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Abstract—Accurate pose estimation has become a core capability for modern robotics, required in a multitude of applications,
where precise navigation or collaboration is involved. In beaconfree and GPS-denied environments, visual-based odometry and
localization systems are a popular solution for obtaining reliable, high-frequency pose estimates. The current state-of-the-art
approaches, however, are limited to rather short timespans and
small scales due to the excessive amount of data which is being
produced in each mapping session. This issue is particularly
relevant if a wireless online communication between mapping
peers is required, where bandwidth is limited.
This paper investigates map summarization and reducing
the data flow in visual feature-based localization systems. We
examine the data storage and transmission requirements of stateof-the-art localization systems and identify potential remedies to
existing limitations. We discuss choices and methods related to the
localization map representation, lifelong map maintenance and
landmark selection approaches. Finally, we evaluate some of the
discussed methods in a real-life scenario, using an autonomous
mobile robot repeatedly mapping an ever-changing office space
over a period of 2 months. We prove it is possible to reduce the
data transfer by a factor of 5 while maintaining good localization
performance.

I. I NTRODUCTION
Accurate estimation of the pose of a robot has become one
of the fundamental components of modern robotic systems.
These systems generally require precise and high-frequency
pose information, while keeping the cost and the weight of
the required hardware as low as possible. If we assume no
beacons or external signals to be available, a visual-inertial
localization and mapping system seems to be a good fit for
many pose estimation applications, and is therefore the focus
of this work.
Regardless of whether we would like to estimate a pose in a
global frame or relative poses between robots in a multiagent
mapping scenario, we need to provide an agent with some
prior data with which to localize against. An agent can localize
itself against prior observations, a previously recorded map, or
a map that is currently being recorded by another peer. In many
cases, especially in collaborative and large-scale scenarios, the
map needs to be transmitted to the local agent, and is subject
to often strict bandwidth and storage limitations.
This paper considers the problem of reducing the data
flow that is induced by large-scale, long-term localization
systems. Particularly, we assume that the entire setup contains
multiple mapping agents and a backend, which maintains a
consistent factor-graph representation of the environment. The
map is built upon sparse 3D visual landmarks, represented
by binary 2D image descriptors such as BRISK [18]. The
considered localization system establishes 2D-3D matches
between a query keyframe and the prior 3D model of the
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Fig. 1. A typical data flow diagram of a lifelong localization system. Multiple
agents perform mapping and online localization, while the backend collects
local maps, co-registers them and creates a single, consistent representation.
The data can be then sent back to agents for localization. In this paper, we
discuss multiple methods of reducing the data flow: 1) a compact localization
map representation, 2) landmark selection algorithms in the backend and 3)
feature selection methods in the frontend.

environment [13, 32] (in contrast to the techniques related to
image retrieval, such as [7] or [14] and their variants). Initially,
as in [22], an efficient nearest neighbor search in the descriptor
space is performed and then pruned based on the covisibility
graph [35], built from the past landmark observations. The
remaining 2D-3D matches are then passed to a perspective-npoint RANSAC procedure yielding pose information and inlier
matching pairs.
Our main goal is to provide a brief survey of existing
approaches and present directions of future research for map
summarization in these types of systems. Particularly, we
consider three different aspects:
1) A summarized localization map representation, e.g. by
reducing descriptor dimensionality.
2) Long-term map data maintenance in the backend, e.g.
by deleting redundant, outdated, and unused data.
3) Agent-side data selection, e.g. by choosing landmarks
particularly suitable for localization.
A generic data flow diagram of the considered localization
loop is shown in Figure 1. In order to reduce the overall
amount of data transfer, we can deploy various algorithms at
multiple stages of the workflow, indicated by corresponding
numbers in the figure. These approaches are discussed in the
subsequent sections below. To validate our claims, we present
a preliminary evaluation involving a subset of the discussed
methods that considers all three aspects in a multisession
mapping framework. We prove that even in a challenging,
dynamic office space we can significantly reduce the amount
of data transfer, maintain a map of a constant size in the
backend, and still retain high place recognition performance.
This paper proceeds by posing the lifelong large-scale
localization problem in Section II and discusses state-ofthe-art approaches in Section III. A selection of the map
summarization methods is evaluated in Section IV, using an
autonomous mobile robot in a dynamic office space. Finally,

in Section V, we present our views on the future of map
compression and summarization.
II. T HE P ROBLEM OF L ARGE -S CALE L IFELONG M APPING
A growing interest in robot collaboration, long-term autonomy, and increased robustness has sparked intensive research
in the field of vision-based pose retrieval. The ability to
transfer the localization data on-the-fly to the agents and
perform pose retrieval onboard to tightly couple the estimates
with a visual-inertial odometry estimator [24, 21] is of crucial
importance.
But due to bandwidth and computational power constraints,
the existing multiagent systems usually need to delegate the
loopclosure and relocalization task to the backend, e.g. [10],
[24]. We believe these limitations can be attributed to two major factors which lifelong, large-scale localization approaches
need to tackle:
• spatial extent: with the growing sizes of covered areas,
the effort needed to store and maintain maps is quickly
becoming prohibitive,
• time scales: multiple visits to the same area result in
redundant data or even contradictory measurements (e.g.
when the environment has changed).
In this paper, we deal with visual feature-based localization systems. Following this assumption, we can specify the
sources of excessive data much more precisely:
• a suboptimal map representation, containing data that is
unnecessary for the localization system (e.g. raw IMU
data is not necessary for actual pose retrieval),
• a considerable size of descriptors that are used to perform
place recognition (holds also for binary descriptors),
• an excessive number of 3D map landmarks, some of
which might:
– have poor position estimates,
– belong to temporary objects,
– be prone to changing conditions such as lighting,
– have a low probability of redetection and matching
due to the specific detector and descriptor properties,
– be relevant for the visual odometry pipeline, but are
not necessarily useful for localization.
As a result, in general, raw maps have a considerable
size which makes it prohibitive to exchange them in realtime
over wireless communication. With these potential sources
of extraneous data in mind, we consider how to construct a
framework where agents and the backend are able to efficiently
exchange localization data on-the-fly. Therefore our goal is
to find methods that will reduce data transfer requirements
to make them tractable in typical robotics scenarios while
maintaining good localization performance. A diagram of such
dataflow is depicted in Figure 1.
III. DATA REDUCTION IN LOCALIZATION SYSTEMS
We present several recent and novel general concepts in map
compression and summarization to minimize bandwidth and
storage requirements of lifelong visual feature-based mapping

systems. Altogether, the proposed approaches address all the
concerns that were mentioned in Section II. We believe the
existing work related to map summarization can be subdivided
into three major categories (all of which are visualized in
Figure 1 according to the following numbering):
1) ways to represent the localization map efficiently,
2) methods to maintain a global, consistent map over long
periods of time,
3) methods to reduce the number of landmarks directly
after the detection stage.
The sections below discuss the approaches that belong to
each of these categories. In section III-A, we discuss different
representations of compact localization maps, that are meant
to reduce the storage and bandwidth requirements of the
localization system. In section III-B we describe ways to
maintain a global consistent map in the backend over extended
periods of time and use it to build compact localization maps.
In general, the process is based upon landmark selection in the
backend while trying to guarantee a good feature coverage of
the entire environment. Finally, in section III-C we discuss
approaches for selecting features directly after the detection
stage, on the agent side. This results in a significant reduction
of the data flow from the agents to the backend, even before
the global map is created.
A. The localization map structure
When vision-based mapping algorithms started to be deployed in large-scale and long time horizon settings, the
amount of produced data became difficult to store, transfer, and maintain. Additionally, the factor-graph optimization
has become computationally expensive. Therefore, most map
reduction related contributions were not looking into the
problem of localization, but mainly focused on pruning the
factor-graphs to reduce the computational complexity of the
refinement operations [5, 27].
An approach explicitly meant to maintain lifelong localization maps is presented by Walcott-Bryant et al. [38]. The
authors propose a method to fuse local maps into a single
global map, remove the outdated factor-graph nodes, and try
to isolate dynamic objects. An extensive evaluation of an
information-based graph-pruning method is presented by Ila
et al. [12], where both reduced memory footprint and faster
computations are reported. In both works the gain is a result of
removing the factor-graph nodes, which in our opinion is too
coarse a granularity for visual feature-based approaches. In the
context of place recognition, it in general makes more sense
to reason over the underlying environment (3D landmarks),
rather than the robot trajectory (keyframes).
The problem of localization maps can be approached from
a different direction. Instead of pruning the factor-graph to
obtain a sparse representation, it might be worth defining a
separate data container that suits the needs of the localization
engine and is aimed to reduce the data size. In [21], Lynen
et al. are using a 2D-3D pose retrieval pipeline and therefore
define a representation that contains:
• triangulated 3D landmarks,
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Fig. 2.
A compact localization map representation, presented in [21],
suitable for localization systems that rely on 2D-3D matching. This type of
matching means, that for each keypoint of the query frame we try to match
a corresponding triangulated 3D landmark of the prior localization map. The
additional covisibility information stored in this compact map representation
is used to filter the descriptor matches, as in [35].
•
•

observations of these landmarks with corresponding compressed descriptors,
observer pose information to perform covisibility filtering
in the metric space.

Such a map representation is presented in Figure 2. All the
other data (raw images, IMU data, raw descriptors etc.) is retained only in the backend or completely discarded depending
on the particular requirements.
An additional step that can be used to further reduce the
localization map size is to compress the visual descriptor
information. A rather straightforwad method was suggested
by Lynen et al. [22]. They propose to project the binary
descriptors into a lower dimensional Euclidean space using
PCA, which only marginally reduces the performance (but
makes the place recognition queries easier). This technique
was originally applied by Bosse et al. to laser keypoints [3],
but can be easily adapted to any type of high-dimensional data.
The research on the descriptor compression yields even more
advanced approaches, such as [1] where a Set Compression
Tree is used to store large sets of descriptors and perform an
efficient nearest neighbor search.
In general, we believe the localization map representation
can either be a sparser version of the global map or rather
a separate structure, carefully crafted for compactness and
specific localization engine needs. The additional means of
data compression, such as novel data containers or descriptor
projection can not only further reduce the data size, but also
make the nearest neighbor search more efficient.
B. Lifelong mapping and building the localization maps
Apart from deciding upon the localization map representation, it is necessary to choose a way to populate it. The
question that needs to be answered is: do we need to fill such
map with all the data from all the mapping sessions? Is it
possible to select only a subset of landmarks while retaining
satisfying place recognition performance?
One of the first works aimed to handle the visual-based
lifelong mapping problem was presented by Konolige et
al. [16]. The authors proposed a method to remove outdated
views in the map and to keep only exemplars of places that
were visited multiple times. It is therefore possible to avoid
data redundancy in the global map.

An approach to feature selection for localization purposes
was presented in [9]. A greedy selection procedure was
presented, where the landmarks were scored according to the
observation statistics while guaranteeing that each region of
the map is properly covered. A similar approach was suggested
in [30], where the greedy procedure was replaced with an
integer linear or quadratic programming problem statement.
In [8], a further extension was provided, where the problem is
divided into subregions which makes the landmark selection
procedure tractable even for very large maps. Both [30] and [8]
suggest a similar formulation of the feature selection problem,
which corresponds to the maximum coverage problem, and
solve it using integer linear programming:
minimize qT x + λ1T ζ
subject to Ax + ζ ≥ b1
N
X

(1)
xi = ndesired

i=1

where q is a vector of landmark scores, ndesired is a target
number of landmarks, ζ is a slack variable, A is a visibility
matrix and the constraint Ax + ζ ≥ b1 guarantees that each
keyframe in the map would observe enough landmarks. Each
binary variable xi in x corresponds to a single landmark that
can be either switched on or off.
A similar concept is presented in [26]. There, the authors
propose a few scoring functions that might be used to order
the map landmarks according to their utility. The evaluation
is conducted using numerous mapping sessions in the same
outdoor environment, which confirms the lifelong property
of the selected landmarks. The insights resulting from these
experiments are inline with those presented in [9].
An interesting view on the map reduction was presented by
Steiner et al. [34]. Instead of attempting to cover the entire
environment with landmarks, they look for places that are particularly suitable for localization, introducing location utility
metric. The landmarks belonging only to the N best places are
then kept in the place recognition database. An extension of
this work is presented in [33], where the landmarks are sorted
based on the landmark utility metric.
Yet another approach is presented in [2]. Therein, the aim is
to find a minimal set of landmarks that bounds the uncertainty
along the robot’s trajectory. The method though seems to be
particularly suitable for hand-crafted environments and is not
robust against scene changes. Additionally, it does not factor
in the problem of reliably redetecting the landmark, which
we believe to be one of the major causes of unsuccessful
localizations.
Combining the information-based landmark selection with
application-specific criteria was recently presented by Mu
et al. [25]. Their method consists of two stages: first we
select the landmarks suitable for the specific task and then
we subsample them to maximize the information gain. The
evaluation, however, is based on the April Tag [29] detection,
which have a much higher probability of redetection when
compared to the typical local visual features used in robotics.

The different approaches presented above tackle the lifelong
mapping and landmark selection problems in various ways.
The question we would like to pose is whether the informationgain based landmark selection works well for the real-life
keypoint-based approaches? It seems that the probability of the
redetection, and not just favorable location, plays a major role
in the landmark utility. On the other hand, using just the past
mapping experience might lead to degenerate configurations,
where the pose cannot be retrieved (or only with a very poor
accuracy).
C. Agent-side data selection
Even when using compact localization maps, the system as
presented in Figure 1 still needs to transfer the local mapping
data from the agents to the mapping backend. A significant
fraction of this data transfer is induced by triangulated 3D
landmarks and associated descriptors. Would it be possible
to transfer only a subset of landmark while still being able
to build a global map in the backend that can be used for
localization?
The basic solution for the image feature selection are based
upon the score from the keypoint detector, often it would
be a Harris corner detector or a Difference of Gaussian
detector [20]. Many odometry systems use the detector in
conjunction with additional criteria that are meant to guarantee
a desired distribution of keypoints in the image plane, e.g.
in [19]. While these solutions are well suited for the visual
odometry purposes, they do not take into account the specific
requirements of the localization systems, such as keypoint
matchability, viewpoint invariance, or a unique descriptor
pattern.
In [4], Buoncompagni et al. present a methodology to evaluate keypoints for object detection and matching purposes. They
suggest multiple keypoint saliency criteria, trying to grasp the
notions of distinctiveness, repeatability and detectability. The
approach uses only the raw image to evaluate a keypoint,
without taking into account additional available information,
such as scene geometry or keypoint tracking performance. Additionally, detectability is only evaluated using the FAST [31]
detector score, which is merely a rough approximation of a
long-term probability of redetecting the feature.
An interesting idea is presented in [15]. With the increasing
accuracy of semantic labelling methods, using the semantic
information to reject dynamic or unstable map landmarks is a
natural choice, particularly outdoors.
The quality of SIFT features to guarantee robust matching
was evaluated in [11]. Based on the tracking information
and false positive matches, a Random Forest was trained
to classify features in the descriptor space. An evaluation
confirms the proposed feature selection method is useful for
localization, efficiently rejecting non-distinctive and confusing
features such as the ones coming from vegetation.
The final question is how should we combine the above presented approaches. Many of them will output complementary
information, as some operate in the image space while others
take into account the map geometry, descriptors or the feature

Fig. 3.

The Turtlebot robot used to map the office space.

matching history. One can therefore expect that combining the
methods in a sound statistical approach can bring a significant
improvement to the quality of feature selection.
IV. P RELIMINARY EXPERIMENTS
To evaluate a concept of a system incorporating all three
categories of approaches presented in Section III, we have
set up a mobile robot, see Figure 3, that was autonomously
performing mapping and localization using a selection of
presented methods. That is, our aim was to verify if the agentside landmark reduction together with the backend-side map
reduction and a localization map representation can provide a
reliable localization output.
The robot was equipped with the visual-inertial sensor
presented in [28] and a visual-inertial odometry system which
was repeatedly mapping an office space, when following
exactly the same trajectory. In total, the robot has executed
31 sorties over a period of 2 months. During each run, an upto-date localization map was used to register the agent against
it. Each new local map was then:
• reduced onboard based on the tracking quality and measures presented in [4], a method particularly suitable for
computationally-constrained platforms,
• transmitted to the backend, merged into the global map
and summarized using the algorithm from [8], a scalable
approach robust to highly-dynamic environments,
• and finally used to build a new compact localization
map following the representation from [21], see Figure 2,
which is a good fit to our localization system needs.
Our preliminary results prove the approach to be useful
in reducing the data flow while keeping satisfactory localization results. The constant-size (in terms of number of
landmarks) localization map is quickly improving after each of
the first few sessions, eventually yielding stable recall values
between 75 and 90%. The exact localization retrieval results
are presented in Figure 4. In our evaluation, the agent-side
summarization reduces the amount of landmarks by 80%. To
achieve comparable recall values assuming we would select
the landmarks at random, we would be able to reduce this
number only by about 15%. In the backend, after receiving
a new local map from the agent, we construct a localization
map with number of landmarks equal to about 10% of a single
mapping session (6,000 features for a trajectory of 150 m).
In terms of data reduction, the proposed approach reduces
the size of the local map from the agent from about 90 MB
to less than 25 MB. The localization map that is sent back
to the agent to localize further reduces this amount to less
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Fig. 4. The recall results of the localization system in an iterative mapping
scenario. We have tried to localize each keyframe against the transmitted localization map and compare the result with a ground-truth pose. The threshold
for the correct localization was set to 40 cm. The initially improvement of
the recall values means that we need a few sessions to build a thorough
localization map that will contain persistent elements of the environment.
This map size over all the mapping sessions was kept constant and equal to
6,000 features.

Fig. 5. A preliminary result of the feature selection using convolutional
neural networks. The features marked in red are bad while the features marked
in green are considered valuable for long-term localization. Note that weak
features corresponding to e.g. the diffuse reflection on the wall are rejected.

than 7 MB. The exact components of the map are presented
in Table I.
TABLE I
C OMPACT LOCALIZATION MAP DATA SAVINGS

IMU data
Keyframe data
Landmark data
Descriptor data

Single raw map
4 MB
3 MB
12 MB
78 MB

Localization map
0
>1 MB
1 MB
5 MB

We have additionally investigated a few novel methods
for landmark utility prediction. For example, this includes
using convolutional neural networks directly on the image
patches around the keypoints to classify them into good and
bad subsets. The idea is to adapt the architecture proposed
by Krizhevsky et al. [17] for ImageNet dataset classification
and train it directly on the data collected by our mapping
camera. The training data was extracted from multiple mapping sessions in the same area, assuming the good features
should be detected more often than the bad ones. Our initial
experiments confirmed that using the image patches directly
brings a significant improvement over the Random Forests
classification of descriptors as in [11]. An example frame from
the CNN-based classifier is presented in the Figure 5.
V. F UTURE D EVELOPMENTS
We believe the concept of compact localization maps can
see significant improvements, both improving the localization
reliability as well as further reducing the data transfer sizes.

This progress is of crucial importance for applications, where
only low bandwidth connections are available (long range
sorties, e.g. for fixed wing planes).
One of the factors that is significantly limiting the current
keypoint-based approaches are feature detectors. We have observed in our experiments that the type and direction lighting
(direct sunlight or overcast or purely artificial) has a significant
influence on the feature redetectability and matching quality.
This makes our localization maps larger than could be necessary, as they need to implicitly contain landmarks appropriate
for each of the environment conditions, similar to [6] where
it was an explicit design choice.
We also believe that using the semantic information, as
suggested in [15], can further improve the summarization
results. With recent advances in deep learning techniques,
semantic information can be retrieved much more reliably and
using much more subtle hints. The precise semantic labels can
let us immediately reject keypoints that belong to dynamic
objects, such as cars in the urban localization scenario.
Furthermore, we see a need for better features, that can get
easily matched no matter the viewpoint or lighting conditions.
Some significant research was put already into the topic of
geometric features, such as lines [37], as they tend to be
detected more reliably than corners. But lines, or geometric
features in general, still have not made their way into largescale SLAM robotics systems, mostly due to scalability and
computational cost constraints [23].
Another direction of research is looking into the learned
features using modern machine learning techniques [36]. The
mid-level ConvNet features demonstrate good invariance properties and can be used to extract a topological agent location,
before the precise 6DoF posed is retrieved using point or line
features.
VI. C ONCLUSIONS
In this paper, we have discussed the problem of data
reduction for localization from maps that were generated
by a lifelong mapping system. This problem is of particular importance as data management requirements are often
the limiting factor in localization systems, particularly when
wireless transmission of map data is required. We discussed
emerging and novel directions of research for reducing map
data at three levels. First, the choice of the actual map structure. Second, landmark selection based on information from
all mapping sessions. Third, client-based landmark quality
classification. An example incorporating all three approaches
was implemented on an autonomous mapping platform in
our office space. We have achieved a significant reduction of
the map sizes, reducing the transmission from the agent to
the backend by 3 times and from the backend to the agent
to only 10% of a single, local map (less than 7 MB). The
reduction only marginally affects the precision-recall values
of the system, with recall in range between 75 and 90% and
99% precision. We have also shown the system can perform
reliably over multiple mapping sessions, gathering experience
from each consecutive session.
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[14] Hervé Jégou, Matthijs Douze, Cordelia Schmid, and Patrick
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