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Abstract. In this work, we provide an insight study of various 2D Simultaneous Localization and
Mapping (SLAM) solutions available in Robotic Operating System (ROS) in the context of autonomous
exploration of unknown indoor environment. We are interested in verifying which SLAM packages works
out-of-the box for such system. Beside of validating the resulting SLAM’s maps quality, it is necessary
to validate also the online mapping reliability and stability of the SLAMs as well as their robustness in
environment variation. To be able to conclude the performance of each tested SLAM, a series of tests
in both simulation and real world experiment has been conducted on different kinds of terrain. Based
on our metrics, we show that Karto SLAM produces the best result when doing autonomous online
mapping of unknown indoor environments. We also show that Cartographer can achieve better results
than Karto SLAM but this requires offline post-processing to tune the parameters specifically for a
given terrain.
Keywords: SLAM, ROS, Autonomous indoor exploration, Unknown environment, Benchmarking.
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Introduction

ROS-based autonomous exploration of unknown environment for single robot involves Autonomous navigation and Mapping as two main processes. Autonomous navigation relies on the current built map from the
Mapping process to determine and identify the next goal, then plan an optimal path to that goal. The robot
follows that path and extends the known area until the complete environment is explored. The Mapping
process plays therefore an important role since its output (e.g. maps) is used as input data for the navigation
which has an significant impact on the next behavior of the robot. Therefore, the map needs to be stable
and reliable over time. Our interest in this paper is to propose an evaluation process that quantifies the performance of different available ROS SLAM packages in the context of autonomous exploration of unknown
indoor environment.
There exist many Simultaneous Localization and Mapping (SLAM) algorithms available in ROS. They can
be classed in two main categories: Bayes-based filters [14] (Kalman Filters [7], Particles Filters [3, 10]), and
Graph-based SLAM [5, 9, 13]. Existing work such as [12] provides an insight on the weaknesses and strengths
of these techniques. However, this work focuses mainly on the quantification of maps quality through an
offline evaluation process. Tested data (simulation and real experiment) are manually pre-recorded and used
to generated maps using different SLAMs techniques. An analysis process of error between the resulting
maps and the corresponding ground-truths are conducted to quantify the maps quality. Although the work
provides an accurate overview of each of the 2D SLAM techniques available for ROS, the results do not allow
to compare ROS SLAMs packages for application such as search and rescue, where robots need to perform
autonomous exploration on unknown environment. Beside of the final map quality, it is also mandatory to
verify the completeness [11, 18] of the exploration. The fact that prerecorded data (e.g. robot being teleoperated, backpack recording, etc.) is used for evaluation implies that the exploration always succeeds, and
the robot’s trajectory is always coherent with the actual terrain regardless of whether the SLAM builds an
accurate or inaccurate map. At the time t the SLAM may build an incorrect map due to a bad optimization.
But, since the trajectory is fixed and correct, the robot may reach the time t + n when there are enough
observations for a good optimization, thus can correct the error of the time t and provide a more accurate
map. However, this is not always the case in autonomous exploration where there are a mutual dependency

between the path planner and the SLAMs. A bad optimization of the SLAM at time t leads to an incorrect
map that may cause a bad path planning for the next goal. As a consequence, the robot may be blocked
because of the inconsistency of the planed path with the actual environment. Thus, it may never reach the
point where the SLAM can correct the error. An incorrect path planning, in turn, may cause the robot to
wander around the same place for a long time which increases the probability of accumulating error when
the SLAM perform its pose optimization. This obviously has a negative impact on the resulting map built by
the SLAM. Therefore, to guaranty the completeness of the exploration, it is also important to verify (1) the
reliability and the stability of the SLAM over time, (2) the robustness of the SLAM in different kinds
of environment.
In this paper, we address these problems by providing an insight on different SLAM algorithms in the
context of autonomous indoor exploration. Beside the final maps quality, we focus on the evaluation of the
online reliability and stability of each SLAM algorithm, as well as their ability to operate out-of-the-box in
various environments. Instead of performing the tests on all available SLAM packages for ROS, we build on
the results of [12] and select Gmapping and Karto SLAM as candidates due to their impressive observed
performance in these tests. We then extend this list by adding Google Cartographer for ROS [5], a new
graph-based SLAM technique which recently draws many attention in the robotic community.
For the evaluation process, we implemented a ROS-based autonomous exploration testbed that has been
used for all tests, we just replaced the mapping stack with a corresponding SLAM. All the selected SLAMs
were separately validated through an independent autonomous exploration process on all tested terrains.
This allows us to verify the completeness of the exploration on each test. For all successful explorations, the
finals maps were collected an quantified using two quality metrics (section 3.3).
The remainder of this paper is structured as follows. Section 2 describes related work. Section 3 explains
our setup and experiment process. Section 4 analyses and discusses the results of our experiments. Last,
section 5 concludes the paper.

2

Related work

2.1

Autonomous navigation

Autonomous navigation consists of two main phases: (1) goal allocation, (2) path planning and navigating.
Frontier-based allocation [8, 17, 6, 2] is the most referenced method for goal allocation. A set of frontiers is
extracted from the current map, the allocator selects a frontier as the next goal based on different allocation
strategies [8] (e.g. random, nearest, etc.). Exploration package available in ROS such as frontier exploration 1
is based on this technique. It, however, requires to manually specify a bounding box of the area to be
explored. In this work, we propose our own frontiers allocation package (frontier allocation 2 ) that works
efficiently with the entire actual map, to enable out-of-the-box for autonomous exploration.
In the path planning and navigating phase, the robot follows an optimal global path that is planified based
on the selected goal and the actual map. In ROS, this is handled by default by the move base 3 package with
its local and global planners. However, in our experiments, we found that the default local planner is not
suitable to navigate through small spaces such as doorways. We then implemented a dedicated local planner
for move base called adaptive local planner 4 which is based on Potential Field [19] to resolve this problem.
2.2

Mapping

As mentioned earlier, in this paper, our experiments are performed mainly on three SLAM packages: Gmapping, Karto SLAM and Google Cartographer.
1
2
3
4

http://wiki.ros.org/frontier exploration
http://wiki.ros.org/frontier allocation
http://wiki.ros.org/move base
http://wiki.ros.org/adaptive local planner
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Gmapping is a well known and widely used SLAM algorithm in the robotic community introduced by [3].
It belongs to the Particles Filters (PF) algorithm family and is based on the Rao-Blackwellized Particle Filters
[4] approach to learn grid maps from laser range data. This approach proposes a filter in which each particle
stores the pose and an individual map of the environment. In order to build an accurate map, PF SLAMs
usually requires a high number of particles which is computationally expensive. Gmapping addresses this
problem by taking into account not only the movement of the robot, but also the most recent observations
to calculate an accurate distribution. This decreases the uncertainty about the robot’s pose, and thus to
reduce the number of particles needed while maintaining the accuracy of the resulting map.
KartoSLAM5 and Cartographer [5], on the other hand, are graph-based SLAM algorithms. Graph-based
SLAMs represent a map using a graph of nodes storing poses and features. Edges in the graph are basically
the constraints between successive poses (e.g. motion constraints). These constraints are linearized in form
of a sparse (pose) graph. Various optimization methods can be applied on this later to minimize the error,
hence, optimize the robot pose and trajectory. Karto SLAM for ROS is an open source version of Karto
introduced by SRI International’s Karto Robotics. It uses Cholesky matrix decomposition [15] as a solver
for the optimization problem. In Karto SLAM, the Sparse Pose Adjustment (SPA) method [9] is used for
both scan-matching (pose optimization) and loop closure. The Google Cartographer introduced by [5] is
another open source graph-based SLAM. Unlike Karto SLAM, it can be seen as two related sub-systems.
The first one is a local SLAM (front-end) that takes care of scan-matching (based on the Ceres solver [1]),
submaps and trajectory building. The other subsystem (back-end) is a global SLAM that performs loop
closure optimization using SPA method. Graph based SLAM are usually more efficient in computational
resource than other approaches (e.g. PF), especially in large environment since they maintain only a pose
graph.
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Evaluation of Out-of-the-box ROS-based SLAM for autonomous exploration

3.1

Experimentation and evaluation process
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Fig. 1: Our proposed ROS-based autonomous exploration stack

Figure 1 shows a simplified outline of our ROS-based exploration stack used in our experiments. We
proposed a dedicated frontier allocation package that performs goal allocation for the navigation stack. This
package implements two nodes: (1) the frontier detector that collects a set of frontiers based on the map
produce by the SLAM node, and (2) the frontier allocator that select a frontier as goal using the nearest
5
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frontier strategy. In the navigation stack, we used our adaptive local planner plugin as the local planner for
move base. This planner is based on Potential Field technique [19] and allows the robot to move flexibly in
narrow spaces. This exploration stack is used for all of our experiments. Only the SLAM node is replaced
by the tested SLAM packages.
Our evaluation process consists of two cases: Simulation and Real world experiments. In both cases, an
entire autonomous exploration process is conducted in each experiment. In Simulation, all the three SLAMs
are tested using Gazebo, a realistic 3D robot simulator integrated in ROS. To verify the robustness of tested
SLAM algorithms in different environments, we create 3D models of various types of terrain that can be
imported in Gazebo for simulation. The ground-truth maps (2D) can be obtained from these 3D models
using a 3D renderer tool (i.e. Blender). In real word experiment, this ground-truth map is obtained using the
architect plan of the tested environment. These ground-truth maps are necessary for the evaluation process
using different metrics.
To quantify the quality of the resulting maps, the SLAM’s maps are aligned to the corresponding groundtruth map using a set of OpenCV’s image registration6 toolset available in Python. The quality measurement
is then performed based on a set of metrics (section 3.3) which actually compare the aligned maps with the
ground-truth map.
3.2

Terrains

Figure 2 shows the ground-truth maps generated by different 3D terrain models used in simulation. The
first four terrains have the same size of 80m × 80m with different structures. The Loop terrain (figure 2a)
contains only a big loop and is used basically for loop-closing testing. The Cross terrain (figure 2b) includes
4 similar loops with 5 road crossings. The Zigzag terrain (figure 2c) has no road crossing but offers a long
trajectory with two different passageways: one with normal space size and other with big empty space. The
M aze terrain is much more complex with a high density of obstacles and dead-ends. It contains many similar
places (self similarity) and thus adds more challenge to loop closures identification. The last terrain (figure
2e) combines different type of terrain (small space, dead-ends, loops, long passageways, big empty space,
etc.) in an complex environment of 45.5m × 55.5m. It is based on the Willow garage model available by
default in Gazebo. This terrain is a perfect example of an unknown environment that one could expect in
real world situation.
To evaluate the consistency between simulation and real world test, we perform the last test both on
virtual and real environment. The chosen environment was the building of our lab (figure 3), with an
explorable zone of 20m × 80m. The terrain contains two big loops and several long passageways as well
as dead-ends. The ground-truth map of the environment was generated from an architect plan and used as
reference for evaluation. Also, a 3D model of the environment is built base on this ground truth map for the
simulation.
3.3

Metrics

There are many criteria for performance benchmarking of robot exploration, as discussed in [18]. Since our
purpose is to evaluate different SLAM algorithms for autonomous exploration, in this paper, we focus mainly
on the completeness and quality of the resulting map produced by each SLAM techniques. Let I being the
ground-truth map and K being the resulting map produced by different SLAM algorithms.
To evaluate the completeness of the exploration, we define the stop condition of an exploration which
is one of the two following cases: (1) there is no frontier left to explore or (2) the robot is not able to plan
a valid path to the remaining frontiers on the resulting map. The first condition indicates that the robot
has finished its exploration. However, exploration may stop after mapping only part of the environment.
Therefore, to check the completeness, we compute the coverage of the resulting maps as:
S(K)
S(I)

C=
6

https://docs.opencv.org/3.1.0/db/d61/group reg.html
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(1)

(a) Loop

(b) Cross

(d) Maze

(c) Zigzag

(e) Willow garage

Fig. 2: Ground-truth maps of different terrains used in simulation

Fig. 3: The plan of our lab. The red lines are the boundary of the zone (20m × 80m) being explored by the
robot in both simulation and real world experiment
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With C is the coverage score and S(X) is the surface of the map X. We consider an exploration complete if
there is no frontier left to explore (stop condition 1) and the coverage is greater than or equal to 95%. The
second condition capture situations where the robot is blocked and unable to finish its exploration. This is
due to the fact that the resulting map is incorrect in comparison to the ground-truth and thus causes the
conflict between the local planner and global planner.
To evaluate the quality of the resulting maps produced by different SLAM algorithms, we used two
different metrics: K-nearest based Normalized Error, and Structure Similarity Index. These metrics allow to
measure map quality based on a ground-truth map, and provide different criteria for map evaluation.
K-nearest based (k = 1) normalized error This metric, as shown in equation 2, is introduced in [12].
It is based on the sum of the distance from each occupied cell of the ground-truth map to the nearest cell in
the resulting map determined using the K-nearest neighbor algorithm (k=1):
Pm−1 Pn−1 p
(k − i)2 + (l − j)2 [I(i, j) = 0]
i=0
j=0
(2)
NE =
Pm−1 Pn−1
i=0
j=0 [I(i, j) = 0]
N E ≥ 0, where 0 indicates perfect similarity. (k, l) is the position of the the nearest neighbor of the
ground-truth occupied cell Ii,j on the resulting map K: Kk,l = knn1i,j (I, K). The metric provides a normalized
error of cells distance between the ground-truth and the produced map.
One downside of this metric is that it only considers the occupied cells of the ground-truth map. This
may cause false-positive measure when the occupied cells on the resulting map outnumbers the ground-truth
map. Moreover, the metric is applied globally and only estimates the (global) perceived error of the map
which is not always accurate to measure the similarity of local structures on the map.
Structure Similarity Index (SSIM) The SSIM metric, introduced in [16], provides a measure of (local)
structures similarity that compare local patterns of cell intensities.
SSIM (x, y) =

(2µx µy + c1 )(2σxy + c2 )
(µ2x + µ2y + c1 )(σx + σy + c2 )

(3)

As shown in the equation 3, the metric compares two maps using a N ×N window (or subsample/pattern)
located at the (x, y) position on the maps. The structure similarity index is calculated based on the mean
of cell intensities in the x and y direction of the window, the variant of intensities in the x and y direction
of the window, along with the covariance. The SSIM value can vary between −1 and 1, where 1 indicates
perfect similarity. Unlike NE that estimate the perceived error, the SSIM attempts to model the perceived
change in the structure information and therefore, is more accurate in measuring map structure similarity.
In this paper, we use N E to measure the global perceived errors and SSIM to measure local structure
similarity of the resulting maps.

4
4.1

Result and Discussion
Simulation

We tested all the three SLAMs in Gazebo using our ROS-based autonomous exploration stack on proposed
terrains using the configuration shown in table 1. To verify if the three SLAM algorithms work out-of-the-box
in autonomous exploration on different kinds of terrain, we first tested them with their default parameters.
As shown in the table 2, both Gmapping and Karto were able to finish the exploration on all 6 terrains with
the environment coverages greater than 95%, while Cartographer fail to explore all 6 tested terrains. It does
finish the Loop terrain, but covers only 73,3% of the simulated environment. The reason is that the terrain
contains 4 long passageways. When the robot navigates in these passageways, there is a high probability that
two or more consecutive scans are similar. Thus, when Cartographer (with default parameters) runs its scan
6

Configuration
Turtlebot
Hokuyo URG-04LX-UG01
Intel Xeon(R) CPU E5-1620 v2
3.70GHz×8, 8GB RAM
System
Ubuntu 16.4 LTS + ROS Kinetic
Robot max speed
linear:0.4, angular: 1.2
Map resolution
0.05
Environments Loop, Cross, Zigzag, Maze, Willow garage,
our lab building model
Robot model
Laser model
Resources

Table 1: Simulation Configuration

Gmapping
out-of-the-box
Loop
Stop: (1), C=95,2%
Cross
Stop: (1), C=96,1%
Zigzag
Stop: (1), C=110,6%
Maze
Stop: (1), C=100,4%
Willow garage Stop: (1), C=99,6%
Our lab
Stop: (1), C=97,5%

Karto SLAM
Cartographer
out-of-the-box
out-of-the-box
Stop:(1), C=96,7% Stop: (1), C=73,3%
Stop:(1), C=97,1%
Stop: (2)
Stop:(1), C=99%
Stop: (2)
Stop:(1), C=100,6%
Stop: (2)
Stop:(1), C=99,2%
Stop: (2)
Stop:(1), C=96,3%
Stop: (2)

Cartographer
tuned
Stop: (1), C=101,2%
Stop: (1), C=100,3%
Stop: (1), C=101%
Stop: (1), C=102%
Stop: (1), C=101,2%
Stop: (1), C=97,3%

Table 2: Stop condition and coverage (C) of tested SLAM algorithms on different terrains. Some coverage
values is slightly greater than 100% which indicate that the surface of the resulting maps are slightly bigger
than the ground-truth

matcher for pose optimization, it considers these scans are at the same pose. An accumulation of these errors
results in shortened passageways in the resulting map. As a consequence, the algorithm produces a smaller
loop than expected which cause a coverage of 73,3%. Gmapping and Cartographer have also this problem in
exploring big empty spaces such as the big passageways in the Zigzag terrain. In the Cross terrain which
contains 4 similar loops, while optimizing (scan matching and loop closing), Cartographer has the tendency
of merging two similar loops into one which then causes a dead-lock in path planning. The same situation
occurs with the M aze terrain which has so many similar areas. The algorithm has found many false-positive
perfect matches for loop closing. Unsurprisingly, Cartographer with out-of-the-box parameters failed to map
both the W illow Garage environment and our lab building model (built from our architect plan). Indeed,
these environments include many features from previously tested terrains.
To measure the quality of the produced maps, we first align them to the ground-truth maps. This process
requires both the SLAM’s maps and the ground-truth maps being similar in size (coverage ≥ 95%) and
structures which is not the case with the maps produced by out-of-the-box Cartographer. So we have to tune
Cartographer to ensure a correct mapping for all terrains with satisfactory coverage. This task is challenging
because Cartographer has a lot of parameters. We failed to get one unique setup that applies to all tested
terrain. Instead, we have one different setup for each terrain. The last column in table 2 shows the results of
tuned Cartographer.
Figures 4a, and 4b show the resulting maps quality of different SLAMs on different terrains using the
proposed metrics. Overall, Gmapping always generated maps with higher error and lower similarity than
KartoSLAM and Cartographer (tunned). This can be explained due to the fact that both KartoSLAM and
Cartographer come with a performance SPA solver for pose (Karto SLAM) and loop closure (KartoSLAM,
Cartographer) optimization. Cartographer has it own Ceres scan-matcher for pose optimization. Moreover,
these approaches use all captured submaps and the entire path/trajectory to build maps instead of using
the most recent observations as Gmapping. In the zigzag terrain, map produced by Gmapping shows an
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Fig. 4: Simulation: Map quality measures calculated based on proposed metrics

important error (figure 4a) in comparison to the ground-truth because of the problem of exploring big empty
spaces mentioned earlier. Mapping the M aze terrain was equally challenging for all three SLAM algorithms.
We suppose that this is due to the terrain’s self similarity characteristic which can easily cause many falsepositive perfect matches for loop closure optimization. With the Willow Garage and our lab building terrain,
all the three SLAMs successfully produced reliable maps. Although being a complex environment with a
high density of obstacles, these terrains contain many distinguishable features. This makes it easier for the
SLAM to detect the correct matches and achieve a high optimization performance for pose and loop closure.
Since KartoSLAM and Cartographer are graph-based SLAMs, it is worth comparing them. Both approaches show good results (lower error and higher similarity). Cartographer, when well tuned, produces
slightly better maps than Karto SLAM. This can be explained by the flexibility of Cartographer in term
of configuration with a wide range of parameters. However, Karto SLAM shows its advantage in term of
reliability and stability in different kinds of terrain/environment.
4.2

Real world experiment

The real world tests were performed using a Turtlebot equipped with an Hokuyo URG-04LX- UG01 and a
HP Spectre (Intel Core i7-6600U CPU @ 2.60GHz x 4, 8GB RAM) running Ubuntu 16.04 and ROS Kinetic.
The tested environment is our lab building as shown in figure 3.
Since we aimed at an out-of-the-box online SLAMs for autonomous exploration, we ran three independent
series of tests to perform online mapping with the three algorithms. Figure 5 shows the resulting maps built

(a) Gmapping out-of-the-box

(b) Karto SLAM out-of-the-box

(c) Cartographer out-of-the-box

(d) Cartographer tuned

Fig. 5: Maps built by different SLAMs in real world experiment
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by the three SLAMs. As with simulation, Gmapping and Karto SLAM were able to finish the exploration.
Cartographer with out-of-the-box parameters was blocked at the passageway (figure 5c). It was unable to
finish the exploration. We then tested Cartographer with the parameters set that we used in the simulation
for the terrain. Figure 5d shows the resulting map.

SLAM
Metric
Gmapping
Karto SLAM
Cartographer tuned

Simulation
NE SSIM
62.4 0.8
14.14 0.86
21.5 0.84

Real world
NE SSIM
104.3 0.72
74.6 0.74
44.02 0.725

Table 3: NE (lower is better) and SSIM (higher is better) for bot simulation and real world test on our lab
building
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Fig. 6: CPU and Memory load of the three SLAMs on real world experiment

Table 3 shows the map quality measures using the metrics from section 3.3. The results show the same
tendency on both simulation and real experiment. All the three SLAM algorithms provide accurate maps.
Cartographer and Karto SLAM build better maps with lower error and higher similarity than Gmapping. In
both case, Karto SLAM always shows best similarity index. However, there is a slightly difference between
simulation and real world test on the N E results. In simulation, Karto SLAM produce map with lower error
than Cartographer, but in real world test, the results show the contrary. In fact, this indicates that, when
well tunned, Cartographer is less affected by noise introduced in real world environment than Karto SLAM.
Once again, Gmapping and Karto SLAM work out-of-the-box in real experiment while Cartographer need
a set of parameters specific to the tested environment. Karto SLAM proves its stability on both simulation
and real world test.
Figure 6 shows the CPU and memory load of three SLAMs from the beginning until the end of exploration.
Karto SLAM and Gmapping tend to use more CPU resources than Cartographer, especially, when the map
size increases. However, they are very efficient in memory consumption. Cartographer, on the other side,
while being efficient in CPU load, has an increasing demand on memory overtime to store submaps. Overall,
all three SLAMs achieve a good performance in real-time online mapping with raisonable hardware resource.
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4.3

Discussion

The experiments show that Gmapping and Karto SLAM are more consistent than Cartographer in term of
terrain variation. These SLAMs manage to successfully explore all tested terrains using their out-of-the-box
parameters. Cartographer, however, appears to be terrain-sensitive since it need terrain specific parameters
to work properly. In term of map quality, all three SLAMs produce reliable maps. Cartographer, when
well tuned, produces best quality maps and shows its efficiency in loop closure handling in comparison to
Gmapping and Karto SLAM. Graph based SLAM (Karto SLAM and Cartographer) provides more accurate
maps than Gmapping.
As shown in the results, both Gmapping and Karto SLAM works out of the box for autonomous exploration. However, Karto SLAM offers a better compromise between terrain flexibility and map quality. It is
stable on all tested terrains and produces a good quality map with low error and high similarity.

5

Conclusions

This paper provides an insight of out-of-the-box SLAMs for autonomous exploration. We focus on three
criteria that we consider important for an autonomous exploration system: (1) online mapping reliability,
stability over time, (2) the robustness of the SLAM on different environments, and (3) map quality. The
first two criteria allows to verify the ability of a SLAM to (online) produce reliable map on different kinds
of environment, so that the navigation stack can successfully build a correct trajectory, therefore guaranty
the completeness of the exploration. The latter is necessary to evaluate the accuracy of the final result maps
produced by each SLAM.
Gmapping, Karto SLAM and Google Cartographer were selected for the evaluation. Gmapping and
Karto SLAM are valid choice for autonomous exploration system of unknown indoor environment due to
their robustness to different kinds of terrain. Karto SLAM is better than Gmapping in term of map quality.
Cartographer, on the other hand, is suitable for post-processing of prerecorded data thanks to its parameters
flexibility or it can be used in autonomous exploration when the environment is well-known.
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