pl = Pi=(1 KoHo)Po 9 |
kel 1=( oHo)Po ) hi (x¢) = arctan YR YL
There are two points we would like to emphasize by formu- XR  XLi

lating the IKF this way. The rst is that an iterative numeazic When performing the update step, all bearing measurements
optimization method is required to compute the maximuifobtained during the current time step) are appended to form
likelihood estimate when the given application has a naalin column vectorzs. The expected measuremetis computed
measurement model. The second point is that the extendydappending each appropriate(xx) as a column vector
Kalman lIter is just one step of this minimization proces®. Tof equal size. The Jacobian of the expected measurement is
begin a numerical descent method and then stop only part wapresented byH and is always computed from the current



state estimate. Also, we assume that each measurement had the initial rate of decease in the gradient direction. We
been disrupted by white Gaussian noise with covaridRce note that we can always decrease the objective cost function
The update step is performed iteratively according to ()l unby moving a very small step along the Newton direction.

convergence. Using a variable step-size approach prevents us from using
o the conventional IKF update equation (8). Therefore, wentev
4.1. Landmark Initialization back to (7) and perform all updates in a form that more closely

It is well known that the location of a new landmark cannatesembles the Gauss-Newton recursive step.
be estimated by a single bearing measurement. For thisireaso lterating the update step is more costly than performing the
accurate landmark initialization has been a common focus update step once (EKF). We claim that the added computation
previous work on bearing-only SLAM. Many solutions eithers manageable because the number of iterations required to
implement a multiple hypothesis lter [5], [6], [14], [15]ro reach convergence is usually minimal. This can be attribute
delay until more information has been obtained [3], [4]. WD the quadratic convergence of Newton's method. Also rafte
choose to simplify this task by performing a naive undelaydtie landmark estimates have converged, the number of esjuir
initialization of the landmark. A ray is cast from the robbat iterations signi cantly decreases (see Fig. 4). We analyee
represents all locations that agree with the initial obsgown. increase in computation experimentally in Section 6.
Because all points that lie on this ray have equal likelihoo .
given the measurement, we can initialize the landmark megr"r}" An Analytical Example
arbitrarily on this ray according to (13). The state covacea ~ We now revisit the analytical example which is presented
matrix is also modi ed by appending a large uncertaintjor in the introduction and depicted in Fig. 1 to see how the
each dimension of the new landmark. IKF behaves for an estimation problem with bearing-only
2 2 > measurements.
k A By design, the IKF update equation for this speci ¢ example
Ry = gXR”I cos rt 2z é; P =4 can be simplied directly from (7). The resulting iterative
yr+1sin "R+ 7 update expression is

=y (%2 ‘
There are two design parameters for this methrpdand Xivp = Xi i (x + 1) arctan(xi) (14)

is the variance that is used to de ne the prior distributiopherex, as stated before, is thecoordinate of the landmark
of the landmark location. This value should be very largghen it is initialized.
because the actual distribution is uniform. The paramegter When ; = 1 andxg is suf ciently small, the IKF converges
is essentially a “range guess” and, if desired, could bee@mos pon the exact landmark locatiqm;; 0) = (0; 0) as iteration
arbitrarily although large values of experimentally produce proceeds, which is obviously the only equilibrium. This is
better results (see Fig. 3). The sensitivity of the Iter ttet exactly what we hoped for. It is easy to see in this case,
parameter; will be discussed in Section 6. however, that there is a region of attraction; jf = 1 and
After initialization, a standard EKF update is performed, is suf ciently large,arctan(x;) becomes near constant, the
It is not necessary to iterate on this update. Only whefjuare term x? dominates in the right hand side of (14), and
previously initialized landmarks are observed again will khus the equilibrium of the iteration process becomes biesta
become necessary to perform an iterated update. Because the IKF is equivalent to a Gauss-Newton method,
. we can take a smaller step in the Newton direction to reduce
4.2. A Variable-Step IKF the objective cost by selecting less than one. To guarantee
In the previous section, we brie y reviewed the IKF as ahe convergence of the iteration, we choose the step-size
full-step Gauss-Newton method that minimizes a nonlinegsing backtracking method. Note that there always existh su
quadratic cost function. Introducing the step-sizein the a nitestepO< ; 1inthe Newton direction that guarantees
Gauss-Newton method (5) is required for bearing only SLAM reduction of the cost function as long as the Hessian is
because, in general, the Gauss-Newton method does not gsgeitive de nite in (5).
verge everywhere. What is guaranteed by (5) wher 1 is Using an EKF update for this example, as reported in Sec-
that the objective cost function begins to decrease as wsta tion 1, produces the following nal estimate for the landiar
move in the Newton direction. By taking the full Newton stefiocationx; = xo  (x3 + 1) arctan( xo). It can be seen that
( i =1), however, we may move too far for the approximatednless the initialization is perfect, this method will nooguce
equation to be valid. Therefore, the cost does not necéssathe desired result. This example shows the importance nfusi
decrease. an IKF instead of an EKF for bearing-only problems and also
We choose to use a backtracking line search, which is ogemonstrates the need for step-size control.
of many techniques that can be found in [19], [20]. Because
our goal is minimizing the objective cost function (4) as we 5. SQUARE RooOT IKF
iterate, we compute the value of the cost at each step andJnlike EKF SLAM, our variable step IKF algorithm, due
check its decrease. The idea of backtracking is to ensure theecursive iterations, creates an inner feedback loopdwet
average rate of decrease of the cost to be at least som@fractheasurement intervals. The stability of this inner feeétbac



loop is guaranteed by the positive de niteness of the cevarising (6) as follows:
ance matrix which is updated in the loop itself. The covarén — T T 1

matrix may become numerically non-positive de nite (which Pt = Pisr Praa Hn (Hn Py Hy #R) Hy Py (20)
is theoretically impossible) because of the numerically im = ((Pgsy) "+ HIR 'Hy) * (21)
proper co_variance upda_lte equation in the conyentional I_KF; = (PyPp 2PyT + HJR *Hy) ¢

the covariance matrix is updated by subtracting a positive
de nite matrix from the positive de nite covariance in (8)Ve

Py Ppb 2+ PJHIR HyPy P! (22)

have seen in numerous simulations that it is indeed the case = Py TTT ! Py
that the covariance matrix, when using the IKF for bearing- = (PyPy)Py2(PyPy)"
only SLAM, becomes non-positive de nite due to numerical _ 5 T
inaccuracies. The effect is divergence of previously coyee - Pg k+1 Poicrs Py (23)
landmark locations, resulting in a inaccurate map. R 1 s)
ROHNPY - ang P, —2— P, is the

Thus, it is important for the iterated Kalman  Iter to haveVnere T Py 0

a more dependable covariance update rule. In this paper,simgular value decomposmon df. Thus, the nal update is,

update rule based on singular value decomposition [21] is

adapted to this application. To maintain the positive deeni Pvisr = PyPyi Poyaa = Pp:

covariance matrix throughout the process, the covari#jce  Note that we choose the covariance update rule (21) which

is maintained in the form of a smgular value decompositiorfurther becomes (22) over the numerically improper (20)
Suppose tha®,’ is given asPy , Pp Py i . In the prediction to maintain the positive de niteness of the covariance. Its

step, a square root of the covariance matrix is obtained mgmerical positive de niteness is guaranteed by the term in

follows: middle of the quadratic equation, which is a sum of two
positive de nite matrices. Also, note that the covariancatmx
Peor = FePP RS+ W RW/ is maintained in the singular value decomposition form.
= Fk(kapkaV )Fk + WRW[] To check the convergence of the iteration, we instead
b TET ﬁ b TET compute the cost function as,
_ kFVk Pk kVk Tk
= BR W] BR W] c= xJPyPy 2Py xq+ r"R r (24)

Again, if the cost is not reduced after the iteration, the-ste
A singular value decomposition is performed for the squakgze variable ; is modi ed.

root of Py, , The algorithm for the proposed method, which summarizes
q " # the entire process, is shown in Algorithm 1.
— PyiFJ
SVD P,, =SVD PRy Vv'il kK =Py PTD Py 6. EVALUATION
K (15) In this section we discuss a simulation of a mobile robot

that can create a map of a number of landmarks in a planar
2D world with bearing measurements. For each trial, thetrobo
performs the proposed iterated bearing-only SLAM solution
R . P _ - The simulation is meaningful because it demonstrates how
P = Py Pg |0 PJPy —o— Pv =PvPoPy (16) map accuracy is independent of the landmark initialization
range. In addition, we discuss an experiment using a reatrob
Now in the iteration loop, the state estimate is updated Wth omnidirectional vision as well as an off-line experime
a variable step Gauss-Newton method using (7) as followsUSing our own experimental data.

6.1. Simulation Results

where Py and Py are orthonormal matrices andp is a
diagonal matrix. Thus,

Xisr = Xi+ i (HTR MHi+ PyPy2P]) *

) In our simulator, the mobile robot follows a unicycle model
(HR r+ Py Py “Py Xq) (17)

that has three degrees of freedom (the y location of
the vehicle and the vehicle heading). Two motion inputs
(the translational velocity and rotational velocity) arsed
to evolve the state according to the process model. White
Gaussian noise is added to each of the motion inputs but is
X=Xiv1 - Xi, (18)  hidden from the estimator for obvious reasons. In all cases,
rc= H/R r+ PyPp 2Py xq (19) the only measurements used to update the Kalman lter are
bearing measurements to landmarks, which are relativeeto th
After the iterations are complete (let's sayiat N), the orientation of the robot and also include added white Ganssi
measurement Jacobidthy for the nal iterated statexy is noise. Table | shows the parameters that we used for each of
obtained, then the covariance matf,, is nally updated the simulations.

wherer =z h(xj), X4 = Xo Xj, andxo = %,,, . Here,
we have that



Algorithm 1 Square root IKF

201

Require: Py > O;R > 0;
PUO PSO PVO = SV D(Po) 15}
loop AN o
= Prediction = 101 i
Updatexg = X, ; F; W; P, from (10), (11), (12), (15, s @\
16) E
= Measurement update £ 0
Initialize all seen landmarks; andP; from (13) —E .+
while i < maximum iterationand not convergedio M >
= |IKF update = a0t }
Xs = Xj
Xd = Xo X el
UpdateH;r = z  h(x;);i 20 ‘ ‘ ‘ ;
Compute the coSGpefore from (24) -20 -10 xlocatci]on ] 10 20
Update State from (17) and computex from (18)
UpdateH; r =z _h(xi) Fig. 2. This is a snapshot of a simulation: a mobile robot perfoa circular
Compute its gradient ¢ from (19) trajectory while observing landmarks. The IKF is updatedhwitearing
Compute the costaer from (24) measurements and properly converges to the correct landmaatdos.
if Coefore + T ch x< Cafter then
t=t 01
= t (choose0< < 05) ="
Xi = Xs 5007
else < 0.06
t=1, =1 005"

if kx; Xxsk< then
converged = true

Map accuracy: (€ x)
o
o
g

o

9

@
T

o o
o 9
I ]

T

end if . L - .
end if ¥ O atzsionrange ml .
end Whlle+ Fig. 3. This plot shows the map accuracy, over many trials,Hersimulator
UpdateP,; from (23) in Fig. 2 versus the range value that was used when initigieach landmark.
end loop
TABLE | parameters, a simple EKF solution fails (diverges).
SIMULATION PARAMETERS We ran the same simulation again for many trials while
_ varying the initialization range “guess” to test the senijt
Meawiré‘lg”f/;’ﬁgsgge ; I:()6x£.0m52=rga2d2 of the lter to this parameter. The accuracy of the map
Rotation variance 2 | 10 5 rad2=s2 that is produced for each initialization scenario is pldtie
Initialization variance 100 m?2 Fig. 3. The graph is relatively at as shown in Fig. 3, which
Robot velocity v | 2:0 m=s demonstrates how the map accuracy is, for the most part,
Robot rotational velocity ! | 0:314 rad=s almost independent of landmark initialization. On the othe

hand, we note that, choosing an initialization distancd tha
is too small may negatively impact the performance of the
For the following discussion we will refer to the simulatiorestimator. We attribute this to overcon dence in the landma
result shown in Fig 2. The robot observes landmarks in tications due to linearization.
environment while performing a prede ned circular trajagt The number of iterations is small enough as shown in Fig. 4,
As stated before, only one measurement does not provide ésgecially after the state estimation value convergeshi t
information needed to initialize an estimate of the rangthéo gure, the number of iterations include the backtrackingpst
observed landmark. Therefore, the algorithm must initéli The real cost of the iteration steps comes from computing
each landmark with a predetermined range “guess”. This cli¢ inverse of the covariance matrix which is outside of the
be chosen arbitrarily or may be chosen as a function of thecktracking loop. We claim that the proposed IKF is not
sensor range. For this specic simulation shown in Fig. Zomputationally exhaustive.
the landmarks were all initialized at a distanceSofi when
they were rst observed. The uncertainty ellipses in Fig. 5.2.
show that, as time elapses, the landmark estimates convergdn omnidirectional camera is used with our experimental
to the correct locations without divergence. With the sanmmatform for obtaining bearing measurements to landmanks i

Indoor Experiment with Visual Features
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. * Fig. 6. The robot was con gured to recognize doorway SIFTidess. This
* * * gure displays, by means of comparison to a oorplan, the ssscef the

IKF when estimating the doorway landmarks.

(which allows for a true undelayed algorithm), the lter

o . » properly converges upon landmark locations when creating a

*4 map. Our proposed solution takes the focus off of initidiaa

* when approaching bearing-only SLAM and makes up for the
* initial innaccuracy by using improved estimation techmisu
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