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Abstract

Reactive architectures have gain wide acceptance as a
robust and effective architecture design that yields re-
sults through the flexibility of its simplicity. Such ar-
chitectures have made their way into many commercial
products, including the popular iRobot Roomba vacuum
cleaner. The existing reactive architecture does not al-
ways produce results efficiently and by adding mapping
functions and planning to the existing hardware clean-
ing can be improved without adding expensive hardware
that would drive up the cost of the cheap, efficient Room-
bas. Data points are gathered during normal cleaning
runs and later used to probabilistically estimate a map
of the cleaning space. The mapping space is then tested
by directing the Roomba to move to a remote position in
the cleaning space.

1 Introduction

Simple robots with a reactive architecture are currently
the best available technology to meet the needs of a
nascent market for commercial robots. Commercial
robots must meet market needs for robustness, simplicity
of operation and cost as well as the technical challenges
of autonomous operation in the real world. iRobot has
offered a series of simple, autonomous cleaning robots
for the home and the Roomba is the most popular of all
its products. The Roomba relies on a very simple, reac-
tive architecture to vacuum the home of its user through
the use of impact sensors and limited use of infrared sen-
sors. iRobot’s Roomba does not use any planning or
mapping as part of its cleaning protocols. If mapping and
planning abilities could be added to these simple robots
their cleaning abilities could be expanded and cleaning
improved. Vacuuming could be accomplished in less
time or more thoroughly. By gathering movement data
from the Roomba, a map of the path that had been trav-
elled during the vacuuming process was created. With a

map available, it was possible for the Roomba to travel
a direct path to a destination that was explicitly called
out by the user within its probabilistically mapped space.
This directed travel could be further expanded to enable
more thorough cleaning of a home by intentionally mov-
ing into spaces that are remotely positioned from the
Roomba’s charging base.

2 Related Work

Different researchers have attempted to make improve-
ments to the cleaning abilities of the Roomba since its
introduction in 2002 [3]. The iRobot cooperation has
encouraged this experimentation and creativity with its
robots, even creating development platform versions of
its simple cleaning design. Attempts have been to intro-
duce human-aided planning into the coverage algorithm.
One attempt, by Kim, Kim and Kim [2] used existing
hardware, which is a good comparison to our own exper-
imental efforts. Introduction of navigational waypoints
has been shown to produce better, more thorough cover-
age in less time. A human user selected starting points
for the Roomba to move towards in partitioned areas of
the cleaning space. This waypoint selection significantly
improved the Roomba’s performance over its own ran-
dom walk. This work was done in simulation though
and has obvious limitations. This testing does not re-
veal the extent of improvement that might be found in a
real environment filled with complex obstacles and ter-
rain variations. Further, these improvements require a
human user inputs and gains created in cleaning perfor-
mance would probably be offset by frustration and user
anxiety as owners have to program and interface with
their vacuums. The simplicity of the Roomba’s opera-
tion is a key selling point with the public and alterations
to operation that increase complexity from the owner’s
perspective may be met with resistance. Mapping ef-
forts by Rodriguez-Losada, Matia, Jimenez and Galan
using SLAM were also reviewed [1]. SLAM faces issues
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with indoor mapping due to difficulties with pose and po-
sition estimation and so extended Kalman filtering was
used as a measure to correct the irregularities associated
with these estimation errors. The intentional limitation
to proprioceptive sensors sets up challenging scenarios
those are certainly worth studying because of the num-
ber of real-world activities that require proprioceptive
sensing of an environment without any absolute reckon-
ing. Our efforts were focused on improvements to a spe-
cific product and robotic system though and the simple
sensors available on the Roomba might not be capable
of the detail necessary for the mapping algorithms used
in these experiments. The discussion about global map
divergence could provide insight into difficulties fusing
sensor maps from different runs of the Roomba through
the cleaning space. As newer maps are added to the map-
ping space how to relate this data to older maps and use
it is an important question. Newer data should not just
supplant older data, but the maps should be incorporated
together to make the map more reliable and detailed.

3 Methods

A wireless Bluetooth connection allows for polling of
data from the Roomba. Encoder data can be turned into
information about the location information. This infor-
mation can be used to create a map of the path that
the Roomba has travelled while vacuuming. Roomba
vacuum cleaners come reequipped with firmware that
records movement data for wheel encoders as well as
the status of Roomba. Our wireless connection retrieves
data for distance moved, stall status, change in rotational
angle, and the status of the impact sensor. This impact
sensor toggles more quickly than the Bluetooth is polled
so this sensor does not ever ”appear” to be on. This data
is recorded by the Roomba during the regular cleaning
cycle at a frequency of 66.6 Hz. The Bluetooth model
polls this data as quickly as possible given the latency
involved with communicating between the Roomba and
the computer. It is estimated that the latency effects of
the Bluetooth module allow for the movement data to be
gathered at a rate of 6 to 7 Hz. When the cleaning cycle
is concluded and the Roomba returns to its home base
to charge its batteries and all the data from the cleaning
run is stored. The data that the Roomba returns for the
change of rotational angle is provided in degrees, but is
truncated. This can lead to significant error compound-
ing, especially during slow turns. As a result, it was nec-
essary to gather data directly from the encoders and pro-
cess it to determine the angle that the Roomba was turn-
ing. All of the discrete data points gathered while vacu-
uming are plotted and mapped. Map points gathered dur-
ing previous cleaning runs around the environment are
used to create probabilistic maps of the cleaning space

using Gaussian approximations of the space. The data
points are reduced to 10 percent of their original value.
This is done to create continuous lines for the path. Raw
position data returned from the Roomba results in gaps
spread across the cleaning space. Since, the project does
not need to track the path so precisely the condensed data
is sufficient for mapping the environment. The mapping
concludes that areas that have a high density of points is
likely to be free space and that low density of position
points are likely to be walls or the space beyond them.
A probabilistic approximation is then made around each
point using a sigma value. The corners of the map, the
extrema, are updated as well if necessary to expand the
boundaries of the map as data points are added.

Figure 1: Probabilistic Map created by Gaussian expan-
sion of real data gathered during one cleaning run.

These maps are then used as the basis for planning a
path from selected starting point, the home base to the se-
lected end point, the most uncovered areas in apartment.
An example path is show below in Figure 2. The path
planning works by selecting points that are near neigh-
bors and linking them together to form a path to the se-
lected end point. This methodolgy does not create the
most efficient route from the start point to the end point,
but does create an effective path.

4 Experiments

Experimental results of five different test runs resulted in
probabilistic maps built of the test apartment. The wider,
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Figure 2: A planned route through the apartment.

brighter areas of the maps below in Figure ?? represent
areas receiving more coverage during the random-walk
cleaning cycles of the data gathering process. The path
planning algorithms overlays the mapped space and com-
pares it to the floor layout of the apartment. This com-
parison is then searched for the area of highest untrav-
eled space during the Roomba’s previous runs. This area
is considered to be poorly explored, or cleaned, and is
in need of a more direct approach. This algorithm en-
ables the Roomba to effectively search for areas that it
has not found during its random-walk cleaning cycles
and improve its cleaning coverage. This method of cov-
erage improvement is superior to the human-aided cover-
age improvement studied previously because it does not
impose any additional burdens upon the user.

Figure 3: Three probabilistic floor maps of the Test
Apartment

5 Analysis

The Roomba’s ability to learn about its environment was
added to a stock Roomba. Through the use of data
gathered from unmodified trial runs using the prepro-
grammed subsumption architecture the Roomba was able
to build a map of its environment without any additional
sensors. Use of the data provided by the Roomba dur-
ing a cleaning cycle for map generation was proven to be
reasonably effective. The lack of small changes in trajec-
tory limited the effects of truncation error. This error was
further mitigated by the addition of half a degree added
to each reported measurement (which assumed a sym-
metric distribution of fractional degrees prior to trunca-
tion). The Roomba was able to determine which parts
of free space it was not covering adequately and cre-
ate new abilities to purposefully travel to those areas of
free space. Due to limits in the sampling rate we could
achieve with the Bluetooth wireless link it was necessary
to drive the robot slowly. At low speeds truncation error
quickly becomes a dominating factor. Thus while a map
could be generated, a target cleaning point selected, and
a path plan created to reach that point, actually executing
this plan was impossible. The robot would either col-
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Figure 4: Floor plan of the Test Apartment

lide with walls because the low sampling rate prevented it
from being able to make a necessary course correction, or
the Roomba would become effectively lost due to over-
whelming error. Without reliable localization any path
generated is effectively meaningless. Attempting to use
this data to reliably navigate the robot to a given point,
however, presented sufficient difficulty that it made true
evaluation of the cleaning performance impossible.

6 Discussion

The ability to sample and control the robot at a higher
frequency would likely allow reliable execution of clean-
ing plans. While the Roomba does offer a high frequency
sampling mode, this mode was not available given this
experimental setup. The Bluetooth serial module used
to communicate with the robot had very limited buffer
space. Additionally, the Bluetooth module must occa-
sionally wait to transmit. The Roomba’s fixed sampling
rate of 66Hz overwhelms this buffer almost immediately
when one of these waits occurs. These facts, combined
with the bugginess of the module itself (when it is receiv-
ing a constant transmission from the robot side it refuses
to accept new incoming Bluetooth connections) forced us
into utilizing a polling method which, in addition to un-
reliable latency, only permitted us to sample at between 6
and 7Hz. Executing a planned path is the basis for deter-

mining whether or not the movement data gathered and
the map built upon this data is useful for improving the
cleaning movements of the Roomba. If the Roomba can
be directed from room to room using a map of its own
construction then further improvements to the Roomba
could direct a learning algorithm to find rooms and then
travel to them more directly during the cleaning activi-
ties. Thus far, the simple mapping efforts selected in this
experiment have proven too error prone to sufficiently
contribute planning to improve upon the subsumption ar-
chitecture of the Roomba.
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