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Abstract

We present an image-based Simultaneous Localization
and Mapping (SLAM) framework with online, appearance-
only loop closing. We adopt a layered approach with met-
ric maps over small areas at the local level and a global,
graph-based abstract topological framework to build con-
sistent maps over large distances. Rao-Blackwellised par-
ticle filtering and sparse bundle adjustment are efficiently
coupled with a stereo-vision based odometry module to con-
struct conditionally independent ‘submaps’ using SIFT fea-
tures. By extracting keyframes from these submaps, a multi-
resolution dictionary of distinct features is built online to
learn a generative model of appearance and perform loop-
closure. Creating such a dictionary also enables the system
to distinguish between similar regions during loop closure
without requiring any offline training, as has been described
in other approaches. Furthermore, instead of occupancy
or grid maps, we build 3D reconstructions of the world - a
model we plan to use as input to a scene interpretation mod-
ule for providing navigational cues to the visually impaired.
We demonstrate the robustness of our SLAM system with in-
door and outdoor experiments for full 6 degrees of freedom
motion using only a stereo-camera in-hand, running at 1 Hz
on a standard PC.

1. Introduction

An efficient, scalable and optimal solution to the Simul-
taneous Localization and Mapping (SLAM) problem has
been the focus of much research in the robotics community
since the seminal works of Smith and Cheeseman [22] and
Durrant-Whyte [10]. The availability of inexpensive, light-
weight cameras together with greater processing power and
development of robust solutions to the feature correspon-
dence problem (such as SIFT, [12]) and visual odometry
[19], [23] has also attracted the computer vision community
to this area of research. This framework has also found ap-
plications in augmented reality [9] and wearable devices.

We are particularly interested in employing visual SLAM
on a head-mounted stereo-camera for developing a mobil-
ity aid for the visually impaired1. Way-finding cues based
on the generated 3D maps and current location can assist in
both indoor and outdoor navigation. The work presented in
[20] produces excellent results by collecting video streams
along with GPS and inertia measurements. However, our
system does not employ any additional hardware to main-
tain wearability. While monocular SLAM approaches such
as MonoSLAM [6] and Hierarchial Visual SLAM [4] have
been shown to be feasible in different kinds of environ-
ments, we pursue a stereo-based approach because it offers
scale observability. It should be noted, however, that the
proposed application does not restrict the applicability of
our system in any way. Here, we only present key ideas and
results relevant to the generic 6DOF visual SLAM prob-
lem–implementations of which can be be seamlessly ported
onto mobile robots with stereo heads, for instance.

We adopt a metric-topological approach for medium to
large scale SLAM, building upon [21] as the backbone for
our submap construction. In particular, we extract SIFT
features and use corresponding stereo data to implement
a Rao-Blackwellised particle filter (RBPF) [16] for con-
sistent local maps. Our contribution to this approach is
the introduction of sparse bundle adjustment [8] over se-
lected key-frames in the current submap node before ini-
tializing a new node in the topological map. Furthermore,
we introduce a novel visual loop closure detection scheme
by leveraging the previously extracted keyframes to build a
generative model of appearance over submaps. In contrast
to earlier approaches, our method eliminates ambiguities
due to repetitive features in different regions while keep-
ing the time complexity linear in the number of submaps
(a similarity matrix approach discussed in [17] was cu-
bic in the number of features). In this regard, the work of
Cummins and Newman [5] is the most similar to our idea,
where they build a dictionary of feature words in a different
environment offline and then use a Chow-Liu tree to ap-
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Figure 1. Overview of our landmark-based, visual SLAM framework. The basic structure at the local submap level is a Rao-Blackwellised
particle filter . At the global level, we maintain a topological representation of the environment, with nodes corresponding to submaps
and edges indicating the transformations between the local coordinate systems. Sparse bundle adjustment is used to smooth the camera
trajectories within each submap and our proposed SIFT grids framework detects loop closures.

proximate joint densities over co-occuring words for loop-
closure. However, our approach requires no such offline
training and the words we consider come from the same
environment that is being traversed. The rest of this paper
is organized as follows. In the next section, we describe
our basic metric-topological SLAM framework with sparse
bundle adjustment. Our novel multi-resolution, SIFT grids
based visual loop closure scheme is presented in Section 3
with experimental results in indoor and outdoor sequences
in Section 4. We conclude with directions for future work
in Section 5.

2. Metric–Topological SLAM

The SIFT landmark-based SLAM approach proposed
here has two levels of environment representation: local,
metric and global, topological. Different variations of such
a setup can be found in [25], [7] and [3]. This scheme
has two main advantages: by computing metric maps over
small areas, the map size can be kept bounded and secondly,
loop closure can be efficiently handled by simply reusing a
previously computed submap. An overview of the system
is presented in Figure 1.

2.1. Local Submap Level

At time t�1, let st�1 represent the six dimensional cam-
era pose (three coordinates for Euclidean position and three
for the Euler angles, yaw, pitch and roll) and, mt�1 repre-
sent the associated map of 3D landmarks with reference to
the local coordinate system L. In the next time-step, the
camera undergoes motion ut given by a rotation matrix R
and translation vector T to assume a new pose st, simulta-
neously making new observations zt. This process can be

modeled as a dynamic Bayes network with xt = {st,mt}
representing the system state and conditioned on all the ob-
servations and odometry gathered until now, i.e. zt and
ut. In the standard RBPF formulation, an approximate but
highly efficient solution can be obtained by the following
factorization:

p(st,mt | zt, ut) � p(st | zt, ut)
�

i

p(mt(i) | st, zt, ut)

(1)
Here, st denotes the camera trajectory until time t and

mt(i) is the i–th landmark in the map, represented by a
normal distribution � N(µi

t,�i
t). In our implementation,

observations zt are given by a collection of ‘interest points’
extracted from the left image of the stereo head coupled
with their 3D position relative to the camera using stereo
triangulation. The covariances of these landmarks are ini-
tialized from knowledge of the camera parameters and error
modeling [14]. To estimate the motion, ut from the previ-
ous time step, we compute the rigid transformation between
Ncorresponding points in the current and preceding point-
clouds Ct and Ct�1 by minimizing the following objective
function

min
R,T

E(R, T ) =
N�

i=1

vT
i S�1

i vi (2)

with vi = Ci
t � RCi

t�1 � T and Si = R�i
t�1RT + �i

t.
This function takes the errors in depth reconstruction into
account and has a closed form solution using quaternions as
illustrated in [24]. A preemptive RANSAC [18] scheme
for minimizing this function gives robust results quickly.
Given an estimate of the camera motion and observations,
the RBPF in Equation 1 is implemented by propagating
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camera pose hypotheses, performing EKF updates on land-
marks and resampling.

Data association or establishing correspondences is ac-
complished by a combination of fast kd-tree [1] SIFT
matching and KLT [13] tracking. We initially extract fea-
tures with 128-dimensional descriptors but only perform
KLT tracking (each track inherits the SIFT descriptor from
the parent) from hereon until the number of tracks dimin-
ishes below a certain threshold. At this stage, we once again
extract SIFT features for the current frame and continue this
process. Under prolonged smooth motion, KLT tracks last
longer and extracting SIFT features in this scenario would
be a waste of computational resources. On the other hand,
more rapid motion leads to frequent track failures and new
SIFT matches provide more information about the same
landmark for it to be identified from different viewpoints.
This simple observation is exploited in building keyframes
for a particular submap, which are used for sparse bundle
adjustment and visual loop closing. We maintain a hash-
table database of landmarks indexed by unique integer IDs
for implementing a reference counted binary tree [15], [21]
for quickly updating the per-particle maps during the resam-
pling stage. A single index can point to similar looking but
spatially distinct landmarks and allows multiple-data hy-
pothesis during particle filtering. The map for each particle
is simply an array of these indices.

2.2. Global, topological representation

A local submap i with coordinate frame Li , built us-
ing the above methodology in the time interval t � � to
t, encapsulates M samples of the camera pose trajectory
Lis[t�� :t]

k , k = {1, 2, ...M} and per-particle maps Limsk

learnt in the interval � . Suppose, at this instance, a new
submap j having coordinate frame Lj is to be initialized.
A transformation j

i� between the two coordinate systems
is computed from Lis�

t , which is the most likely pose (the
sample with the largest weight) at this time in submap i.
In fact, this transformation is smoothed using sparse bundle
adjustment, as discussed in the next section. An initial map
for this new region is constructed by simply copying the
landmarks in Lims� corresponding to only the current ob-
servations zt and transforming them into the new coordinate
frame. It can be easily observed that adjacent submaps are
conditionally independent due to these shared landmarks
and coordinate transformation. A formal proof for this can
be found in [7]. In general, this structure can be represented
by an annotated graph

G = �{iM}i��t , {b
a�}a,b��t� (3)

iM are the metric submaps , �t is the set of computed
submaps until time t and b

a� are the coordinate transforma-
tions between adjacent maps. This is very similar to [3],

but unlike them, we do not define multiple-hypotheses on
the space of topological maps.

2.3. Keyframes extraction and Sparse Bundle Ad-
justment

A keyframe is defined as a collection of feature ob-
servations {Fi}i={1,2,...,N} � zt, extracted from an im-
age frame, each accompanied by the following attribute
list:�( r, c), d[128], h,m, f, id�.

(r, c) is the two-tuple row and column number of the fea-
ture location in the image, d[128] is the SIFT descriptor,
h and m are the hit and miss counters while f is the cor-
responding frame number. h is incremented during track-
ing (KLT or SIFT matching) every time a match is found
while m stores the number of instances the feature was not
observed when it was expected to be in the field of view
(this can be trivially determined after computing camera
motion along with knowledge of the previous feature lo-
cation). The id integer holds the hash key for indexing into
the corresponding 3D landmark from the landmark database
described in Section 2.1. To reiterate, keyframes are ex-
tracted and stored for each submap every time new SIFT
features are extracted. Note that this process is not indepen-
dent of the relevant submap as the referenced landmarks are
obtained from the per-particle maps in the active RBPF.

Frame to frame visual odometry and tracking consider
adjacent frames in isolation and do not take advantage of the
fact that shared features across several frames can provide
a smoother motion estimate. Ignoring such information can
lead to incremental errors that adversely impact the global
transformations b

a� between submaps. Bundle adjustment
[8], popular in the Structure from Motion paradigm is able
to cope with multi-view motion estimation. Most imple-
mentations of this method are carried out offline, are ex-
tremely costly and in an online SLAM application, have no
practical utility. However, our metric-topological architec-
ture together with keyframe extraction allows us to easily
integrate this critical component.

Bundle adjustment is performed over all the K
keyframes in the current submap iM before exiting (i.e.,
just before creating a new submap node or loop closure).
Specifically, the most likely camera trajectory until now,
List� is selected and K camera poses corresponding to
each keyframe are extracted out. Together with knowl-
edge of the camera parameters, we form projection matri-
ces {Pi}i={1,2,...K}. We also aggregate all the landmarks
seen in more than one keyframe using the id indices to give
us N 3D points Xj from the associated most likely map
and their corresponding projections in each frame, xij . The
3D points were actually estimated by running independent
EKFs during the RBPF stage and therefore, are accompa-
nied by covariance matrices which can be projected into the
image planes to give weights wij . We proceed to minimize
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the reprojection errors using a weighted least-squares for-
mulation

min
Pi,Xj

�

ij

wijd(PiXj , xij)2 (4)

with d(x, y) representing the Euclidean distance between
points x and y in an image. An example of how the sparsity
involved in this non-linear minimization can be exploited
for an efficient sparse bundle adjustment (SBA) is presented
in [24] and [11].

Once SBA is completed, the most likely particle trajec-
tory and the corresponding map are refined and used to
compute the transformation j

i� and map for the new node.

3. Visual Loop Closing

We define beliefs in the form of a probability distribu-
tion over the space of abstract, topological maps. This dis-
tribution determines the active node in the annotated graph,
i.e. it gives the probability of being in the same submap,
an older one (loop closure) or whether a new node must be
initialized. Hence, this framework also drives creation of
edges between the graph nodes. As recommended in [17],
we avoid reasoning about the topological position based on
the nearest nodes to the current pose as this quantity can
be in gross error. It is also intractable to perform SIFT
matching against every frame until the current time. In-
stead, we present an appearance-based method that extracts
discriminative ‘words’ for each submap and makes loop-
closure decisions based on current observations. The com-
plexity of this approach is linear in the number of submaps
as we employ a generative model over each node. While
this approach is similar to the ‘bag of words’ used in object
recognition and recently, visual SLAM [5], our algorithm
requires no offline training and therefore has the advantage
of learning only those words that are relevant to the envi-
ronment being traversed.

3.1. Bayesian Framework

Given a set of feature observations zt until time t, our
goal is to estimate the density over each submap iM in �t.
This can be formulated as the following recursive Bayes es-
timation problem

p(iM|zt) =
p(zt|iM)p(iM|zt�1)

p(zt|zt�1)
(5)

The denominator is simply a normalizing term and
p(iM|zt�1) is the prior belief over location that can be
manually initialized. Hence, our algorithm focuses on es-
timating the posterior over the current observations zt for
each submap. We check for loop-closure or new submap
initialization only when SIFT features are available, i.e.

Figure 2. Feature discriminative power. Consider an observation
consisting of only feature-words 1, 2 and 3. These words occur
with equal probabilities in submaps i and j. Hence, both regions
will be considered equal candidates for loop-closure (priors being
the same). However, feature word 4 occurs consistently and ex-
clusively in submap j. Since this highly discriminative and stable
feature associated with j has not been observed, the confidence
over submap j is reduced.

during the stage when a keyframe is being extracted. There-
fore, the observation zt includes a set of M SIFT features
{F1

j } available from the image. If we have a precomputed
list of N ‘discriminative’ features {F0

j } which have not
been detected, then these are also added to the observation
set. The intuition behind this is that the absence of stable
features which predominantly occur in some submaps also
provides information about the locations not being currently
visited–it helps in reinforcing the belief that those particu-
lar submaps are not responsible for the observations. This
is necessary for distinguishing between similar looking re-
gions with repetitive features. While the common features
will assign equal beliefs over the regions, the absence of
characteristic features will penalize submaps that are asso-
ciated with them. This is illustrated in Figure 2.

Let us define an indicator function I(Fp
j ) which is 1

when the corresponding feature is present in the image and
0 otherwise. Thus, our observation set zt consists of M +N
features given by

zt = {Fp
j : I(Fp

j ) = p; p � [0, 1]} (6)

Expanding the posterior,

p(zt|iM) = p(F1
1 , F 1

2 , ...F 1
M , F 0

1 , F 0
2 , ..., F 0

N |iM) (7)

Let us assume for now that each feature in the image
is actually generated with some probability �Fp

j
from a

feature-word WFp
j

. We show in the next section how such a
dictionary of feature words can be constructed online. This
description implies the following likelihoods

p(Fp
j |WFp

j
= 0) = 0 if I(Fp

j ) = 1 (8)

p(Fp
j |WFp

j
= 1) = �Fp

j
if I(Fp

j ) = 1 (9)

p(Fp
j |WFp

j
= 0) = 1 if I(Fp

j ) = 0 (10)

p(Fp
j |WFp

j
= 1) = �Fp

j
if I(Fp

j ) = 0 (11)
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Equation 8 and 10 state that in the absence of the gen-
erating word, the corresponding feature cannot be detected
(no false positives). Equation 9 defines the likelihood of ob-
serving the feature if the word is present while equation 11
specifies the miss probability of the feature extractor. Equa-
tion 7 can be now rewritten as follows

p(zt|iM) =
�

�

p({F1
j }, {F0

j }|{WF1
j
}, {WF0

j
})

p({WF1
j
}, {WF0

j
}|iM) (12)

The curly braces have been applied for compactness and
encapsulate the two sets of features and their generating
words. The summation is to be evaluated over the entire
space � of possible word combinations, with each word tak-
ing two possible values –present or absent. Obviously, the
size of this space grows exponentially with the number of
words and can quickly become intractable to evaluate. It is
reasonable to state that each word is conditionally indepen-
dent of all other words, given the submap under considera-
tion. This simplifies Equation 12 to

p(zt|iM) =
�

�

p({F1
j }, {F0

j }|{WF1
j
}, {WF0

j
})

M�

j=1

p(WF1
j
|iM)

N�

j=1

p(WF0
j
|iM) (13)

Making a further assumption that feature detections are con-
ditionally independent of all other words given the generat-
ing word and applying Equations 8 through 11,

p(zt|iM) �
M�

j=1

�F1
j
p(WF1

j
= 1|iM)

[
N�

j=1

p(WF0
j

= 0|iM) +
N�

j=1

�F0
j
p(WF0

j
= 1|iM)] (14)

Note that the above factorization is only an approxi-
mation as we have not considered all the product terms
while expanding the summation. Intuitively, the first term
in Equation 14 favors those submaps in which the words
corresponding to the observed features, WF1

j
co-occur. As

a second level of support, the remaining terms take into ac-
count those discriminatory words whose features were not
observed. Submaps with high probabilities for the absence
of these words explain better why the corresponding fea-
tures were not detected and get awarded. The �F0

j
term

takes care of unstable features and if equal to 1 (i.e, the
miss probability is high), offers no advantage in this regard.
In the following sections we describe how to construct the
dictionary and compute discriminatory words from it.

Figure 3. Schematic overview of the loop closure framework. Con-
sider a set of 8 two-dimensional features (in different colors) and
three grids of varying resolution. Associated probabilities for word
occurrences in three submaps i, j and k are indicated with the cor-
responding word found in the grid. The radius of the circle along
with arrow indicates the weight �Fj

p
assigned to the observation.

3.2. Mutli-resolution SIFT grids

In the standard bag-of-words approach, clusters of fea-
tures are assigned a specific word after an offline training
step. For a SLAM algorithm that is supposed to run in vary-
ing environments, however, such training on an unrelated
image set might not build a relevant vocabulary– for in-
stance, a dictionary built using an outdoor image sequence
will not necessarily encode sufficient semantics to distin-
guish between features collected in an indoor setting. Our
approach eliminates this kind of subjectiveness by using an
online approach dependent only on the environment being
traversed.

We start by building quantized, 128-dimensional ‘SIFT
grids’ that store the number of hits and misses in each bin
for each submap. These grids are global and shared by all
the submaps. A SIFT grid is updated when a keyframe has
been extracted, using the h and m counters for the features
to carry out the update. A SIFT grid is characterized by
its resolution, R that determines a fixed quantization along
each dimension. Since SIFT descriptors are essentially 128
numbers, each in the range [0 � 255], setting R = 32, for
instance, would give 8 bins along each dimension. In other
words, the total number of bins can be (256

R )128. However,
not all bins are expected to be present and we use a hash-
table to implement the grids. The key is simply generated
by quantizing the descriptor according to R and updating
the relevant grid element. These grid bins are our words
WFp

j
for each feature. Note that depending upon the quan-

tization level, different features can have the same word
but different words cannot include the same feature. A
schematic depiction of this procedure is provided in Figure
3.
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The value of R is difficult to arrive at. For loop-closing,
it is necessary to be able to establish correspondences be-
tween features and words. If R is set to a small value, minor
variations along any one dimension of the descriptor will re-
sult in querying for a completely different word than what
was intended–the query word might not have even been in-
stantiated in the grid. On the other hand, a large value will
collapse all the features into just a few bins and hamper the
task of discrimination.

Our solution to this problem is the creation of several
SIFT grids with values of R ranging from small to big and
assigning detector probabilities �Fp

j
based on the respec-

tive resolutions. Each time a keyframe is extracted, all the
grids are updated by hashing the descriptors accordingly.
Since each grid is a hash-table, this operation can be done
very efficiently. In each grid, all possible features that can
be generated by a word are considered to be equally likely
in the space bounded by the resolution of the bin, i.e.

�Fp
j

�
1
R

(15)

When checking for loop-closure with a feature Fp
j , a

search is made by looking for the existence of the corre-
sponding hash-entry starting with the finest resolution grid
to the coarsest. Search is stopped once an entry is found and
�i

Fp
j

assigned according to equation 15. We then extract the
hit and miss counters stored for each submap in this bin to
obtain the probabilities for the word given a submap (nor-
malized so that the the results are not biased on the duration
of each submap). In a loop-closure scenario, we would ex-
pect several high-resolution words to be found (created by
their first occurrence) and some low resolution words (cor-
responding to new features encountered this time). The high
resolution words would get higher weights and the probabil-
ity over each submap can be computed from the counters.
In the case of no-loop closure (i.e., a new region), all the
new feature observations would correspond to low resolu-
tion grids and therefore, the probability over any previous
submap will be low. In our implementation, we employ five
grids with R values 16, 32, 64, 128, 256.

3.3. Learning Discriminative Words

As outlined in Section 3.1., we also consider words that
are predominant in only some submaps. These are discrim-
inative words and if the corresponding features are not de-
tected, they provide strong cues about which submaps are
not being visited. We only consider the finest resolution
grid, R = 16 to extract such words. For any given word
WFp

j
, we have the probability of its occurrence in each

submap. Let us assume that we have N total submaps avail-
able at time t in �t. Given the submap occurrence proba-
bilities, we can define a random event X as the word be-
ing present in one of the these N possible locations, i.e.

p(X =i M) . If the word could occur with equal likeli-
hood in all submaps, the associated entropy or uncertainty
would be maximum, i.e,

H(X)max = � log(
1
N

) (16)

However, the actual entropy is,

H(X) = �
N�

i=1

p(X =i M) log p(X =i M) (17)

The entropy is zero if the word occurs with a probability of 1
in any submap (i.e., there is no uncertainty regarding which
submap the word occurs in). Such a word is guaranteed to
be highly discriminative. However, the maximum possible
entropy grows with the number of submaps and to what is
really relevant is the decrease in entropy. We compute a
normalized version of this quantity called ‘distinctiveness’
for each word

D(WFp
j
) =

H(X)max � H(X)
H(X)max (18)

Thus, when checking for loop closure, we uncover all the
words with D(...) above a certain threshold (0.95 in our im-
plementation) and filter out those whose corresponding fea-
tures have been observed. The left overs are used to compile
the set {F0

j }. The stability �F0
j

is computed from the miss
counter value.

3.4. When to check for loop-closure

Finally, we outline a simple procedure for performing a
check for loop-closure or new submap creation. We sim-
ply measure the number of KLT tracks that are terminated
during keyframe extraction. If several KLT tracks are prop-
agated further after SIFT matching, then the current submap
is carried forward. If not, we apply our loop-closure test as
presented in the previous subsections. The probability of a
new location or an old submap is easily ascertained by the
resolution of the grid returning the most words. This is a
heuristic approach and requires a threshold on the number
of tracks that will be allowed to terminate before a test is
performed. Other techniques such as spectral bisection [2]
or graph-cuts could also be employed.

4. Experiments
We tested our system for full 6DOF motion using a hand-

held stereo camera (Bumblebee manufactured by Point
Grey Research) in indoor and outdoor environments. All the
processing was done offline on a 3.39 GHz, Pentium dual
core PC equipped with 3.00 GB of RAM. We assumed no
knowledge about the environment (for instance, the ground
plane). Furthermore, we have not applied any batch-based
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Figure 4. Indoor experiment result. The non-textured 3D map is projected onto the XY plane. Lower-right shows the floor plan of the
two rooms with the camera trajectory (red) exhibiting a loop. The highlighted section on the map corresponds to the images (top-right)
captured during the beginning and end of loop execution. Loop closure was detected with a probability of 0.9984.

Figure 5. Top view of the reconstructed 3D map with camera trajectory (red line) for the outdoor test environment. Selected sections have
been magnified for visualization. A video walk through for this experiment is part of the supplementary material submitted along with this
paper. The flag indicates where loop closure was found and corresponding images are displayed in Figure 6. The total trajectory length
was 232 meters.

smoothing algorithms to the results presented here, except
for sparse bundle adjustment which runs online during exe-
cution. The average processing time was 1 frame/sec.

Figure 4 displays an indoor experiment result, with a
camera trajectory length of approximately 30 meters (2206
frames). Figure 5 shows the result for a much longer
outdoor sequence with a path length of about 232 meters

(8000 frames). We typically had between 30 to 150 fea-
ture matches between adjacent frames. Both these experi-
ments demonstrate loop closure using our SIFT grids-based
approach. The outdoor data-set is characterized by sev-
eral similar looking regions and in Figure 6, we indicate
the probabilities estimated by the algorithm for region sim-
ilarity. This demonstrates our proposed method’s ability to
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Figure 6. Similarity probabilities between images in different
submaps. Top row corresponds to the detected loop in Figure 5.

discriminate between submaps with repetitive features.

5. Conclusion and Future Work

We have presented a vision-based, metric topological
SLAM algorithm with impressive performance over large
distances and in the presence of loops. Keyframes extrac-
tion using SIFT features enables to perform sparse bundle
adjustment and therefore, compute smooth transformations
between submaps. Furthermore, our visual loop closure al-
gorithm is able to distinguish between similar regions with
linear complexity in the number of submaps. This method
requires no offline training. For improved performance, we
are working on GPU implementations for some of the com-
ponents of our system. We are also interested in implement-
ing multiple hypotheses over submap topologies. The final
objective is to provide way-finding cues to the visually im-
paired using the output of our system. We are designing
initial human experiments.
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