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Abstract— A way to significantly advance robotic science
is to perform experiments that can be replicated by other
researchers and be used to compare different methods. This
happens rarely in current robotics research. In this paper we
present a methodology for performing experimental activities
in the area of robotic mapping. The proposed methodology
prescribes a number of issues that should be addressed when
experimentally validating a mapping method. We present the
application of the proposed methodology to a mapping system
we have developed.

I. INTRODUCTION

Efforts are being made to establish standard benchmarks

for mobile robots [1], [2]. However, benchmarks only allow

to compare different robotic systems by considering them

as black boxes, namely by comparing their “external” per-

formance. In our opinion, this is not enough to advance

significantly the science of robotics. Beyond, and before,

benchmarks, what is needed is to give researchers the ability

to repeat and to cross-check the experiments done by others.

The repeatability and controllability of experiments are dis-

tinctive features of any scientific discipline. However, these

issues are not sufficiently addressed by current experimental

practices in robotics.

In this paper we propose a methodology for performing

experimental activities in the area of robotic mapping [3].

More specifically, we concentrate on mapping methods that

operate on segment-based maps. The proposed methodology

prescribes a number of issues that, when addressed in the

experimental validation of a mapping method, will enable

the replication and cross-checking of experiments and the

comparison with other methods. We also present the appli-

cation of the proposed methodology to a specific mapping

system we have developed in previous work [4].

The basic idea from which we start is that fully replica-

ble and controllable experiments can enable a widespread

comparison of different mapping systems. The methodology

presented in this paper is still preliminary. However, we

believe it is a first step toward the final goal to foster the

good practice of replicating experiments in order to compare

different methods and assess their strengths and weaknesses,

as usually happens in other scientific disciplines.

The original contributions of this paper, whose nature

is more methodological than technical, are (a) a critical

survey of the current practices in experimental activities for

segment-based mapping methods and (b) the proposal of a
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preliminary methodology for performing these experimental

activities. To the best of our knowledge, we are not aware

of any other similar effort in the area of robotic mapping.

This paper is structured as follows. In the next Section, we

overview the current practice in performing experiments for

segment-based mapping methods. In Section III we describe

the proposed methodology, which we then apply to our

mapping system in Section IV.

II. STATE OF THE ART OF EXPERIMENTS FOR

ROBOTIC MAPPING SYSTEMS

We concentrate on mapping systems that build maps com-

posed of 2D line segments. Usually, these systems work by

incrementally integrating scans acquired in the environment.

For this reason, they are usually based on scan matching

methods. Scans are the result of perception actions performed

by robots exploiting their sensors (e.g., laser range scanners).

Scans are usually represented by line segments obtained by

post-processing the sensor data.

In this Section we overview how the experimental activ-

ities aimed at validating scan matching methods have been

conducted and reported in the literature. Without attempting

to be exhaustive, we selected the major methods for building

segment-based maps that have been proposed in the last

few years. While algorithms are usually well detailed and

explained in published papers (even if making code publicly

available should be encouraged), the experimental sections

often lack information useful to completely replicate the

experiments and evaluate the methods. Table I summarizes

the basic information about the experimental activities and

whether they are provided by the authors in their papers.

We have considered only the features that have an impact

on the repeatability of the experimental activities and on

the comparison between different mapping methods. In the

following we discuss the data reported in the table.

Among the methods we considered, almost all experi-

mental activities are conducted in indoor environments with

“private” data, not freely available to other researchers.

Only in few cases methods are evaluated using public data,

available on web repositories such as [5].

The use of publicly available data can help researchers

not only to replicate an experiment but also to evaluate the

performance of different methods when applied to the same

data. In fact, the publications we examined do not perform

any comparison, even qualitative, with other methods, with

the exception of [13], [15] that compare their methods with

previous methods they have extended or improved.

Information about the size of the mapped environments

is a qualitative gauge of a method, since the ability to
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[4] yes [5] no inferable yes yes no visual yes yes yes
[6] no no inferable n.a. n.a. no visual yes yes n.a.
[7] no no no n.a. yes no visual n.a. yes n.a.
[8] no no yes n.a. n.a. yes pose estimate n.a. no n.a.
[9] no inferable yes inferable no visual n.a. no yes
[10] no no inferable yes inferable simulated visual and pose estimate n.a. yes n.a.
[11] no no yes n.a. yes simulated visual and pose estimate n.a. yes n.a.
[12] no no yes n.a. n.a. no visual and pose estimate n.a. no yes
[13] no yes inferable n.a. inferable simulated visual n.a. yes n.a.
[14] yes [5] no no n.a. inferable no visual n.a. yes yes
[15] no yes yes yes n.a. yes numerically w.r.t.

ground-truth map
yes yes yes

[16] no no inferable yes n.a. yes visual yes no n.a.
[17] no no inferable n.a. n.a. no visual n.a. no n.a.
[18] no no no n.a. n.a. no visual n.a. no n.a.
[19] no no no n.a. yes no pose estimate n.a. no n.a.
[20] no no inferable n.a. n.a. no visual n.a. yes n.a.
[21] no no no n.a. n.a. yes visual n.a. yes yes
[22] no no yes n.a. inferable no visual n.a. yes yes
[23] no no no yes n.a. no visual and pose estimate n.a. no yes
[24] no no yes yes n.a. no visual n.a. no yes

TABLE I

FEATURES REPORTED IN EXPERIMENTAL ACTIVITIES FOR SOME SCAN MATCHING METHODS

cover large environments suggests that the method is reliable

and does not diverge even after many iterations. The size

is usually explicitly reported or it is inferable from the

figures. Only in few cases this information is missing. The

number of line segments that constitute the final map is

another important information since it is related to the cost

of storing the maps produced by the method. Only few

authors provide this kind of information. The displacement

between scans is also useful to compare the effectiveness of

the methods. Some methods are (sometimes implicitly) based

on the assumption of (very) small displacements between

scans (e.g., [20]), which implies a simpler approach to the

scan matching problem but the use of a larger number of

scans to cover the environment. Conversely, larger displace-

ments between scans require fewer scans but present more

challenging problems in matching the scans [4]. Despite

its importance, information about displacement is absent in

many publications; in some cases it is inferable according to

the length of the path covered by the robot and the number

of scans [9], [10], [22], or from the robot positions marked

in the maps [13], or from the information contained in the

repository if public data are used [4], [14].

The obtained final maps are usually evaluated visually

with respect to the real environment or to a ground-truth

map, if available [8], [15], [16], [21]. Only [15] evaluates

numerically the likeness of the obtained map by considering

the geometrical distance between the map and a ground-truth

map. Some authors [10], [11], [13] use simulated data to

better compare the results with respect to an artificial known

environment that represents the ground-truth. In some cases

the final map is evaluated by calculating the error on the

robot pose; for example, by calculating the error between

the starting and ending poses of the robot after following a

closed path or by comparing the pose of the robot with some

ground-truth landmarks [15]. Note that multirobot mapping

systems (e.g., [14]) usually need to evaluate the errors on

the mutual estimated pose of the robots. However, we do

not take into consideration this issue in this paper.

The parameters and their values are vital information in

order to replicate the experimental activity. Nevertheless only

few authors report the values at least of the main parameters

involved. Besides allowing repeatability, the values of the

parameters and hints about how they influence the behavior

and the performance of a method are helpful to evaluate the

method itself. Only [4], [15] show the behavior of the system

as the values of the parameters change. This enables a more

thorough understanding of the proposed method, in addition

to a better assessment of its reliability and robustness.

Closing a loop path is a challenging problem that a scan

matching method must solve [3]. Accordingly, only few

papers do not show any experiment with a loop path.

The processing time for building the map is useful in

order to evaluate whether the method can run in real-time

or not. This information is not provided by all the authors;

few authors report the average time taken between two

integrations [4], [9], [12], [23], [24], whereas some other

authors say only that their methods work in real time without

any other information [14], [15], [21], [22].

III. THE PROPOSED METHODOLOGY:

DESCRIPTION

From the discussion of the previous Section, we can see

clearly the heterogeneity and incompleteness of the exper-
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imental results provided to validate the proposed mapping

systems. In order to contribute to overcome this situation, in

this Section we propose a methodology for the experimental

activities.

In order for experiments to be repeatable, the following

issues have to be addressed when presenting experimental

activities:

• The mapping system has to be applied to publicly

available data.

• The values of the parameters should be indicated.

• Some experiments in which the mapping system does

not perform well should be shown. This can help other

researchers to better understand the system.

In order to evaluate and to compare the different methods,

the following issues have to be addressed when presenting

experimental activities:

• All the data about the produced maps should be clearly

indicated. These include: the dimensions of the mapped

environment, the number of line segments, the time re-

quired to build the map, and the displacements between

the scans.

• The behavior of the mapping system for different values

of the parameters should be shown. This allows one to

evaluate the robustness of the system, for example to

find out the ranges of values of parameters for which

the system works well.

• The map produced following a closed loop path in the

environment should be shown, in order to evaluate the

ability of the method not to “diverge”.

• When a ground-truth map is available (this is not

always the case), it should be used to assess the quality

of the produced map, by evaluating its distance from

the ground-truth map (e.g., according to the Hausdorff

metric).

With the availability of the above information, other

researchers can evaluate the “soundness” of a proposed

mapping method. For example, if the map of a 5 m-long

empty corridor contains 1, 000 line segments, then it is

evident that the mapping system that produced the map

is not “sound”. However, apart from some extreme cases,

evaluating the “soundness” of a mapping method may not

be easy: this issue deserves more investigation in future

research.

With the availability of the above information, other

researchers can compare different mapping methods. When

data are publicly available, the mapping systems can be

applied to the same data (possibly, after some pre-processing)

and the resulting maps can be compared (this could be

facilitated by making the resulting maps publicly available

as well). The comparison can be done according to several

dimensions, including: time, space (e.g., number of line

segments), and quality (e.g., distance from a ground-truth

map). These dimensions are contrasting with each other; for

example, a method that produces very accurate maps could

require more time and produce more line segments than

a method that produces less accurate maps. A criterion to

compare different mapping systems should be based on an

application-dependent combination of the above dimensions.

This issue deserves more investigation in future research.

Many of the above issues are quite obvious but, as we

have seen, only rarely all of them are addressed in published

papers. These issues are by no means exhaustive and others

can be easily added (e.g., the average length of line seg-

ments). However, we think that they are a good starting point

for the definition of a complete and rigorous experimental

methodology for robotic mapping.

Although we have presented it for segment-based maps,

the proposed methodology is more general and could be

applied to mapping methods that work with different types

of maps. For instance, it could be applied to grid-based

mapping systems without any change, except for defining

scans appropriately and for substituting the number of line

segments with the number of cells. Other issues could also

be added, like the dimensions of the cells. Extensions of the

methodology should be deeper investigated, since it may not

be easy to compare a segment-based mapping system with

a grid-based one.

IV. THE PROPOSED METHODOLOGY:

APPLICATION

In this Section, we present an example of how to apply the

proposed methodology to a mapping system we developed.

We first describe our mapping system and then we illus-

trate some experimental results, according to the proposed

methodology.

A. Our Mapping System

The mapping system we use has been extensively de-

scribed in [4]. Here, we briefly summarize its main features

(please refer to the original paper for the details).

The scans and the maps we consider are collections of line

segments obtained from 2D laser range data. Our method is

exclusively based on the geometrical information contained

in the scans to be integrated. In particular, we consider angles

between pairs of line segments in the scans as a sort of

“geometrical landmarks” on which the matching process is

based. We define a INTEGRATE function for integrating two

scans into a map. Let’s call S1 and S2 the two scans and S1,2

the resulting map. In our method, two points are considered

to coincide when they are closer than POINTDISTANCETOL-

ERANCE and two angles are considered equal when their

values differ of less than ANGLEDIFFERENCETOLERANCE.

These are the two main parameters of the method. Function

INTEGRATE operates in three major steps, as follows:

a) Determine the possible transformations: This step

first finds the angles between the line segments in S1 and

between the line segments in S2 and then finds the possible

transformations (namely, the rotations and translations) that

superimpose at least one angle α2 of S2 to an equal angle

α1 of S1. Recall that angles between pairs of line segments

in a scan are the geometrical landmarks we adopt.
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b) Evaluate the transformations: Every transformation

found in the previous step needs to be evaluated in order

to identify the best one. To determine the goodness of a

transformation t we transform S2 on S1 (in the reference

frame of S1) according to t (obtaining St
2
), then we calculate

the approximate length of the line segments of S1 that

correspond to (namely, match with) line segments of St
2
.

The value of a transformation is the sum of the lengths

of the corresponding line segments that the transformation

produces.

c) Apply the best transformation and fuse the line

segments: Once the best transformation t̄ has been found

(i.e., the one with the largest value), this step transforms

the second scan S2 in the reference frame of S1 according

to t̄ obtaining S t̄
2
. The map that constitutes the output of

INTEGRATE is then obtained by fusing the line segments of

S1 with the line segments of S t̄
2
. The main idea behind the

fusion of line segments is that a set of matching line segments

is substituted by a single polyline, in order to reduce the

dimensions of the resulting map.

We have developed methods for integrating a sequence

S1, S2, . . . , Sn of n scans by repeatedly calling INTEGRATE.

We used one of these methods, called pivot method, in the

experimental activities presented in this paper (see [4] for

details).

B. Experimental Results

Following the proposed methodology, we applied our

mapping system to the “stanford-gates1” data set publicly

available in the Robotics Data Set Repository (Radish) [5].

(Note that the experiments presented in this Section are

complementary to those presented in [4].) The data set is a

30-minute tour through the first floor of the Stanford’s Gates

Computer Science Building. The robot used to collect the

data is a Pioneer 2DX with a forward-pointing SICK LMS

200. The laser was running at high speed (75 Hz scans) in

the 10 mm, 1◦ mode. The data set includes both laser data

and odometry data. We considered only laser data (about

115, 000 laser scans). For each scan of the data set, we

approximate the points acquired by the laser range scanner by

line segments following the approach described in [11] (the

distance between a perceived point and its approximating

line segment is 25 mm at most). We call scans Sx, where x

is the time (in seconds) at which a scan has been acquired,

according to the timestamps reported in the data set. The

mapping system has been coded in C++ and run on a 2 GHz

Pentiunm IV computer with Debian Linux 3.1.

POINTDISTANCETOLERANCE has been set to 10 mm and

ANGLEDIFFERENCETOLERANCE to 0.2 rad. We selected

these values by performing some integrations of scans ran-

domly taken from the data set. Then, we tested the robustness

of our method with respect to variations of these values.

To this end, we considered three randomly selected pairs

of scans of the stanford-gates1 data set and we applied our

scan integration method varying the values of POINTDIS-

TANCETOLERANCE and ANGLEDIFFERENCETOLERANCE.

The method has been able to correctly integrate the pairs

when the above parameters had values within 3 mm and

13 mm for POINTDISTANCETOLERANCE and 0.16 rad and

1.53 rad for ANGLEDIFFERENCETOLERANCE.

Sometimes, some values for the parameters do not allow

to find the correct integration between two scans. Here we

report some examples, in order to better clarify the role of

the parameters. (In these examples, we do not apply the

fusion step of INTEGRATE to the maps.) Fig. 1 shows the

integration of scans S1238 and S1242 for different values

of POINTDISTANCETOLERANCE. In this case, a smaller

value of POINTDISTANCETOLERANCE allows our method

to integrate the two scans with higher accuracy. In general,

smaller values of POINTDISTANCETOLERANCE make the

method stricter when evaluating if two points coincide, thus

achieving an higher accuracy in integrating scans. Fig. 2

shows the integration of scans S1536 and S1540 for different

values of ANGLEDIFFERENCETOLERANCE. In this case, a

larger value of ANGLEDIFFERENCETOLERANCE allows our

method to integrate the two scans with higher accuracy. In

general, larger values of ANGLEDIFFERENCETOLERANCE

make the method more tolerant when comparing two angles

in order to find a possible transformation between two scans,

thus increasing the number of transformations to evaluate.

Fig. 1. Integration of scans with POINTDISTANCETOLERANCE = 9 mm

(left) and with POINTDISTANCETOLERANCE = 2 mm (right)

Fig. 2. Integration of scans with ANGLEDIFFERENCETOLERANCE =
0.2 rad (left) and with ANGLEDIFFERENCETOLERANCE = 0.33 rad (right)

We applied our mapping method to build the maps of four

large portions of the environment of the stanford-gates1 data

set. Fig. 3 shows these maps, while Table II reports some

information about them. Finally, we applied our mapping

method to integrate these maps to obtain the global map of

the environment. Results are shown in Fig. 4 and in the last

row of Table II.

The results show that our mapping system is robust

and produces maps composed of a limited number of line

segments (according to the dimensions of the environment).

Note that the majority of the line segments are of little

importance (they are due to noise in data acquisition and

in scan integration): filtering out those shorter than 300 mm
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Fig. 3. Maps A (top left), B (top right), C (bottom left), and D (bottom right)

map # env. size # line average proc.
scans segments displacement time

A 59 20 m× 15 m 673 0.25 m 12.2 s

B 67 25 m× 10 m 552 0.25 m 8.9 s

C 31 13 m× 10 m 296 0.25 m 1.1 s

D 137 33 m× 15 m 1025 0.25 m 143.5 s

global 45 m× 50 m 2401 372.5 s

TABLE II

INFORMATION ABOUT MAPS A, B, C, D, AND THE GLOBAL MAP

the number of line segments in the four maps drops to 150,

178, 51, and 273, respectively. The system can also perform

in real-time, requiring (on average) less than 1 s to integrate

a scan. The error in closing a 50 m loop (upper corridor of

the map A in Fig. 3) is about 0.5 m, that is reasonable given

the dimensions of the environment. Note that if, differently

from our case, a mapping system involves casual choices,

mean and variance of closing-loop error should be reported.

We expect that the information presented in this Section

and the fact that we have used publicly available data (follow-

ing the proposed methodology) will allow other researchers
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Fig. 4. Global map

to repeat our experiments both for cross-checking them and

for comparing other mapping methods to ours.

V. CONCLUSIONS

In this paper, we have presented a preliminary version of a

methodology for performing good experimental activities in

the field of robot mapping systems. The proposed methodol-

ogy has been applied to a mapping system to show how it can

improve the repeatability and controllability of experimental

results and the comparison of different mapping systems.

Future work will address a more complete definition of the

proposed methodology. For example, some ways to evaluate

the “soundness” and the robustness of a mapping method

and to compare different mapping methods are needed. An

interesting approach has been adopted in [25], where the

authors compare their method with other two methods based

on the Iterative Closest Point framework. They match each

scan against itself with an initial random displacement. In

this way, the ground-truth is known and the accuracy of each

method can be evaluated and compared. Although ICP meth-

ods work with point-based maps, this experimental approach

can be easily redeployed for segment-based maps. Finally,

the methodology should be “put at work” by applying it to

different mapping systems in order to assess its potential.
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