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Abstract— The performance of an autonomous mobile robot
in mapping an unknown environment is strongly related to
its exploration strategy. Evaluation and comparison of explo-
ration strategies are still waiting for the definition of standard
benchmark methodologies. In this paper, we contribute in
this direction by discussing some critical issues we faced in
experimentally evaluating exploration strategies.

I. INTRODUCTION

The task of robot mapping [1] concerns the construction
of spatial representations of environments by means of
autonomous mobile robots. In mapping, autonomous robots
move within the environment where they have been deployed
for acquiring data.Exploration strategiesdetermine the lo-
cations reached by the robots, within the partially explored
environment. The definition of a good strategy is an im-
portant aspect which strongly influences robot performance
in mapping tasks. Different exploration strategies have been
proposed. However, their evaluation and comparison have not
been fully addressed. The definition of standard benchmarks
and experimental methodologies is an hot topic in current
robotic research. For example, the Rawseeds project [2] aims
at building a standard benchmarking toolkit for Simultaneous
Localization and Mapping (SLAM) algorithms. The specific
problem of evaluating exploration strategies, independently
from the whole mapping systems in which they are em-
bedded, is still open. To the best of our knowledge only
few works [3], [4] explicitly addressed the evaluation and
comparison of exploration strategies.

In this paper we aim at contributing to the definition of
an experimental methodology for exploration strategies by
enlightening and discussing some critical issues we encoun-
tered in experimentally evaluating them. Our goal is not to
compare a number of strategies to find the best one, but
to report on some relevant points we faced in our work.
The points we raise should be considered by an evaluation
methodology for exploration strategies. In particular we
consider the following aspects:

• selection of appropriate metrics,
• selection of values for parameters of strategies,
• characteristics of the testing environments.

We assume to have an autonomous mobile robot equipped
with a range sensor able to acquire360◦ spatial information
within a ranger and we view its exploration as a sequence of
observations in different locations of the environment. Each
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sensing action produces apartial map, which is integrated
in a global map, in order to incrementally build a complete
spatial representation of the environment. A strategy allows
the robot to choose good observation locations. As in most
approaches adopted in literature, the robot evaluates a setof
candidate locations in the free space of its current global
map and chooses the best one. Candidate locations are
evaluated by means of measurable features calledcriteria
(examples are the travelling cost and the estimated infor-
mation gain). Given a candidate locationp and a criterion
i, ui(p) is the utility of p for the criterioni. It quantifies
the goodness ofp with respect toi. Utilities referring to
different criteria are aggregated in a global utilityu(p).
The robot selects the location that maximizesu(). Different
criteria and aggregation functions can be employed to define
different exploration strategies. We use the Player/Stage[5]
simulator to provide concrete examples of issues arising
when evaluating exploration strategies.

This paper is structured as follows. Next section overviews
the exploration strategies proposed in literature. The exper-
imental framework of Section III is used to point out some
critical issues in Section IV. Section V concludes the paper.

II. EXPLORATION STRATEGIES

The definition of strategies for autonomous exploration
of environments has been addressed by several works in
literature. The proposed techniques can be classified accord-
ing to two distinct approaches. In the first one, exploration
strategies make use ofpredefined trajectories[6], [7]. Tra-
jectories followed by the robot are static and defined off-line,
exploiting somea priori information about the environment.
The main disadvantage of these strategies is their limited
adaptability to different environments and the difficulty in
building effective trajectories when no information aboutthe
environment to explore is available.

In the second approach, depicted in Fig. 1, exploration
is viewed as a sequence of steps, each one composed of
a movement towards a location and of an observation with
which the robot acquires data about the environment. In this
context, the exploration strategy does not address, like inthe
first approach,how to move within the environment, but, at
each exploration step, it focuses onwhereto move in order
to make the next observation. Systems of this class, called
Next-Best-View(NBV) systems, choose the next observation
location among a set of currently reachable candidate loca-
tions, evaluating them according to some criteria. Usually, in
the NBV approach, candidate locations are generated on the
frontier between the free known space and the unexplored
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Fig. 1. Next-Best-View exploration approach

part of the environment [8]. By their nature, NBV strategies
can easily adapt to different environments. In this paper we
consider strategies defined with this approach.

In evaluating a candidate location, different criteria canbe
used. A simple criterion is thetravelling cost[9], according
to which the best observation location is the nearest one.
Other works combine different utilities withad hoc func-
tions. In [10] the travelling cost is combined withinformation
gain. This last criterion is related to the amount of new
information about the environment, obtainable from a can-
didate locationp. It can be estimated by measuring the area
of the portion of unknown environment potentially visible
from p, computed according to the global map currently
available to the robot. The larger the estimate, the more
interesting the candidate location. Given a candidate location
p and calledc(p) and A(p) the travelling cost and the
expected information gain, respectively, these two criteria
are combined with anad hoc function in order to compute
an overall utility (λ weighs the travelling cost and the
information gain):

u(p) = A(p)e−λC(p) (1)

Other examples are [11], in which the traveling cost
is linearly combined with the expected uncertainty of the
map after the observation, and [12], in which a technique
based on relative entropy is used. Strategies based onad
hoc aggregation functions usually are strongly related to
the number and meaning of the considered criteria. For
this reason, their application in other situations could be
difficult. In the work presented in [13], authors dealt with
this problem evaluating a theoretically-grounded approach
based on multi-objective optimization. The best candidateis
selected on the Pareto frontier as the one that better satisfies
all the considered criteria. Besides cost and information gain,
overlapcan be taken into account. This criterion is related to
the amount of common features between the current global
map and the partial map that will be acquired from an
observation location. It accounts for self-localization used by
the robot to estimate its current position in the environment

according to the map: the larger the overlap, the better the
localization of the robot.

Exploration strategies have been studied also in multirobot
scenarios [14], [15], where the task of exploration and
mapping is performed by a team of robots. For example,
in [14] each robot evaluates a candidate by means of a
weighted aggregation function which combines two criteria:
the travelling cost and a general measure of goodness,
initially equal for all candidates, that decreases with the
proximity of other robots.

More general navigation strategies, of which exploration
strategies are a particular case, play an important role also
in complex robotic tasks, in which the robot is requested to
pursue several, and sometimes conflicting, sub-objectives. An
example is the explore-and-search task, involved in search
and rescue applications. In this case the robot has not only
to explore the environment (a disaster site) but also to find
and communicate the position of victims [16], [17]. For
example, the navigation strategy proposed in [17] considers
the probability of communication success from a candidate
location, combining it with cost and expected information
gain within an ad hoc function. In this context, a priori
information related to the task can improve the effectiveness
of the strategy. An example can be the possibility to know
in advance if victims are uniformly spread or concentrated
in clusters. An attempt to integrate this kind of information
in an explore-and-search strategy has been presented in [18],
where an high-level formalism based on Petri nets is used.

III. T HE EXPERIMENTAL FRAMEWORK

In order to illustrate issues involved in evaluating explo-
ration strategies, we defined a navigation system with which
we provide some concrete example in the following. A C++
software simulator based on Player/Stage [5] architectureand
CGAL graphic libraries [19] has been developed. With this
tool different exploration strategies can be tested in different
environments, changing the initial location of the robot and
the maximum ranger of its sensor. In the following we
describe how we implemented the NBV process of Fig. 1.

A. Environment representation

The robot maintains a map of the environment, built
integrating all the observations. We represent the map with
2D line segments. In particular two lists are used. The
obstacle listcontains line segments representing the obstacles
detected in the environment. Thefree edge liststores line
segments representing the frontiers between known and
unknown space. Each time a new observation is performed,
a new partial mapm is acquired and the current robot’s map
M is updated by aligningm to M (according to the position
of the robot given by the simulator) and by fusing them.
A partial map is composed both of obstacle line segments
and of free edges. New obstacle line segments are added to
the obstacle list and, similarly, new free edges are inserted
in the free edge list. Moreover, old free edges which, after
the observation, happen to belong to the explored area, are
deleted from the corresponding list.



B. Candidate evaluation

Candidate locations are generated as the middle points
of the line segments in the free edge list. Given a candi-
date locationp, we consider four different criteria for its
evaluation. The travelling costc(p) is computed as the total
length of the path connecting the current position of the robot
with p. In order to facilitate path-planning, a reachability
graph for all the available candidate locations is maintained
during the exploration. Two different estimates of expected
information gain are considered. The first one,iarea(p), is
computed as the amount of area visible fromp, i.e., falling
within sensor range and not belonging to the already mapped
space. In the second estimate, the amount of new information
potentially obtainable fromp, iseg(p), is computed as the
length of free edge line segments visible fromp. The last
considered criterion is the overlapo(p) between the current
map and the area visible fromp. It is calculated as the length
of obstacle line segments which are visible fromp. In our
experiments we usedr = 8m in order to force the robot to
make a significant number of steps to complete exploration.
For each one of these criteria an utility value, in the[0, 1]
interval, is computed in order to evaluate on a common scale
p’s degree of satisfaction according to every criterion. The
utility is defined by normalization over all the candidates
in the current exploration step. For example, considering the
travelling costc(p) and calledL the set of candidate locations
available at the stepk, the utility related to this criterion
for p ∈ L is computed with the following linear mapping
function:

uc(p) = 1 − (c(p) − min
q∈L

c(q))/(max
q∈L

c(q) − min
q∈L

c(q)) (2)

Similar normalization functions are used for other criteria.
The use of relative normalization expressed by (2) is justified
by the independence between different robot’s choices at
different steps. Indeed, due to the greedy nature of the NBV
approach, the result of the robot’s decision at stepk only
depends onL and not on previous decisions and previous
sets of candidate locations.

IV. SOME ISSUES ON THE EXPERIMENTAL EVALUATION

OF EXPLORATION STRATEGIES

In this section some relevant issues arising in experi-
mentally evaluating exploration strategies are discussed. We
remark that our goal is not to provide a comprehensive eval-
uation to select the “best” strategy. We aim at enlightening
some critical issues that must be dealt with when evaluat-
ing exploration strategies and that should be considered in
developing a methodology.

A. Metrics

A first issue, which plays a central role in performance
evaluation, is related to metrics and indicators used to assess
the goodness of an exploration strategy and to compare
different exploration strategies. In order to discuss how to
choose such metrics, we need to clearly define the objectives
that a good exploration strategy has to meet.

Efficiency is the first obvious goal and can be expressed
through the minimization of two types of costs. The first
one is the time needed to map the environment (or a
given percentage of it), while the second one is related
to the power consumption of the robot. In general, these
two objectives are not independent, namely they cannot
always be optimized separately. It seems adequate to use
two metrics that are related to both of them: thenumber
of sensing actionsperformed by the robot and the total
amount ofdistance travelled. An exploration strategy pro-
viding good performance according to both these indicators
can be considered efficient with respect to time and power
consumption. Importantly, these indicators are general, and
abstract away from the technical details of the employed
robot, making comparison of strategies rather independent
from the particular navigation system.

A second objective is represented by effectiveness, and can
be assessed by evaluating the map produced by the robot. It
has to represent in a consistent way the spatial information
collected during the exploration and to reliably describe
the environment. Differently from efficiency, the quality of
a map does not depend only on the exploration strategy
employed. Different components of the robot’s navigation
system influence it. For example, it is evident that using
a poor registration algorithm to align a partial map to the
global map can result in an inaccurate final map. Since
results can depend on several aspects, it is somehow unfair
to use metrics that measure the quality of the map to
compare exploration strategies. However, it is necessary to
qualitatively assess the consistency of produced maps by
means of direct observation.

Another point is that performance metrics are usually
calculated on aggregated data, reporting, for example, the
total amount of travelled distance or the total number of
sensing actions needed to map a given environment. How-
ever, although this description shows a good level of syn-
thesis and is widely employed [4], [11], [13], acumulative
description allows more qualitative insights on the measured
performance.

For instance, it is interesting to relate the amount of the
explored area to the distance travelled or the number of
sensing actions. For example, Fig. 2 reports the covered
area versus the travelled distance for a strategy based on
the minimization of the travelling cost. The three curves
represent the behavior of the robot when starting from 3
different locations in the same environment (locations 1, 3,
and 4 of Fig. 5(a)), while symbols on the curves are sensing
actions. The mapping ends when the90% of the overall area
has been covered. As it can be seen, the best performance is
obtained from starting location 1, despite in the first stepsthe
robot performed better when starting from location 3. Around
step500 the amount of covered area starting from location 1
increases while travelling short distances. From the graphit
is also possible to observe that the robot, when starting from
location 4, made a significant number of perceptions without
obtaining any new spatial information and, in order to find
better observation locations, it had to travel long distances.
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Fig. 2. Cost-minimization strategy from starting locations 1, 3, 4 of
Fig. 5(a)

This can be observed looking at the horizontal portions of
its associated curve. All of these features are evident from
cumulative data but are not visible from metrics calculated
on aggregated data.

Performance metrics should depend only on exploration
strategies. A cumulative description can evidence interesting
qualitative insights on performance.

B. Parameters

Another critical issue is related to the values for parame-
ters. It is not surprising that parameters are involved in the
definition of every exploration strategy. For example, in our
sample context of Section III-B, a strategy is defined by a set
of criteria and by the aggregation function used to compute
the overall utility for candidate locations. Let us assume that
we want to compare strategies with different criteria sets,
using a weighted average as aggregation function. Therefore,
calledC the set of considered criteria, andui(p) the utility of
the candidate locationp with respect to the criterioni ∈ C,
the overall utility ofp is obtained as:

u(p) =
∑

i∈C

ωiui(p) (3)

Parameters are represented, in this situation, by coefficients
ωi. Eachωi represents the weight associated to a criterion
i, namely its relative importance. Another example is repre-
sented by the strategy proposed in [10] which employs the
ad hocaggregation function (1). Parameterλ is still related
to the relative importance of the criteria, since it weighs the
travelling cost against the expected information gain.

Selection of values for these parameters could depend
on the particular task the mobile robot is facing and on
the type of the criteria considered. Intuitive selection of
values may be misleading and produce unexpected results.
For example, let us consider as criteria the travelling costand
the two information gain estimates, i.e.C = {c, iarea, iseg}.
We adopt the aggregation function (3) and we compare the
performance obtained with two different settings of values
for parameters, reported in Table I. The first set of values give
more importance to the travelling cost, defining a strategy
called CostFirst, while the other set of values give more

CostFirst InfoGainFirst
c 0.4 0.2

iarea 0.3 0.4
iseg 0.3 0.4

TABLE I

WEIGHTS FORCostFirstAND InfoGainFirst STRATEGIES

importance to information gain, defining a different strategy
called InfoGainFirst. Given an environment, which strategy
will map it faster?CostFirst, which evaluates better close
candidate locations, orInfoGainFirst, which evaluates better
candidate locations that offer good views on unexplored
areas? In Fig. 3 we report an example of comparison of
the two strategies. Robot started from the same location
within the same environment (location 5 of Fig. 5(a)). Due
to the characteristics of the exploration task we would have
expected better performances to be achieved byInfoGain-
Fisrt strategy. Indeed, it seems reasonable to consider the
acquisition of new spatial information as the primary way
to conduct a fast exploration. However, as it can be seen
from the graph, better performaces are achieved with the
CostFirst strategy. When giving more importance to the
information gain estimates, the robot tends to travel longer
in order to reach the most promising locations in terms of
new obtainable information. In Fig. 3 this is represented by
the horizontal portions of the associated curve.

Another consideration can be called for to explain this
result: the difference between the criteria. The travelling
cost is an exact criteria, while expected information gains
are estimates. For instance, a location with a good expected
information gain can become, after the sensing action, a
bad observation location. Therefore, it is important when
choosing weights for criteria to consider their nature and
to distinguish between exact criteria, which do not introduce
any error, and criteria that are more or less precise estimates.
In this sense, giving more importance to former ones makes
exploration strategy more “robust”. A final aspect to consider
is related to the meaning of criteria. The criteria represented
by iarea and iseg are based on different techniques to esti-
mate the same feature i.e., information gain, therefore, giving
a large weight to both of them can lead to overevaluating
information gain. For this reason, weight values should also
consider that some criteria can be redundant.

Parameters usually set the relative importance of criteria
that are used to evaluate candidate locations. Giving high
importance to criteria which are based on estimates can
worsen the performance.

C. Overlap

As already discussed, the evaluation of exploration strate-
gies can be influenced by particular aspects of the navigation
system. Let us show this aspect by considering the overlap
criterion that is related to the ability of the robot to localize
itself. We define the strategyCostFirst with Overlapwith the
weights reported in Table II. The highest importance is still
given to the travelling cost, but also overlap is taken into
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Fig. 3. Performance ofCostFirstandInfoGainFirst strategies from starting
location 5 of Fig. 5(a)

CostFirst with Overlap
c 0.4

iarea 0.2
iseg 0.2
o 0.2

TABLE II

WEIGHTS FORCostFirst with OverlapSTRATEGY

account. In Fig. 4 two significant examples are reported,
where CostFirst with Overlapstrategy is compared with
CostFirst when the robot starts from locations 3 and 6 of
Fig. 5(a). In Fig. 4(a), referred to starting location 3, we can
observe that the two strategies performed similarly until a
certain point, where the growth of the mapped area started
to differ significantly. What happened is that after travelling
1000 units, the robot, when executing theCostFirst with
Overlap strategy, decided to cover large distances in order
to reach locations which well satisfy the overlap criterion.
Despite this kind of behavior can introduce improvements
for localization, it introduces a worsening in the adopted
performance metrics. This is even more evident when consid-
ering the results obtained from starting location 6, reported
in Fig. 4(b). Several good observation locations, from which
a large amount of new area is expected to be visible, are
not visited with the consequence of a lower growth rate
of the mapped space. Exploration towards unknown areas
is limited by the fact that good observation locations are
constrained to have a significant amount of already mapped
space that is visible. Since the advantages introduced by
overlap are not visible when using our metrics (recall Sec-
tion IV-A), comparison of strategies with and without overlap
is not sound. Therefore, we suggest that overlap should
be addressed directly as a part of the navigation system,
considering it as a threshold under which a candidate location
is not taken into account for evaluation. This amounts to say
that candidate locations from which localization is difficult
are not considered.

Overlap is an example of a criterion that can introduce
advantages for the navigation system e.g., better localization.
These advantages are not reflected by the chosen perfor-
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(a) Starting location 3
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Fig. 4. Performance ofCostFirst and CostFirst with Overlapstrategies
from starting locations 3, 6 of Fig. 5(a)

mance metrics. This criterion should be embedded as a
feature of the navigation system.

D. Environment

The last issue we consider is the selection of the environ-
ments. Since the adaptability of a strategy is a more-than-
desirable characteristic, performance evaluation has to be
conducted in different kinds of environments. For example,
consider the two indoor environments in Fig. 5. The first
environment (Fig. 5(a)) is characterized by the presence of
rooms and corridors, while the second one (Fig. 5(b)) is
an open space. The main issue in dealing with different
environments is to understand where differences between
strategies can be seen more clearly.

In many experiments we found that differences between
strategies are more likely to emerge in open spaces. Gener-
ally in these environments the number of candidate locations
at each step is larger than in more cluttered environments.
Therefore, there is a significant number of steps in which
the decision is not trivial and where different strategies can
lead to very different performances. This can be seen in
Fig. 6, which compares the performance ofCostFirst and
Latombestrategies (defined as (1) withλ = 0.2m−1) in the
environments of Fig. 5.

Open spaces evidence the different performance of explo-
ration strategies.



(a) Cluttered environment (approx. 7200m
2)

(b) Open space (approx. 7000m
2)

Fig. 5. Testing environments (numbers indicate starting locations)

V. CONCLUSIONS

In this paper we have put forward some critical issues
related to the experimental evaluation of NBV exploration
strategies. We discussed selection of appropriate performance
metrics, selection of values for parameters, and some aspects
regarding the characteristics of the environments where eval-
uation is performed. As stated at the beginning, the purpose
of this paper is not to give final solutions for these critical
issues, but to contribute to the definition of a methodology
for evaluating exploration strategies. In this sense, we believe
that the issues we discussed should be accounted for in such
a methodology.
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