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Abstract—We present a methodology for exploration in 3D
indoor environments with a computation and payload constrained
micro-aerial vehicle (MAV). We propose a stochastic differential
equation-based exploration strategy, discuss the details of the
approach, and provide experimental results demonstrating the
successful application of these methods on an aerial vehicle able
to explore multi-floor buildings.

I. INTRODUCTION

In this extended abstract1, we present a methodology for
exploration in three-dimensional indoor environments with
a computation and payload constrained micro-aerial vehicle
(MAV). We consider the problem of autonomous exploration
as consisting of two parts: (1) the definition of regions that,
when visited, spatially extend the current environment model,
and (2) autonomous navigation to those regions, including
mapping, localization, planning, and control. As computation
and payload limitations on our MAV restrict the onboard
processing and sensing options, we pursue a methodology for
identifying regions for further exploration that is amenable to
the system limitations. Given a sparsely sampled representa-
tion of the unoccupied space, we employ stochastic processes
to identify regions that extend the unoccupied space into un-
explored space. Autonomous navigation to these information
frontiers yields a fully autonomous exploration strategy in
complex three-dimensional indoor environments.

Exploration is a classic problem in the field of mobile
robotics and relevant to applications that require a robot to
autonomously navigate through unknown environments. The
two-part definition above is consistent with traditional explo-
ration approaches such as entropy-, frontier-, and information
gain-based exploration [2, 3]. These strategies define locations
in the map that, if visited by the robot, reduce environment
uncertainty and guide the exploration process. While these
approaches are effective in two dimensions (e.g. [4, 5]),
the naive extension of these methods to three dimensions
introduces several challenges when considering systems with
limited computational speed and memory. Frontier-based ex-
ploration approaches generally compute exploration frontiers
as the discrete boundary between the certain and uncertain
regions of the current environment estimate. Thus, given a
dense occupancy grid representation of the world, such a
computation requires both known (occupied and unoccupied)

1The full version of this extended abstract is currently under review [1].

Fig. 1. The experimental platform with onboard computation (1.6 GHz Atom
processor) and sensing (laser scanner, Microsoft Kinect, and IMU).

and unknown cells in the map. Entropy- and information gain-
based methods compute regions that reduce map uncertainty
by considering the information currently available in the map
paired with the probability of reducing the uncertainty in the
map through sensing in unexplored regions. In both cases, the
computation and memory requirements become prohibitively
expensive on constrained systems when considering three-
dimensional environments and the dense representation of
unoccupied space as the map grows in size.

When exploring an unknown or partially known environ-
ment, it is necessary to develop an algorithm that generates,
at each step, desired goal positions and orientations for the
robot in order to acquire new information and ensure that the
sequence of data acquisition steps results in the environment
being mapped completely. Of course, it is difficult to guar-
antee coverage except in very simple environments. Success-
ful attempts to solve 2D exploration in indoor and outdoor
environments have been developed based on the concept of
frontier regions [6]. This concept is hard to implement in three
dimensions primarily because of the difficulty in representing
three-dimensional environments on a processor with compu-
tational constraints and limited field-of-view sensors. Instead
we pursue an algorithm that finds feasible (reachable) goal
positions and orientations in new regions of the environment.

The central idea in our work is to seed particles that
represent desired positions and orientations in regions that
are known to be unoccupied and subject them to forces that
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cause them to move toward unexplored areas. In particular,
we use models commonly used in molecular dynamics where
Langevin dynamics is used to model the mass and damping of
the particle and a temperature-dependent stationary Gaussian
noise, but inter-particle interactions are considered to be negli-
gible. The particles live in a world with such rigid obstacles as
walls that have been detected by the robot. When the inertial
forces are small compared to the damping forces and the noise
term, we get Brownian motion. The seeded particles disperse
over time, bouncing off known walls in the map obeying
the laws of frictionless, elastic impact. After a sufficiently
long time (which depends on the time scales of the Langevin
dynamics), the particles will enter areas that are unknown
providing candidate goal positions for the robot to explore. As
the resulting motion is governed by a stochastic differential
equation, we call this algorithm the Stochastic Differential
Equation-based Exploration (SDEE) algorithm.

We begin by discussing the SDEE algorithm and method-
ology for defining information frontiers. After identifying re-
gions for further exploration, we employ the methods proposed
in our prior work [7], to autonomously localize, plan, map,
and control through multiple story buildings. An experimental
evaluation of the methods proposed in this paper to enable
multi-floor autonomous exploration is provided in Sect. II.

II. EXPERIMENTAL RESULTS

A. Experiment Design and Implementation Details

We present two experiments to demostrate the performance
of the proposed algorithm in 3D indoor environments: (1)
a single floor exploration in the hallway of a building; (2)
a full 3D exploration in a unstructured multi-floor indoor
environment.

The robot platform is sold by Ascending Technologies,
GmbH [10] and equipped with an IMU (accelerometer, gy-
roscope, magnetometer) and pressure sensor. We developed
custom firmware to run at the embedded level to address
feedback control and estimation requirements. The other com-
putation unit onboard is a 1.6GHz Atom processor with 1GB
of RAM. The sensors on the robot include a Hokuyo UTM-
30LX (laser), and a Microsoft Kinect sensor. A custom 3D
printed mount is attached to the laser that houses mirrors
pointing upward and downward Communication with the robot
for monitoring experiment progress is via 802.11n or 802.11s
networking. Figure 1 shows a picture of our robot platform.
All algorithm development is in C++ using ROS [11] as the
interfacing robotics middleware. The experiment environment
includes two buildings in the School of Engineering and
Applied Science at the University of Pennsylvania. In all
experiments, the robot starts without any knowledge of the
environment and operates fully autonomously without any
human interaction. We bound the total size of the environment
in order to ensure mission completion within the battery life
of the robot.

B. Exploration of a Single Floor Hallway

In this experiment, the robot explores a single floor hallway.
Figure 2 shows the intermediate stages of the exploration
process. Goals are shown in large dots in the map. The robot
continuously explores and gather information as it traverses
the length of the hallway. This experiment requires the full
lifetime of the battery and results in a complete map of the
environment, including a dense covering of all vertical walls,
floors, and ceilings, as shown in Fig. 2(h).

C. Exploration of a Multi-floor Building

In this experiment, the robot operates in an unstructured
lobby of a multi-floor building, where there are several vertical
spaces for the robot to explore. Figure 3 shows the intermedi-
ate stages of the exploration process. We can see the goals that
lead the robot to first finish the exploration of the first floor
(within the boundary), and then try to explore the vertical
direction.

Figure 3(h) shows the full 3D map created by the robot
after exploration. Despite the fact that the ceiling height
exceeds four meters, the proposed algorithm successfully finds
exploration goals that guide the robot to sense the high ceiling
area, resulting in full coverage of the ceiling and open spaces
leading to the next floor.

III. CONCLUSION

In this extended abstract, we overview a stochastic
differential-equation based exploration algorithm to enable
exploration in 3D indoor environments with a computationally
constrained MAV. We discuss at a high-level the algorithm and
its application on a computationally constrainted platform. The
performance of the approach is demostrated by experimental
results in single- and multi-floor indoor experiments. A full
version of this work with complete details is currently under
review [1].
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Fig. 2. Exploration of a single floor hallway (Figs. 2(a)-2(a)) and visualization of the map, SDEE goals (red spheres), and sensor information (Figs. 2(e)-2(h)).
Videos of the experiments are available at http://mrsl.grasp.upenn.edu/shaojie/IROS2011.mov.
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Fig. 3. Exploration of a multi-floor building with online data visualization.
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