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Abstract

This study provides an investigation of scalability of
mobile robot localization. In recent years, inference al-
gorithms based on map-matching have proved their su-
perior performance in large-scale environments. In this
paper, the scalability is augmented by an ANN retrieval
of high-dimensional descriptive features. The proposed
algorithm is then exhaustively evaluated using large-
size real maps, including over 100K feature maps.

1. Introduction

Self-localization is a fundamental problem in mobile
robotics. Suppose a lost robot has to estimate its self-
position using a landmark (or feature) map. When the
robot observes a feature, it may retrieve the map and re-
duce the candidate hypotheses of self-position. In many
cases, the robot has to infer from multiple features as
well as its ego-motions along the observation path. The
localization performance strongly depends on used fea-
tures, retrieval and inference methods.

We have studied the scalability of localization algo-
rithms [1][2]. In recent years, scalable map-building
has been realized by several authors (e.g. ”million fea-
ture map”, ”city mapping”)[3]-[8] and the ability of
dealing with large-size maps is becoming more and
more important. Unfortunately, typical localization al-
gorithms require significant amount of time cost when
applied to large maps, O(N) cost where N is the map
size. To solve the problem, we have developed an O(1)
inference algorithm called incremental RANSAC [1],
an online extension of Neira’s scalable RANSAC map-
matching algorithm [9] by using Nister’s preemptive
RANSAC scheme [10]. The algorithm has proved su-
perior scalability and accuracy in experiments.
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Figure 1. Large-scale environment and map

This paper is an augmentation of the scalability us-
ing high-dimensional descriptive features. Consider ge-
ometric data from standard Laser Range Finder (LRF).
We integrate typical shape figures [11][12][13] as well
as an ANN [14] shape retrieval within the inference
framework. A centric contribution is on real experi-
ments we conducted in a large environment (Fig.1) as
well as exhaustive investigation of localization perfor-
mance on real maps, including over 100K feature maps.

2. Localization system

2.1. Scalable localization

The robot localization problem has been intensively
studied in robotics. In conventional settings, the robot’s
environments are assumed to be sufficiently narrow. In
such a case, the belief of the robot pose (represented
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In this paper, we use shape context (SC) [11], and its
extension called generalized shape context (GSC) [12]
and another feature called ”signature” which proved
high performance in LRF-based localization [13].

The ANN algorithm [14] is adapted for the fea-
ture retrieval. The ANN is an extension of the exact
O(logN) tree-based nearest neighbor (NN) algorithm.
Introducing an approximation factor ε , ANN searches
smaller region in the search space than the exact algo-
rithm, which significantly improves the time efficiency.
Although this may increase false negatives, in many
cases it does not cause a serious problem because of
the hypothesize-and-test mechanism of inference [2].

3. Experiments

3.1. Settings

This section provides experimental results using a
mobile robot in Kyushu university building (Fig.1). The
robot is ActiveMedia Pioneer3 equipped with SICK
LMS200 LRF with range 80m x 180deg (±90deg) and
azimuth resolution 0.5deg. The global map a priori
given is represented by distributed submaps (DSMS),
a common representation in scalable map-building sys-
tems [6]. The number of submaps, scans per submap
and features per scan are 20, around 200 and 10. In the
experiments, no a priori knowledge is given on the robot
pose w.r.t submaps, on which submap’s area the robot is
located, as well as on the topological / metric relation-
ships between submaps. The robot is not always located
in a known area covered by submaps.

The number of hypotheses is one of most important
parameters in an inference algorithm. There is a se-
vere trade-off between the number of hypotheses and
the computational efficiency. As hypotheses increase,
the diversification is improved but the cost linearly in-
creases. In our case, the computation time available is
1 sec per scan (i.e. 0.1 sec per feature) while the cost
required is 1K pairs per hypothesis. In such a case, the
pairs available is around 2M per feature, then the num-
ber 2H of hypotheses is determined as 2M/1K=2K.

According to [11][12][13], the parameter setting of
SC, GSC and signature are as in table 1. Shown in Fig.3
are basic retrieval performance using these features. In
this example, a simple classification problem with 16
viewpoint groups is considered. In Fig.3(b), the re-
trieval result is summarized as a similarity matrix whose
i, j element is the similarity value between features i
and j. It can be viewed that the diagonal elements i, i
are often assigned higher similarity value (darker region
in figure 3(b)) than non-diagonal elements i, j( j �= i),
which indicates that our feature retrieval is effective to

Table 1. Parameter settings
feature radius discretization steps dims dims

[m] range azimuth per cell
SC 5 5 12 1 60

GSC 5 5 12 2 120
signature 5 10 24 1 240

(a) scenes

SC GSC signature
(b) similarity matrix

Figure 3. Retrieval performance

reduce the candidates. Unfortunately, it is also viewed
that there often remain many candidates after the sin-
gle retrieval. This motivates us to integrate retrievals at
multiple viewpoints within the inference framework.

3.2. Results

A set of localization tasks are performed for 20 dif-
ferent map sizes (1-20), 10 different trajectories as well
as various random seeds. The number of scans is around
100. In addition, another set of localization tasks are
performed for larger map sizes (20-100) using synthe-
sized submaps. The synthesized submaps are generated
from the 20 real submaps by simulating random noises
in the map-building task. (The LRF noise is ±1cm. The
ego-motion noises are ±5% in location and ±1deg/m
in angle for translate movement while ±5% in angle for
rotation movement.) The left and right figures in Figs.5,
4 correspond to the real and synthesized submaps.

Fig.4 shows the time cost of algorithms. It can be
viewed that ”SC”, ”GSC” and ”edge” are sufficiently
low cost even when the map size is big. It can be also
viewed that ”signature” is relatively high cost. This is
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Figure 4. Time cost vs. map size
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Figure 5. Success rate vs. map size

mainly increase in the ANN cost due to the high dimen-
sionality. To solve this, a method to compress the sig-
nature feature is presented in [13]. Moreover, a method
to reduce the retrieval cost is presented in our recent
paper [2]. The space cost is basically linear to the num-
ber and the dimensionality of database features, reaches
around 30 MB when 10 thousands SGN features are
used. Fig.5 compares the localization performance of
SC, GSC, signature with conventional edge features.
The localization is regarded as ”success” when the lo-
cation error at goal location is smaller than 1m w.r.t the
correct submap. The success rate is defined as the rate
of successful tasks. It can be viewed that our localiza-
tion with high-dimensional features is superior perfor-
mance when the map size is large. The localization with
low-dimensional edge feature is successful only when
the number of submaps is very small. There are mainly
two sources of errors. The first one is low descriptive
power of low-dimensional feature, which causes many
false positives and increase of bad hypotheses. The sec-
ond is limitation in the number of hypotheses, which de-
creases the diversification of hypotheses in an inference
framework. It can be concluded that the scalable local-
ization is achieved by the proposed retrieval scheme.

4. Conclusions

We have studied the problem of robot localization
from the viewpoint of scalability. We have extended
the scalable inference framework of incremental map-
matching by introducing an ANN retrieval using high-
dimensional descriptive features. We have exhaustively
conducted experiments in real large-scale environments
and found that the proposed system clearly outperforms
the conventional ones in most localization tasks.
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