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Abstract

In this paper, we describe development of a mobile robot which does unsupervised learning for recognizing an environment
from action sequences. We call this novel recognition approach action-based environment modeling (AEM). Most studies
on recognizing an environment have tried to build precise geometric maps with high sensitive and global sensors. However
such precise and global information may be hardly obtained in a real environment, and may be unnecessary to recognize
an environment. Furthermore unsupervised-learning is necessary for recognition in an unknown environment without help
of a teacher. Thus we attempt to build a mobile robot which does unsupervised-learning to recognize environments with
low sensitive and local sensors. The mobile robot is behavior-based and does wall-following in enclosures (calledrooms).
Then the sequences of actions executed in each room are transformed into environment vectors for self-organizing maps.
Learning without a teacher is done, and the robot becomes able to identify rooms. Moreover, we develop a method to identify
environments independent of a start point using a partial sequence. We have fully implemented the system with a real mobile
robot, and made experiments for evaluating the ability. As a result, we found out that the environment recognition was done
well and our method was adaptive to noisy environments.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

In robotics research, most studies on recognizing an
environment like occupancy grids have tried to build
a precise geometric map with high sensitive sensors
[1–5]. In general, since information obtained by a mo-
bile robot is significantly restricted, the robot needs to
integrate the fractions of information for modeling the
whole environment based on the absolute coordinate
gained by such dead reckoning.

However, a simple mobile robot only with low sen-
sitive and local sensors, like infrared proximity sen-
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sors, can not integrate such partial information on an
environment. Because cumulative error increases and
localization in the absolute coordinate is very hard.
Many natural agents like animals, insects recognize
their environments only with low sensitive sensors,
and a geometric map may not be necessary for a simple
and important task like recognition of an environment.
Furthermore, in view of engineering, it is worthful to
develop a simple mobile robot which is able to recog-
nize environments only with inexpensive sensors. In
many real environments like a room without light, the
global information may not be obtained by computer
vision.

Moreover, since a mobile robot should be adaptive
to unknown environments without help of a teacher,
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it needs to learn to recognize new environments by
itself. Thus unsupervised learning is necessary.

Hence, we attempt to build a mobile robot which
does unsupervised-learning to recognize environ-
ments with low sensitive and local sensors[6,7]. The
robot is behavior-based and does wall-following in
enclosures. Then the sequences of actions executed in
each enclosure are obtained. The action sequences are
transformed into real-value vectors, and inputted to
a Kohonen’s self-organizing maps (SOM). Learning
without a teacher is done and a mobile robot becomes
able to identify the enclosures. Since we carefully
define transformation from an action sequence into
an input vector and SOM works well for generalizing
input vectors, the learned network is robust against
noise like obstacles. Furthermore, for more robust
recognition, we develop a method to identify envi-
ronments independent of a start point using a partial
action sequence. In this paper, we call an enclosure,
which a robot tries to recognize, aroom. We call
our approach of environment modeling action-based
environment modeling (AEM).

We have fully implemented the system using a real
mobile robot with infrared proximity sensors. For eval-
uating our approach, we made experiments including
environments with obstacles as noise. As a result, we
found out the environment recognition was done well
and our method was adaptive to noisy environments.

ThoughAEM needs actions by a robot in an envi-
ronment, it has advantages in many situations like the
following.

• Environments without rich information: For exam-
ple, though a computer vision system is useful for
environment recognition with global information, it
is not available in environments without light, ob-
jects with visual features and so on.AEM is applica-
ble to such environments without rich information
because it needs only action sequences executed us-
ing a low-level sensors like a proximity sensor.

• Robots without sensitive sensor: SinceAEM does
not need sensitive sensors for global and accurate in-
formation of an environment, it is suitable to robots
having only low-sensitive and inexpensive sensors.

Nehmzow and Smithers studied on recognizing
corners in a simple environment with SOM[8,9].
Furthermore, Smart and Hallam discussed the sim-
ilarity between localization of a rat and their robot

by making additional experiments[10]. They used
direction-duration pairs, which indicate the length of
walls and shapes (convex or concave) of past cor-
ners, as an input vector to SOM. After learning, the
SOM becomes able to identify corners. However,
the transformation from raw data to input vectors is
significantly sensitive to noise like small obstacles.
We propose another transformation which maintains
better topology than their one. Furthermore we ex-
perimentally evaluate robustness of our method to
obstacles.

Mataric represented an environment using automata
consisting landmarks as nodes[11]. Though the rep-
resentation is more robust than a geometric one, a mo-
bile robot must segment raw data into landmarks and
identify them. The segmentation and identification of
landmarks is difficult for a robot only with low sen-
sitive and local sensors. Thus, though the approach is
similar to ours, it is not suitable for our purpose.

Tsuji and Li have done excellent studies on
vision-based memorizing route scenes[12]. A mobile
robot stores qualitative panoramic representation, and
locates itself in the route by matching the memo-
rized representation to that of the incoming scenes.
If a robot has a vision system, their approach will
be valid. However, a robot may not have such an ex-
pensive and global sensing system. Hence, we need
to build the robot which recognizes the environment
only with local sensors.

Kato studied segmentation of an environment us-
ing statistics on action sequences[13]. A mobile robot
does random walk which was modified to cover wide
region, and action sequences are obtained. Their ap-
proach is similar toAEM in utilizing action sequences.
However, their aim is segmentation, and it is different
from ours. Also, since their method needs very large
number of actions, the implementation on a real mo-
bile robot is hard. In contrast with it, our approach is
fully implemented on a real mobile robot and various
experiments are made with it.

Nakamura et al. proposed environment modeling
using a sequence of sensed data obtained through ac-
tion executions instead of action sequences[14]. A
mobile robot executes an obstacle-avoidance behavior
and a sequence of data sensed by a sonar-ring. Local
structures are extracted by principal component analy-
sis, and a global map is build by integrating them. Un-
fortunately, it is difficult to distinguish different rooms
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only in shape using their approach.AEM makes a mo-
bile robot to distinguish such rooms.

Ordinary use of SOM in robotics is just classifica-
tion of raw input data[15]. In such applications, the
raw sensor data are directly inputted to SOM for com-
pressing information. In contrast with such studies, in
our research, the output of SOM directly indicates a
particular room. Thus, we need to carefully define the
transformation from a action sequence into an input
vector so that SOM may classify input data into rooms
well. The design of the transformation is a difficult
and significant problem which does not occur in such
straightforward applications.

2. Action-based environment modeling: AEM

In this paper, we consider itenvironment recognition
that a mobile robot identifies an environment in which
it acted previously. We assume segmentation of each
environment have been done. Our purpose is to de-
velop a simple mobile robot which is able to recognize
environments only with imprecise and local sensors.
To achieve this purpose, we can not use methods to
build a geometrical map by integrating locally sensed
information based on absolute coordinate[1–5].
Because a cumulative error significantly increases
and localization in the absolute coordinate is very
hard.

Hence, robust environment recognition method only
with local and imprecise sensing is necessary. We pro-
pose a novel method that a robot acts by executing
behaviors depending on environmental structure and
models the environment using a sequence of executed
actions[6,7]. By designing robust behaviors against
sensing noise, an action sequence is utilized as abstract
description on an environment. We call this approach
AEM.

The basic idea ofAEM is that a robot models an
environment using not sensed data, but a sequence
of executed actions. The overview ofAEM is shown
in Fig. 1. It is consisting of two phases: atraining
phaseand atest phase. In a training phase (Fig. 1(a)),
a behavior-based mobile robot[16] goes around in
each room (called atraining environment), which it
should recognize, by executing wall-following behav-
ior, and the sequence of executed actions (called an
action sequence) is obtained. For each room, a sin-

(a) Training phase (b) Test phase
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Fig. 1. AEM overview.

gle action sequence is obtained at least. Note that an
action sequence is different from a sequence of exe-
cuted behaviors. In general, a behavior is a rule: IF
condition on sensed data THEN action, thus differ-
ent behaviors may have the same action in the THEN
part.

Next the action sequences (symbol lists) are trans-
formed into the environment vectors, and they are
given to Kohonen’s SOM as input. There is no
teacher giving the correspondence from input vectors
to rooms. Unsupervised learning is done on the SOM
using the Kohonen’s learning rules. The set of envi-
ronment vectors are repeatedly given to the SOM, and
learning progresses. After learning, a winner node
indicates one of the rooms in which the robot did
wall-following.

After a training phase, a robot goes into a test phase
(Fig. 1(b)). A test environment, which is one of training
environments, is given to a mobile robot, and it does
wall-following in the same way to a training phase.
An action sequence is obtained and the environment
vector is generated from it. The environment vector is
input into learned SOM, and the test environment is
identified with one of training environments by inves-
tigating the winner node on the input. Then environ-
ment recognition is done. The detail of the procedures
will be mentioned later.
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3. Wall-following by a behavior-based mobile
robot

A mobile robot used in our research is shown in
Fig. 2. It is designed for micro-mouse competition
by Japan System Design Co. Ltd., and the size is
100 mm (W) × 165 mm (D) × 135 mm (H).

3.1. Sensors and actuators

The mobile robot has four infrared proximity sen-
sors: two in front direction and other two in left and
right direction on the both sides (Fig. 3). These sen-
sors can sense obstacles within only 15 cm, and the
sensed values are imprecise. Thus, this is considered
a mobile robot, only with imprecise and local sensors,
for which we attempt to develop AEM. Only two sen-
sors on the left side are actually used for detecting a
wall since the wall-following is fixed clockwise. The

Fig. 2. A mobile robot.

Fig. 3. Sensors and actuators (top view).

mobile robot also has an orientation sensor for steer-
ing a robot and an encoder for measuring movement
distance roughly.

The four wheels of a mobile robot are shown in
Fig. 3. The actuators consists of two stepping mo-
tors for driving left and right wheels independently
and a dc motor for front and rear steering wheels
(Fig. 3).

Also a mobile robot has CPU and DOS-like OS, and
we can do programming to control it. The program-
ming is done in a host PC and the program is loaded
into a mobile robot through RS232C serial communi-
cation.

3.2. Behavior-based approach

Since the mobile robot needs to do wall-following
even in a room where some obstacles exist, we use
the behavior-based approach [16] which is known
robust against the change of an environment. The
behavior-based approach also can control a robot with
low sensitive sensors, and have the advantage that
the action sequence is invariant even when the geo-
metric movement history of the mobile robot varies
a little. In AEM, a behavior is described by a reac-
tive rule: IF sensing conditionTHEN action, where
an sensing condition can be directly checked on
sensed values and an action can be executed by mo-
tor commands. The architecture of a behavior-based
mobile robot is shown in Fig. 4. Sensed data are
parallel input to behaviors and the sensing condi-
tions are checked. Then an adequate rule is selected
from applicable rules, and executed. A cycle of rule
execution and sensing an environment is repeated
quickly.

Behavior-based mobile robot

IF sensing cond. 1 THEN action1

Behaviors

Sensor
value

Exe-
cution .  .  . 

IF sensing cond. 2 THEN action2
IF sensing cond. 3 THEN action3

Fig. 4. A behavior-based mobile robot.
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3.3. Wall-following

In this study, we assume rooms are distinctive in
wall shape. Thus an action sequence needs to be char-
acterized by the wall shape. For example, if a mo-
bile robot does random-walk in rooms, the action se-
quences are very similar each other and environment
recognition is hard. Hence we use wall-following be-
havior for AEM. When a robot returns into neighbor-
hood of a start point, it stops.

Using an action sequence by wall-following, we can
approximately estimate the size of a room, strictly the
length of the wall, and information on the positions of
corners is also acquired by designing behaviors corre-
sponding to a corner.

We use four behaviors in the following for
wall-following. The behaviors are periodically exe-
cuted, and the mobile robot constantly goes forward.
The steering is done relatively with current moving
direction, and a robot follows a wall clockwise.

• Behavior-A (turning in a concave corner): If an
obstacle within 10 cm in the front and within 10 cm
on the left then turning 40 clockwise there. See
Fig. 5(a).

• Behavior-B (turning in a convex corner): If no ob-
stacle within 5 cm on the left and the right, and

Fig. 5. Behavior A, B, C, D.

within 10 cm in the left front then turning 40 coun-
terclockwise there. See Fig. 5(b).

• Behavior-C (leaving a wall): If an obstacle within
5 cm on the left then steering 13.5 clockwise. See
Fig. 5(c).

• Behavior-D (getting close to a wall): If no obstacle
within 5 cm on the left and an obstacle within 10 cm
in the left front then steering 13.5 counterclockwise.
See Fig. 5(d).

We experimentally verified that a mobile robot
turned well at corners by executing the behavior A
or B and followed a wall by executing the behavior
C and D in turns. Although the above behaviors are
very simple, a mobile robot is controlled well and
smoothly follows walls.

4. Generating environment vectors

An action sequence is considered to describe the
structure of the environment. Thus, we can transform
it into a vector, input the vector to SOM and the SOM
is able to classify different rooms in shape. We call
the vector an environment vector.

4.1. Transformation from an action sequence into
an environment vector

Since a robot should be adaptive to unknown
environments in which no other agents help it, it
needs unsupervised-learning. Hence we introduce
Kohonen’s SOM for identifying rooms. The action
sequence is a list of symbols, thus we need to trans-
form it into a real-valued vector as input to SOM.
Since SOM just classifies input vectors as keeping
topology among them, the transformation of environ-
ment vectors should have carefully designed for good
results. Furthermore, such a transformation needs to
be robust against noise.

For satisfying preconditions above, we develop the
following behavior to input-vector (BI)-transformation.
Given an action sequence: [r1, r2, . . . , rn] (ri ∈
{A, B, C, D}) and a environment vector: I =
(v0, v1, v2, . . . , vm) (n ≤ m) the values of I

are obtained using the following procedure. This
BI-transformation is an improved version of chain
coding (or a turning function) [17] by using relative
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rotation and invariant vector dimension rules for be-
havior C and D. If C and D increase vector dimension,
more corners make more dimensions independently
of the length of a wall and precise identification is
hard. Hence, we add the invariant rules.

4.1.1. BI-transformation

(1) Initialize i = j = 1, v0 = v1 = · · · = vm = 0.
(2) If i > n, finish with output I = (v0, · · · , vm).
(3) If ri = A, set vj−1 = vj−1 + 0.5, i = i + 1 and

go to step (2).
(4) If ri = B, set vj−1 = vj−1 − 0.5, i = i + 1 and

go to step (2).
(5) If ri = C or ri = D, set vj = vj−1, i = i + 1,

j = j + 1 and go to step (2).

To explain the BI-transformation above, we show
Fig. 6 standing for an environment (room), trajec-
tory of a mobile robot, an action sequence and an
environment vector generated from it. In a graph of
an environment vector, x-axis and y-axis indicate the
dimension and value of an environment vector, re-
spectively. Also the number of actions is n = 28, and
the dimension is set as m = 30. First all the values are
initialize as v0 = v1 = · · · = v30 = 0. Next the vector
value is determined depending on an action r. Note

Fig. 6. An environment vector.

that at step (3) or (4), the value increases or decreases
because behavior A or B turns a mobile robot signifi-
cantly, however the vector dimension j is not changed.
In contrast with this, at step (5), the value is not
changed and only dimension is increased. Hence the
dimension of non-zero part of an environment vector
(14 in Fig. 6) is less than the length of an action se-
quence. When the procedure is stopped at step (2), the
remained vector value is left as zero, and the environ-
ment vector is output. Thus BI-transformation makes
the dimension of a non-zero part of the environment
vector indicate the length of a single side of a room.

In Fig. 6, a region in which the same vector value
keeps correspond to a single side of a room and the
change of value indicates the existence of a corner.
Concretely, in Fig. 6, dimension 0–1, 2–3, 4–5, 6–7,
8–9, 10–13, 14–16 correspond to sides of a room and
the changes of value in dimension 1–2, 3–4, 5–6, 7–8,
9–10, 13–14 correspond to corners of a room. The in-
creasing change and the decreasing change correspond
to a concave corner and a convex corner, respectively.
See Fig. 11 for examples of environment vectors ob-
tained through the experiments.

4.2. Influence of obstacles to an environment
vector

We explain the robustness of BI-transformation us-
ing an example shown in Fig. 7. The trajectory of a
mobile robot and an environment vector from the ac-
tion sequences are indicated in Fig. 7. Fig. 7(a) stands
for a room without obstacle and Fig. 7(b) stands for

(a) No obstacle

(b) One obstacle

Fig. 7. Robustness of BI-transformation.
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the same room including a obstacle on a wall. Thus,
the mobile robot should identify them as the same one.
The transformation needs to be defined so that the dis-
tance between the two environment vectors may be
small. Using the BI-transformation results in the en-
vironment vectors as Fig. 7. The size of shaded areas
in Fig. 7(b) indicates the distance, and it is relatively
small.

Note that environment vector representation is more
robust than symbol-based representation of an envi-
ronment. If a robot uses more rigid transformation in
which an environment vector is described with sym-
bols of the length of walls, shapes (convex or con-
cave) of past corners [8], noise by obstacles may make
the distance significantly large. For example, consider
symbol-based transformation for modeling an envi-
ronment by using convex corner (VC), concave corner
(CC), long wall (LW) and short wall (SW). By us-
ing this transformation, a symbol sequence [LW, CC,
LW, CC, LW] is obtained from Fig. 7(a), and a sym-
bol sequence [LW, CC, SW, CC, SW, VC, SW, VC,
SW, CC, SW, CC, LW] is obtained from Fig. 7(b).
Obviously, these two symbol sequences are quite dif-
ferent using a simple symbol-based matching method.
Hence, we consider BI-transformation is robust, and
the effectiveness will be experimentally verified.

5. Environment recognition using SOM

5.1. SOM: self-organizing maps

In this section, we briefly explain Kohonen’s SOM
[18]. It clusters large dimensional input vectors by
mapping them to small discrete vectors, and is used
widely in pattern recognition and robotics. SOM is a
two-layered network consisting of an input layer and a
competitive layer (Fig. 8). Any input node is linked to
all competitive nodes, and all links have weights. As
an input vector is given, input nodes have values cor-
responding to the input vector, and competitive nodes
has values which stand for the distance between their
weights and the input vector. A winner node having
the minimum distance is determined, and weights of
the winner node’s neighbor nodes are updated.

Let an input vector and weights of links from
all input nodes to a competitive node ui be I =

. . . 

Input layer

Competitive
layer

Input vector

Node-1 Node-2 Node-n

              ( v   ,   v   ,  . . . ,      v   )1 2 n

Winner node

Fig. 8. The structure of SOM.

[v1, v2, . . . , vn] and U i = [ui1, ui2, . . . , uin], respec-
tively. First SOM computes the Euclidean distance
between the input vector and competitive nodes. The
distance is computed with the equation: ||I − U i|| =√∑

j (vj − uij)2.

After a winner node with the minimum distance is
determined, the weights of winner node’s neighbor
nodes are updated. The neighborhood is defined de-
pending on the dimension of a competitive layer. If a
competitive layer is two dimensional, a square having
the winner node as the center is used as neighborhood.
For example, in Fig. 8, the shaded neighbor nodes are
determined in a minimal square with the black win-
ner node as the center. The equation for updating the
weights of neighbors is shown in the following, where
α is a learning rate and unew

ij means an updated weigh

from uold
ij .

unew
ij = uold

ij + �uij

�uij =
{

α(vj − uij), i is neighbor

0, otherwise

Update of the weights is done whenever a input vec-
tor is given. The learning rate and the size of the win-
ner node’s neighborhood is usually decreased as the
learning progresses. The learning is finished when no
update is done.

5.2. Identification in a test-phase

When learning begins to converge, the particular
nodes become winner nodes frequently. We consider
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the winner nodes correspond to rooms, and call them
r-nodes. Hence, the number of r-nodes is equal to
the number of rooms recognized by a robot. In a test
phase, at every time a test environment vector is given,
a winner node of r-nodes is determined. We consider
the winner r-node corresponds to a room in which the
environment vector was obtained. In general, though
the number of the learning iterations is very large, the
identification in a test phase is very fast because it just
needs to compute of distance between the environment
vectors and r-nodes.

6. Utilizing a partial action sequence

With the method mentioned thus far, a mobile robot
needs to completely go around in a room for envi-
ronment recognition. However, if even a partial action
sequence includes unique character, the environment
recognition may be possible with it. Thus, we develop
a method for recognizing environments with a partial
action sequence like the following. The basic idea is
that we use a environment vector which is shifted so
that the longest wall may be positioned in the head
and identify a room using threshold for similarity.

• A training phase.
Learning with SOM is done using complete ac-

tion sequences which are so that the longest wall
may be positioned in the head.

• A test phase.

(1) A partial action sequence is incrementally ob-
tained. An environment vector is generated by
BI-transformation whenever the corner is de-
tected. Find the longest wall region in an envi-
ronment vector, and generate a partial environ-
ment vector by shifting the vector so that the
longest wall region may be positioned in the
head.

(2) Compute the distance between the partial envi-
ronment vector and r-node’s weight.

(3) If the distance is less than a threshold ξ, output
the room corresponding to the r-node and this
procedure stops. Otherwise go to step (1).

Using procedures above, wall-following may start
at an arbitrary position near a wall. It is significant
how to determine the threshold ξ. We determine it ex-

perimentally because of no analytical way. Since the
execution of a partial action sequence is more inexpen-
sive than that of a complete one, the above procedure
makes the environment recognition more efficient.

7. Experiments

7.1. Setting and methods

Using the mobile robot mentioned earlier, we made
experiments for evaluating the utility of AEM. The
system consists of a mobile robot and an IBM-PC/AT
PC (Pentium 133 MHz, 128M RAM) as a host com-
puter. All programming was done on the host com-
puter using C++. The program of wall-following was
down-loaded into a mobile robot through RS232C
interface, and a robot autonomously followed walls.
After wall-following, the action sequences were sent
to the host computer and the learning by SOM was
done there.

We built different rooms in shape with 13 cm height
white plastic boards. Fig. 9 shows the scene that a
mobile robot was doing wall-following. The robot
stopped when it returns near a start point. It recog-
nized the start location by dead reckoning using an
orientation sensor and an encoder.

In a training phase, a mobile robot did wall-following
one time for each of N rooms, and N action se-
quences and environment vectors were obtained in
total. The N environment vectors were repeatedly in-
put to SOM as input vectors in fixed order, and the

Fig. 9. Experimental environments.
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SOM learned. Then, in a test phase, a mobile robot
did wall-following five times for each of N rooms,
and 5 × N action sequences and environment vectors
were obtained in total. A set of the 5×N environment
vectors was input to the learned SOM as test environ-
ments and environment recognition was examined.

In the experiments, the largest length of action se-
quences obtained from rooms was about 1000, and this
was the minimum dimension of an input vector. The
parameter setting of SOM is shown in the followings.

• The number of input nodes: 1300.
• The number of competitive nodes: 128.
• Topology of a competitive layer: linear and circular

with one-dimension.
• Initial weights of competitive nodes: initial weights

are generated from uniform random number within
the range 0.5 ± 10, 1.5 ± 10, and 4.0 ± 10%.

• The number of learning iteration (the total number
of input vectors): 100,000 which is known valid
experimentally.

Also the learning rate αt and the size dt of winner
node’s neighborhood at t iteration were decreased as
learning progresses using the following formulas. The
dt is the length of a side of a square:

αt = 0.8

(
1− t

100, 000

)
; dt = 16

(
1− t

100, 000

)

Fig. 10 shows the convergence as learning iteration
progresses, where D of the y-axis is the square of
Euclidean distance between the input node and the

D

1 500 1000

1000

800

0
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400

200

        The number of iterations

Fig. 10. Convergence of learning.

weighs of the winner node and the x-axis stands for
the number of iterations for updating the weights in
SOM.

7.2. Recognition of seven rooms

First of all, the seven rooms shown in Fig. 11 were
recognized. Fig. 11 stands for the shape of rooms,
trajectories and environment vectors. The real length
of a side of a large square in Fig. 11 is 146 cm,
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Fig. 11. Seven rooms.
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and the rooms are figured with the same scale. In
this experiment, complete action sequences were
used.

As a result, for all settings of topology of a com-
petitive layer and initial weights of competitive nodes,
the recognition rate was 100%. Note that this task is
not easy because the action sequences and environ-
ment vectors for an identical room are slightly differ-
ent mutually because of sensor noise and failure of
executing actions.

7.3. Recognition of twenty rooms

Furthermore, experiments were made using twenty
rooms in Fig. 12, where the length of a side of E-3 is
146 cm and the rooms are figure with the same scale.
Complete action sequences were used, and a sequence
of [E-4, E-5, E-1, E-12, E-2, E-8, E-9, E-3, E-7, E-11,
E-10, E-20, E-19, E-18, E-14, E-17, E-13, E-16, E-15,
E-6] was input to SOM repeatedly. Table 1 shows the
experimental results on recognition rate for various
settings of SOM.

As seeing from the table, the recognition rate is
not significantly dependent on topology of a compet-
itive layer and initial weights of competitive nodes.
Also the recognition rate became less than that on
seven rooms because of many similar rooms in
shape.

7.4. Recognition with partial action sequences

We made experiments for evaluating recognition
with partial action sequences using twenty rooms in
the last experiment. The results of each room on recog-
nition rate are shown in Table 2, where the topology
of a competitive layer is linear and the initial weight
of a competitive node is 1.5 ± 10%.

Table 1
Recognition rates on twenty rooms for various initial weighs,
topologies of a competitive layer

Initial
weights (%)

Linear
topology (%)

Circular
topology (%)

0.5 ± 10 74 69
1.5 ± 10 74 74
4.0 ± 10 74 69

E-1 E-2

E-3

E-5

E-7

E-9

E-12

E-15

E-18

E-8

E-10

E-13

E-16

E-19

E-11

E-14

E-17

E-20

E-6

E-4

Fig. 12. Twenty rooms.

The average values of recognition rate and partiality
are 60.8 and 47.8%, respectively, where

partiality (%)

= the length of partial action sequence

the length of complete action sequence
× 100

The reason of deterioration in recognition rate is con-
sidered that the procedure in Section 6 sets the un-
determined vector values to zero. However, since the
recognition rate of a complete action sequence is less
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Table 2
Recognition rates on partial action sequences

Room Recognition rate (%)

E-1 50
E-2 83
E-3 100
E-4 100
E-5 33
E-6 33
E-7 83
E-8 100
E-9 100
E-10 67
E-11 100
E-12 83
E-13 17
E-14 67
E-15 17
E-16 17
E-17 67
E-18 17
E-19 67
E-20 17

than 80%, this rate is not significantly low. Also, see-
ing from Table 2, the recognition rate strongly depends
on the shape of a room. Recognition of the small rooms
tends to be hard.

7.5. Environments with obstacles

Though the test data used thus far included noise,
it was not so much. In this experiment, we dealt with
more noise like obstacles. We located obstacles in the
seven rooms, and a mobile robot did wall-following
in the rooms. The nine complete action sequences
were obtained and transformed into environment vec-
tors. The environment vectors were given to the SOM
which was trained in Section 2 as test environment
vectors.

As a result, five rooms were correctly identi-
fied. Fig. 13 shows success and failure examples. In
Fig. 13(a), the robot correctly recognized the room
including either a single obstacle or two small cubi-
cal obstacles on a wall. However, in Fig. 13(b), the
robot failed to recognize a room including either two
large obstacles or an obstacle located obliquely to a
wall. The large or many obstacles changed the shape
of rooms from the original one, thus we consider the
failure of recognition is natural.

(a) Recognized
      environments

(b) Unrecognized
      environments

Fig. 13. Environments with obstacles.

The robot can not evaluate the results by itself since
it does not have purpose to recognize the rooms. This
problem will be discussed in next section.

8. Discussions

In this section, we discuss open problems of our
study.

8.1. Toward real environments

All the experiments were made in a toy world of
enclosures with white plastic boards. We are planning
to make experiments in real world like real office en-
vironment consisting of rooms, corridors, desks and
chairs. However, we consider the robot used in this
study is not adequate for such environment because it
is too small to does wall-following efficiently and ef-
fectively in a real room. Thus, we need to implement
a suitable mobile robot to such experiments.
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8.2. Open environments

Though we assume that an environment is a closed
region, a real environment may not be closed, e.g.
a room with doors. The assumption is used only to
terminate wall-following. Thus we need to develop a
method to terminate robot’s action in real environ-
ments.

8.3. Restriction on the shapes of rooms

The shapes of rooms are restricted to rectangles
with right corners. If a room consists of curves like a
circle, neither the behavior A nor B will be executed
and a robot will not use information of corners. In
these cases, since only the length of the periphery is
obtained, the robot can not distinguish a circle from a
ellipse with the same periphery in length. We need to
improve the behaviors and BI-transformation.

8.4. Suitable behaviors for recognizing
environments

We used wall-following as behaviors for recogniz-
ing rooms, however we do not consider it is best one.
There may be a more robust and suitable behavior for
characterizing environments. Currently, we are devel-
oping evolutionary acquisition for suitable behaviors
using genetic algorithm [19].

8.5. What is the identification of environment for

It is a very radical problem that the robot does
not know what it recognizes the environments for.
In supervised-learning, a teacher explicitly tells the
robot the class in which the environment should
be included, and thus the robot does not need to
know the purpose. However, an autonomous robot
should have the purpose of recognizing environ-
ments, and they it classifies the environments under
the purpose. Since a robot does not have the pur-
pose in our research, it can not evaluate the result
of classifying rooms by itself. Hence, we need to
give it the purpose of recognizing environments. It
may be natural to interaction with evolution [20]
though the experiments with a real mobile robot are
difficult.

9. Conclusion

We proposed AEM approach to recognize environ-
ment and built a mobile robot which learned to recog-
nize rooms from action sequences without teaching.
SOM was used for learning since it was able to gen-
eralize an input vector without a teacher. We also de-
veloped BI-transformation and a recognition method
with a partial action sequence. The experiments using
a real mobile robot were made for rooms both with
and without obstacles, and we verified the utility of
our approach.
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