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Abstract In this paper we describe our work towards mapping arbitraryworkspaces
using stereo vision for ego motion estimation and laser for geometry acquisition
over extended periods of time and especially over multiple sessions. We show how
a fast appearance based technique allows us to detect intersections between inde-
pendently created maps (different days with different, unplanned, metric origins)
and hence we can fuse trajectories and dense maps built over long time scales. We
show how a simple interpretation of the pose graph induced bythe vehicle’s motion
as a chain pinched together by loop-closing and intersection constraints leads to a
parallelizable optimisation problem. We conclude by presenting and analyzing re-
sults generated from multiple data sets gathered over many kilometers in a park and
campus setting

1 Introduction

In this paper we describe our work on building a vision-basedsystem capable of
mapping large workspaces using vision for pose estimation and laser for map cre-
ation. Our ultimate goal is to engineer a suite of software and hardware that can
operate in an environment for an arbitrarily long period of time. This of course is a
vast task and we cannot address all the issues involved at once. This paper focuses
on the software components of this task and in particular theinformation process-
ing algorithms that might enable a robot to continually build and refine a model of
its environment. Our system is designed to enable unsupervised map refinement to
occur over multiple sessions - an important aspect of “life long” operation. In this
sense our system is opportunistic, the appearance based place recognition system
we employ, allows map intersections and overlaps to be discovered as and when
they occur without recourse to metric estimates. Another aspect that must be con-
sidered is how one might evaluate the quality of the maps thathave been built with
the ultimate aim of revisiting poorly modeled areas or focussing computational ef-
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fort on them. In our results section we present some preliminary work on assessing
the quality of dense point clouds created under our visual navigation scheme.

2 Vehicle Trajectory Generation

Pose and trajectory estimation is a fundamental requirement for our work. In this
work we use a fast, accurate and robust vision based system which is well suited to
the vehicle shown in Figure 6. It is based on the Sliding Window Filter of Sibley [26]
and is driven by robust inter-frame feature tracking acrosssequential stereo image-
pairs. Our motivation for pushing the vision-based system over our 3D laser-based
system which we have used in previous work is threefold : firstly, stereo cameras are
cheap; secondly, they capture the geometry of the local scene orders of magnitude
faster than scanning lasers. Finally, in contrast to many scan matching techniques,
the registration between sequential stereo views (modulo correct feature tracking)
uses the same real world artifacts (e.g texture or corners) rather than aligning points
two sets of points sampled from the workspace’s surfaces — points which, because
of the vehicle’s motion, do not correspond to the same real world object.

2.1 The Sliding Window Filter

For locally optimal trajectory estimation we employ a Sliding Window Filter (SWF),
which is an approximation to the full feature-based batch non-linear least squares
SLAM problem [25, 26]. The SWF concentrates computational resources on ac-
curately estimating the spatially immediate map and trajectory from a sliding time
window of the most recent sensor measurements. To keep computation tractable,
old poses and landmarks that are not visible from the currently active sliding win-
dow of poses are marginalized out. After marginalization, the remaining non-linear
least squares problem is solved via a sparse Gauss-Newton method with a robust
Huber-cost function.

Depending on the number of poses in the sliding window, the SWF can scale
from the offline, optimal batch least squares solution to a fast online incremental
solution. For instance, if the sliding window encompasses all poses, the solution
is algebraically equivalent to full SLAM; if only one time step is maintained, the
solution is algebraically equivalent to the Extended Kalman Filter SLAM solution
[17]. If robot poses and environment landmarks are slowly marginalized out over
time such that the state vector ceases to grow, then the filterbecomes constant time,
like Visual Odometry. The sliding window method also enables reversible data as-
sociation [2], out-of sequence measurement updates, and robust estimation across
multiple timesteps — all of which help the overall performance of our system.

This approach allows us to decouple our loop closure system from the core pose
estimator, and hence concentrates computational resources on improving the local
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result. With high bandwidth sensors (like cameras) focusing on the local problem
is clearly important for computational reasons; this is especially true if we wish to
fuse all of the sensor data (or a significant portion thereof). However, even with this
local focus, once a loop closure is identified, global optimization over the sequence
left behind can be a good match to the global batch solution.

It is interesting to note what happens if we simply delete parameters from the
estimator instead of marginalizing them out. For a sliding window of sizek, the error
converges like 1/k — just as we would expect the batch estimator to do. However,
afterk steps, the error stops converging as we delete information from the back of the
filter. With such deleting and a sliding window ofk = 1, we end up with a solution
that is nearly identical to previous forms of Visual Odometry (V.O.) [18, 20, 22].
Given this insight, the SWF can be seen as strictly superior to VO: it has the same
computational complexity as VO, yet it 1) shows near optimalconvergence and 2)
does not suffer from stationary drift. In practice the SWF ismost often used in this
constant-time regime.

The SWF is an approach that can scale from exhaustive batch solutions to fast
incremental solutions by tuning a time window of active parameters. If the window
encompasses all time, the solution is algebraically equivalent to full SLAM; if only
one time step is maintained, the solution is algebraically equivalent to the Extended
Kalman filter SLAM solution. From this point on we shall simply refer to the case
of k = 1 as “Visual Odometry”.

The details of the feature tracking and efficient optimisation scheme employed
by our VO system are beyond the scope of this paper and can be found in recently
published work [27, 19]. However figures present headline results from two venues,
“Begbroke” and “New College” — the latter taken over multiple days. The data sets
are summarised in Tables 1 and 2 and the estimated trajectories are shown in Figures
1(a)-1(d).

Table 1 Visual odometry results for Begbroke and first New College data sets.

Begbroke New College 1
Avg. Min. Max. Avg. Min. Max.

Distance Travelled (km) — — 1.08 — — 2.26
Frames Processed — — 23,268 — — 51263

Velocity (m/s) 0.93 0.00 1.47 0.94 9.46e-4 1.53
Angular Velocity (deg/s)9.49 0.0 75.22 7.08 4.12e-3 69.00

Frames Per Second 22.2 10.6 31.4 20.6 10.3 30.0
Features per Frame 93 44 143 95 37 142

Feature Track Length 13.42 2 701 11.59 2 717
Reprojection Error 0.17 2.74×1e-3 0.55 0.13 0.03 1.01
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(a) Begbroke (b) New College 1

(c) New College 2 (d) New College 3

Fig. 1 Visual Odometry results for the four data sets detailed in Tables 1 and 2.

Table 2 Visual odometry results for second and third New College data sets.

New College 2 New College 3

Distance Travelled (km)
Frames Processed

Velocity (m/s)
Angular Velocity (deg/s)

Frames Per Second
Features per Frame

Feature Track Length
Reprojection Error

Avg. Min. Max.
— — 2.05
— — 49,114

0.83 4.55e-4 3.05
7.13 8.23e-3 62.56
21.5 7.4 29.8
91 45 142

14.43 2 622
0.12 0.028 0.91

Avg. Min. Max.
— — 0.82
— – 29,489

0.56 1.63e-4 1.26
4.83 5.24e-3 59.75
20.3 7.4 28.6
93 49 146

27.76 2 1363
0.10 0.024 0.29

3 Closing Loops with FABMAP

Loop closure detection is a well known difficulty for metric SLAM systems. Our
system employs an appearance-based approach to detect loopclosure – i.e. using
sensory similarity to determine when the robot is revisiting a previously mapped
area. Loop closure cues based on sensory similarity are independent of the robot’s
estimated position, and so are robust even in situations where there is significant



Towards Life Long Mapping 5

error in the metric position estimate, for example after traversing a large loop where
turning angles have been poorly estimated.

Our approach, FABMAP (Fast Appearance Based Mapping), previously de-
scribed in [5, 8, 7, 9], is based on a probabilistic notion of similarity and incorporates
a generative model for typical place appearance which allows the system to correctly
assign loop closure probability to observations even in environments where many
places have similar sensory appearance - a problem known as perceptual aliasing.

Appearance is represented using the bag-of-words model developed for image
retrieval systems in the computer vision community [28, 21]and has recently been
applied to mobile robotics for loop closure detection by several authors [10, 1]. More
generally appearance has been used in loop closure detection and localisation tasks
by many authors [15, 16, 3, 24, 14, 31]. At timek, our appearance map consists of
a set ofnk discrete locations, each location being described by a distribution over
which appearance words are likely to be observed there. Incoming sensory data is
converted into a bag-of-words representation; for each location, we can then ask
how likely it is that the observation came from that location’s distribution. We also
find an expression for the probability that the observation came from a place not
in the map. This yields a PDF over location, which we can use tomake a data
association decision and either create a new place model or update our belief about
the appearance of an existing place. Essentially this is a SLAM algorithm in the
space of appearance, which runs parallel to our metric SLAM system.

3.1 A Bayesian Formulation of Location from Appearance

Calculating position, given an observation of local appearance, can be formulated as
a recursive Bayes estimation problem. IfLi denotes a location,Zk thekth observation
andZ k all observations up to timek, then:

p(Li|Z
k) =

p(Zk|Li,Z k−1)p(Li|Z k−1)

p(Zk|Z k−1)
(1)

Here p(Li|Z k−1) is our prior belief about our location,p(Zk|Li,Z k−1) is the ob-
servation likelihood, andp(Zk|Z

k−1) is a normalizing term. An observationZ is
a binary vector, theith entry of which indicates whether or not theith word of the
visual vocabulary was detected in the current scene. The keyterm here is the obser-
vation likelihood,p(Zk|Li,Z k−1), which specifies how likely each place in our map
was to have generated the current observation. Assuming current and past observa-
tions are conditionally independent given location, this can be expanded as:

p(Zk|Li) = p(zn|z1,z2, ...,zn−1,Li)...p(z2|z1,Li)p(z1|Li) (2)

This expression cannot be evaluated directly because of theintractability of learning
the high-order conditional dependencies between appearance words. The simplest
solution is to use a Naive Bayes approximation; however we have found that re-
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sults improve considerably if we instead employ a Chow Liu approximation [4]
which captures more of the conditional dependencies between appearance words.
The Chow Liu algorithm locates a tree-structured Bayesian network that approxi-
mates the true joint distribution over the appearance words. The approximation is
guaranteed to be optimal within the space of tree-structured networks. For details
of the expansion ofp(Zk|Li) using the Chow Liu approximation we refer readers to
[6].

3.2 Loop Closure or New Place?

One of the most significant challenges for appearance-basedloop closure detection
is calculating the probability that the current observation comes from a place not
already in the map. This is particularly difficult due to the repetitive nature of many
real-world environments – a new place may look very similar to a previously vis-
ited one. While many appearance-based localization systems exist, this extension
beyond pure localization makes the problem considerably more difficult [13]. The
key is a correct calculation of the denominator of Equation 1, p(Zk|Z

k−1). If we
divide the world into the set of mapped placesM and the unmapped placesM, then

p(Zk|Z
k−1) = ∑

m∈M

p(Zk|Lm)p(Lm|Z
k−1)+ ∑

u∈M

p(Zk|Lu)p(Lu|Z
k−1) (3)

where we have applied our assumption that observations are conditionally indepen-
dent given location. The first summation is simply the likelihood of all the obser-
vations for all places in the map. The second summation is thelikelihood of the
observation for all possible unmapped places. Clearly we cannot compute this term
directly because the second summation is effectively infinite. We have investigated
a number of approximations. A mean field-based approximation has reasonable re-
sults and can be computed very quickly; however, we have found that a sampling-
based approach yields the best results. If we have a large setof randomly collected
place modelsLu (readily available from previous runs of the robot), then wecan
approximate the term by

p(Zk|Z
k−1) ≈ ∑

m∈M

p(Zk|Lm)p(Lm|Z
k−1)+ p(Lnew|Z

k−1)
ns

∑
u=1

p(Zk|Lu)

ns
(4)

wherens is the number of samples used,p(Lnew|Z k−1) is our prior probability of
being at a new place, and the prior probability of each sampled place modelLu

with respect to our history of observations is assumed to be uniform. Note here
that in our experiments the placesLu do not come from the current workspace of
the robot – rather they come from previous runs of the robot indifferent locations.
They hold no specific information about the current workspace but rather capture
the probability of certain generic repeating features, such as foliage and brickwork.
Figures 2 and 3 show typical loop closure results obtained using our method. Not
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the high degree of confidence despite marked changes in sceneand lighting. OUr
current implementation of FABMAP can compare an incoming panoramic image to
the impressions of 5 million previously mapped places in a second.

Fig. 2 Place recognition results generated by FABMAP. Probability of loop closure is calculated
to be 0.9986. (Note that a stitched panorama view is shown here; the algorithm is applied directly
to the unstitched frames.)

Fig. 3 Example place recognition result generated by FABMAP undermarkedly different lighting
conditions. Probability of loop closure is calculated to be0.9519.

4 Pose Graph Relaxation

The VO subsystem produces a chain of 6DOF vehicle poses linked by relative trans-
formations which should be thought of as uncertain metric constraints. The combi-
nation of the FABMAP output and metric pose recovery methodsjust described
provides additional constraints between poses, resultingin a graph of vehicle poses.
Figure 4 illustrates the structure of a typical pose graph.

i

j

f

L l

g

e j k lf g h

L

Fig. 4 A section of typical pose graph. Poses (e, f...l) are denotedas nodes (circles) and edges
are relative transformations. There is a chain of relative transformations flowing through the graph
created by the visual odometry system. Loop closure transformationsiL j are single edges linking
disparate nodes (i and j) of this chain.
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We wish to “relax” this graph, perturbing the edges to accommodate, in a min-
imum error sense, the metric information in both VO and loop closure constraints.
Several authors have examined methods for pose graph relaxation in recent years
e.g. [11, 29, 23, 12]. The particular size and structure of our graphs motivated us to
use classical non-linear optimisation techniques taking care at implementation time
to make full use of the sparse properties of the problem. We note with reference
to Figure 4 that the visual odometry system produces a chain of relative transfor-
mations (and poses) through the center of the graph. This chain corresponds to the
vehicle’s smooth trajectory through the workspace. Loop closure constraints pinch
this chain together via single edges between disparate poses. We chose to optimise
not over the set of poses in the graph but rather over the relative poses between
them. DefineV = {v1,v2 · · · } to be the set of inter-pose transformations along the
trajectory chain such thatvi is the transformation between posei−1 and posei. Fur-
thermore defineV = [vT

1 ,vT
2 · · · ]

T to be a stacked vector of parameterisations of these
relative transformations — this will be our state vector which we wish to optimise.

Consider now Figure 5 which shows a loop closure constraint between two poses
m andq. We note that the transformation,mTq between and two posesm andq is
simply the integration of all the individual transformations between poses:

mTq = vm+1⊕ vm+2 · · ·⊕ vq (5)

where⊕ denotes the transformation composition operator. This then constitutes a
prediction of the loop closure constraintmLq and ||mLq −

m Tq||
2 is a measure of

the compatibility of the graph edges with the loop closure measurements. More
generally, if we have a set ofn loop closuresL = {L1 · · ·Ln} whereLi is between
posea(i) andb(i) (a andb are look up functions), andm interpose visual odometry
measurementsV O = {vo1 · · ·vom}, then the cost metric we wish to impose on the
whole graph and then minimise is

C(V |L ,V O) =
n

∑
i
||Li −

a(i) Tb(i)||
2 +

m

∑
i
||voi − vi||

2 (6)

where we note that the predictiona(i)Tb(i) is itself a function ofV . The quadratic
cost function in Equation 6 is well suited to classical non-linear minimisation tech-
niques. Many of these techniques require the calculation ofthe derivative of the
measurement prediction with respect to the state vector being optimised. We will
now consider the form of this derivative.

Consider again Figure 5 which shows one loop closure betweenposem and pose
q. We can write an incremental change in the prediction ofmTq as

δ mTq =
q

∑
r=m+1

∂ mTq

∂ vr
δvr (7)

whereδvr is an incremental change in therth component of the state vectorV —
the relative transformation between poser−1 and poser. Considering the partial
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Fig. 5 A section of pose graph showing a loop closure between posem andq and a state of interest
vr

derivative in the summation and substituting Equation 5 we have

∂ mTq

∂ vr
=

∂
{

vm+1⊕ vm+2 · · ·⊕ vq
}

∂vr
(8)

=
∂

{

mTr−1⊕ vr ⊕
r Tq

}

∂vr
(9)

wheremTr−1 andrTq are rigid kinematic chains. This allows us to write via the chain
rule

∂ mTq

∂ vr
= J1(

mTr−1⊕ vr,
r Tq)J2(

mTr−1,vr) (10)

where

J1(x,y) =
∂x⊕ y

∂x
(11)

J2(x,y) =
∂x⊕ y

∂y
(12)

are the jacobians of the composition operator⊕ for arbitrary transformationsx and
y.

Equation 7 can be written in matrix form

δ mTq = hm,qδV (13)

whereδV is a vector of small changes inV andh is a row-matrix where thekth

sub block (m < k < q) is given by Equation 10 and zero for allk outside this range.
Writing the error between predicted transformationmTq and the measured value of
the loop closuremLq asδ mLq we seek a change inV , δV , such that

hm,qδV = δ mLq (14)

If we haven loop closure constraints we will haven such constraints to fulfill each
in the form of Equation 14 yielding

HδV = δL (15)
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whereδL is a stacked vector of loop closure measurements. As it stands this system
of equations is almost certainly underconstrained — there will typically be many
fewer loop closures than poses (we typically drop a pose every 50ms). The system
is made to be observable by adding in the visual odometry measurements between
poses such that the complete problem becomes

[

H
I

]

δV =

[

δL
Z

]

(16)

whereZ = [voT
1 ,voT

2 · · · ]
T is a stacked vector of visual odometry measurements be-

tween poses. This linear form can then be solved swiftly using standard techniques
— we use preconditioned conjugate gradient because

[

HT I
]T

is large and we do not
wish to create or store it in memory — to yield incremental adjustments in the pose
graph’s edges. Optimisation ceases when the perturbationsin V become small. Note
also that each loop closure constraint produces a new densely filled in block-row
in H in our implementations we have found that it is the calculation of this matrix
which is the bottle neck and not the solve itself - certainly this operation is easily
parallelized as each row can be calculated independently.

5 Results

5.1 Platform

All the algorithms, systems and results in this paper have been applied to data gath-
ered by the vehicle shown in Figure 6. While there is nothing vehicle-specific in
our work, it is worthwhile swiftly summarising the vehicle’s characteristics. The
vehicle is actuated by a RMP200 base from Segway. It has 4 internal PC’s at 1.6
GHz with around 1TB of total storage. Images streamed at 2Hz from a Point Grey
Ladybug camera (5 panoramic images) are used in our appearance-based loop clo-
sure (FABMAP) algorithm. Stereo pairs read at 20Hz from a Point Grey Bumble-
bee camera are used for the online pose estimation and dense stereo. Two vertically
mounted LMS 291 lasers are used in 75Hz mode to capture the farfield geometry.
The vehicle can run for approximately 90 minutes on a single battery charge with
all systems powered.

The trajectory estimation described in this paper (see for example 7(a) ) is en-
tirely vision-based (apart from cases where we need to fall back to ICP registration
to infer loop closure geometry). We map the 3D structure of the workspace by ren-
dering laser range data and stereo depth maps from the estimated trajectory.
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Fig. 6 The results in this paper correspond to data gathered from the modified Segway platform
shown above. The vehicle has a sensor payload of 2 SICK lasers, an XSens inertial sensor, a
GARMIN GPS, a Point Grey stereo “Bumblebee” camera and a “Ladybug 2” panoramic camera.
It carries small form factor PCs linked with a GBit internal network. Total onboard storage is of
the order of 1TB.

Table 4 Summary of the salient properties of the two data sets used inthis paper

Data Set Properties
Name Measure Value

Begbroke

Size 9.3GB
Laser no
Stereo 20Hz at 512 by 384 mono
Omnicam 2Hz, 5 images color
Distance Driven1.08 km
Sessions single shot

New College

Size Laser: 2.9 GB, Images 53GB
Laser 2 × 75Hz over 90 degrees at 0.25 deg resolution
Stereo 20Hz at 512 by 384 mono
Omnicam 2Hz, 5 images color
Distance Driven5.13 km
Sessions multiple over three days

(a) Optimised trajectory (b) Rendered Laser

Fig. 7 The optimised trajectory of the first New College data set (2.3km) using visual constraints
and ICP matching on laser data when stereo correspondences are insufficient to upgrade a topologi-
cal loop closure (from FABMAP) to a metric interpose transformation and a complete “bird’s-eye”
view of the 1st New College data set with the map rendered froman optimised pose-graph.
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5.2 Laser Map Generation

Our vehicle is equipped with two LMS 291 lasers mounted vertically on its sides.
The lasers are set to 0.5 degree resolution resulting in an “angel wing” beam pattern.
By capturing the intensity of the reflected laser pulses and careful time synchroni-
sation (Tables 1 and 2 indicate the angular velocities experienced by our vehicle)
we are able to generate detailed 3D point clouds. Figure 8 shows the typical detail
produced in real time from our full 6DOF platform. Figure 7(b) shows a thinned
point cloud of the entire 1st New College data set.

Fig. 8 Close detail of a point cloud built by rendering range and reflectance data from the esti-
mated trajectory of moving Segway platform (New College data set).

Although the 3D point clouds are visually compelling, it is important to assess
their intrinsic quality. In the long term we want to use measures of map quality to
deduce additional pose graph constraints required to create a high quality model of
the workspace. In this section we will analyse the quality ofthe map built inside the
New College Quad. The quadrangle was circumnavigated four times and a perfect
map would have all four walls lining up perfectly after each orbit. Our approach is
to measure how far from this ideal our map really is. We begin by finding planar sets
of points from walls which were observed on multiple loops using the following two
steps.

Region of interest selection. The user is presented with a 3D point cloud of
the initial pass of a environment and selectsk test points,1p1:k, on a wall and
expands a capture radiusri round each such that the set of points,1Wi within ri

of pi lie within a plane. Here we are using a superscripted prefix toindicate the
pass of the workspace — 1 being the first pass, 2 being the second and so on.

Interest expansion. A script is run which searches over the entire map to find
additional planar point sets that correspond to the same patch of wall but from
subsequent passes. If there wereN complete passes through the environment we
would expectN point sets for each of thek user selected test points1:NWi i =
1 : k. We are assuming here that the maps being analysed are not in gross error
otherwise, finding correspondences across passes will be hard.
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We are now able to calculate statistics on how consistent thegeometry of the wall
patches are as they are mapped again and again. Firstly we calculate the normaljn̂i

of each wall patchjWi via an SVD of its scatter matrix and also the centroidsjci,
j = 1 : N i = 1 : k. For each possible pairing of planes corresponding to the same
physical patch of wall we calculate the angle between the surface normals and the
distance between centroids. We refer to these quantities asintra-cluster alignment
and displacement. Table 5 presents statistics of these quantities.

Table 5 Analysis of the quality of New College Quad Point Cloud

Property Value
maximum intra-cluster angle over allW 9.1o

minimum intra-cluster angle over allW 0.32o

maximum average intra-cluster angle over allW 4.86o

minimum average intra-cluster angle over allW 0.66o

average intra-cluster angle over allW 3.6o

maximum intra-cluster displacement over allW 0.6m
minimum intra-cluster displacement over allW 0.02m
maximum average intra-cluster displacement over allW 0.14m
minimum average intra-cluster displacement over allW 0.33m
average intra-cluster displacement over allW 0.21m

The results are promising although not perfect and this is anarea requiring further
work. In particular it would be advantageous and interesting to add extra constraints
to the pose graph as a function of the measured quality of the maps - this is an area
of current research.

6 Multi Session Mapping

The FABMAP architecture can easily be applied across data gathered from multiple
outings. The input to the algorithm can be batch or sequential. Presented with a
collection of images it generates a list of loop closure notifications between images
which are themselves time stamped. This means loop closurescan be found between
data sets gathered days apart and because the operation is purely appearance-based,
we need not worry about aligning metric coordinate frames. Figure 9(a) shows loop
closures found between the 2nd and 3rd New College data sets.

Section 4 shows how the graph relaxation can be viewed as relaxing a chain of
poses layed down by the vehicle’s motion which is pinched together by loop closure
edges. This notion can be simply extended to multi-session scenarios by modeling
the change of location between the end of dayk and the start of dayk+1 as a single
link joining two trajectory chains, but of which we have infinite uncertainty. Figure
9(b) shows the result of applying this technique to the co-joined trajectories shown
in Figure 9(b).

The optimisation of our pose graphs is an offline process — it currently takes
about 20 minutes to optimise a 50,000 node graph with a few hundred loop clo-
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(a) Link Discovery (b) Post Relaxation

Fig. 9 Loop closure links found within andbetween the second and third New College data sets.
Inter-day loop closures are shown in pink. Relaxed multi-session trajectories between the second
(blue) and third (pink) New College data sets. Note that fusion and relaxation is done with no
manual alignment of coordinate frames — the alignment is automatically discovered by applying
loop closure constraints.

sures. The question of finding the correct weighting betweenloop closure interpose
constraints is a delicate one and needs further research. Certainly, one must model
the correlations between linear and rotational motion for anon-holonomic vehicle.
Also, if the optimisation is seeded with an atrocious first guess then convergence to
a reasonable trajectory is far from assured. As always, local minima are a hazard
and these often take the form of tight knots in the vehicle trajectory. To undo one of
these knots (and from there reach a global minima) appears torequires a temporary
increase in the costC(V |L ,V O) as defined in Equation 6 — something gradient
based optimisers are unable to do.

7 Conclusions and Future Plans

In this paper we have summarized the key components of an infrastructure free
vision system that is able to recover consistent 6DOF trajectories over 1000’s of
meters in real time and also opportunistically fuse maps built on different days. Be-
cause our system contains topological and metric elements allows us to begin to
address issue of life long mapping and learning about the workspace. The transpar-
ent discovery of inter-session alignments by FABMAP allowsus to assemble ever
more complex and substantial maps. Additionally the relative formulation of the
output of the Sliding Window Filter [27] lends itself to botha purely relative for-
mulation in which a single globally refined map is never explicitly calculated and
also traditional single-frame metric maps like those shownin the results section. In
the case of the latter it becomes important to assess in some way the quality of the
map in the absence of ground truth. In the results section we presented initial work
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considering how we can use the alignment and sharpness of detected planar surfaces
in the workspace to provide meaningful metrics about map quality. This last point,
we believe, speaks to a bigger issue — what needs to be done to enable life long
learning in a truly meaningful sense? Certainly introspection is crucial and while
several researchers are working on this problem, see in particular recent work by
Tipaldi [30], much remains to be done – one cannot learn unless errors are detected.
We also have an eye on how we might attempt to learn configuration policies for the
sets of parameters which govern our often complicated subsystems by running them
again and again, day after day benefitting from sporadic and opportunistic human
input. We hope to show that given a prototype working system we can achieve an
increase competency and longevity by smart, possibly dynamic modulation of sys-
tem parameters. Persistence of navigation in both space andtime is an interesting
big problem and it goes well beyond researching the originalSLAM problem — no
bad thing because surely now SLAM is more “tool” than “problem”.
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