
Robotica (2014) volume 32, pp. 757–782. © Cambridge University Press 2013
doi:10.1017/S0263574713001033

Active exploration using a scheme for autonomous
allocation of landmarks†
Jing Yuan∗, Yalou Huang, Fengchi Sun and Tong Tao
Department of Automation, Nankai University, Tianjin 300071, P. R. China

(Accepted October 28, 2013. First published online: December 3, 2013)

SUMMARY
In this paper, we focus on the unknown environments without artificial landmarks and features, such
as disaster situations and polar regions. An approach to active exploration based on an on-line scheme
for autonomous allocation of landmarks is proposed. Specifically, the robot carries along with itself
some landmarks which are to be allocated during the exploration according to some heuristic rules.
The utility of landmark allocation is analyzed and calculated. Then the active exploration is converted
into a problem of multi-objective optimization. The objective function includes three weighted
terms: the accuracy of localization and mapping, the coverage rate of the unknown environment
and the utility of the allocated landmarks. By solving this optimization problem, control inputs of
the robot are computed to guarantee that accurate localization, high-quality mapping and complete
exploration can be achieved simultaneously. Moreover, supplementation and redundancy elimination
of the allocated landmarks are executed to make a complete and non-redundant coverage for the
environment. Finally, some landmarks, together with a device for allocating these landmarks, are
developed. Both experiment and simulation results are presented to demonstrate the effectiveness of
the proposed approach.
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1. Introduction
The capability of localization and mapping is a prerequisite for successful navigation and exploration
of a mobile robot in unknown environments, for which the map information is not known a priori.
Simultaneous Localization and Mapping (SLAM) provides an effective solution to the above issue.
Since Smith et al.1 first proposed a stochastic mapping approach using an extended Kalman filter
(EKF), the research of the SLAM has attracted considerable attention in the community of robotics
for almost 20 years. The most popular solution to the SLAM is the EKF,2–4 which has been used
successfully in many robotic applications. In the Kalman filter family, Unscented Kalman filter
(UKF),5 postponement,6 Compressed EKF filter (CEKF),7 SEIF filter,8 Relative Map Filter (RMF)9

and Divide and Conquer SLAM (D&C SLAM)10 are the alternatives to achieve effective solutions.
UKF can lead to more accurate results than EKF because it approximates the posterior mean and
covariance accurately to the second-order term of the Taylor series for any nonlinearity. Postponement
works by updating a constant-sized data set based on the current measurements, which can be used to
effect updates on all unobserved parts of the map at a later stage. As a result, the full map update can
be postponed. CEKF algorithm stores and maintains all the information gathered in a local area. The
information can then be transferred to the rest of the global map. SEIF approximates the information
matrix by a sparse form that allows O(1) update. RMF recursively estimates relative features which
are invariant to robot position, thereby removing the correlations between the robot and the features,
as well as feature–feature correlations. D&C SLAM works for local maps and carries out map joining
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in a hierarchical fashion. It can compute both state and its covariance, with no approximations, and
with the advantage of providing a more precise and consistent estimate.

Another solution is the Bayesian estimate approach that does not assume Gaussian probability
distributions. FastSLAM11–14 is an efficient approach to SLAM based on particle filtering. Some other
efficient algorithms have also been proposed, such as Rao–Blackwellized particle filters (RBPF),15,16

Graph-SLAM,17,18 Topological SLAM,19–21 EM-based Incremental SLAM22 and Prediction-based
SLAM (P-SLAM).23

However, most of the existing approaches assume that pre-placed artificial landmarks or sufficient
natural features are available in the environment. Unfortunately, in some extreme environments, such
as disaster situations and polar regions, there exists no pre-placed landmark, while feature extraction
is also extremely difficult. For example, the vision sensors cannot gather distinct features in polar
regions because environmental features are too rare to be extracted from snow and ice backgrounds.
In view of this problem, Kleiner et al.24 proposed a Radio Frequency Identification (RFID)-based
exploration approach, wherein the robot allocated RFID tags onto the ground as landmarks. However,
the robot placed the RFID tags in a relatively arbitrary way. The utility of the allocated tags and the
relationship among the positions of these tags were not considered.

In addition, motion planning is an important problem in exploration because the accuracy and
efficiency of the SLAM can be largely improved if a robot moves along an appropriate motion
trajectory. However, most existing SLAM algorithms do not take the motion planning into account.
That is, the motion trajectory of the robot is predetermined rather than gradually created through an
optimization process. To address this problem, Feder et al.25 proposed an adaptive SLAM approach,
wherein the information theory was used to decide the motion of the robot in order to acquire more
useful information for localization and mapping. Based on Feder et al.’s25 work, several methods of
active/adaptive SLAM have been proposed.26–28 However, most of these assumed that the robot had
unlimited sensing ability.27,28 Furthermore, only the accuracy of the SLAM was considered in the
cost function of the optimization problem. Fairfield and Wettergreen29 proposed an active strategy
for SegSLAM using a submap-based approach. The distribution over robot poses and submaps was
estimated by a particle filter. Then active actions of the robot were computed to reduce the uncertainty
quantified as information entropy. Leung et al.30 considered the trajectory planning problem for
the indoor environment SLAM, wherein a motion trajectory, generating minimum uncertainty and
maximum coverage, was calculated by using model predictive control algorithms.

Our method has been originally presented in Yuan et al.31 It integrated landmark allocation, motion
planning and SLAM into a problem of active exploration in an environment without landmarks and
features. The problem was addressed by solving a multi-objective optimization.

The exploration approach proposed in this paper is the outgrowth of the method given in Yuan
et al.31 In contrast to our previous work, i.e. Yuan et al.31, we increase the following three aspects.
First, a complete proof for validating the utility measure of landmark allocation is presented in
this paper (see the proof of Theorem 1) to build a theoretical foundation for the proposed method.
Second, design and development of both landmarks and a device to allocate them are given in detail
to support the proposed theoretical method. Third, we give additional simulation results and present
experimental results to show the effectiveness and the practical applicability of the proposed method.

In this paper we take into account an unknown environment without landmarks and features.
Exploration in such an environment is somewhat tough. For example, when a person enters a
completely unfamiliar environment without conspicuous features, he/she would make some marks as
the points of reference to avoid missing him/her way. When he/she revisits a place which has been
visited before, he/she can use the marks to localize himself/herself. In the same way, the robot can also
mark the unknown environment with some landmarks to help itself for localization. In our scheme,
the robot decides when and where a new landmark should be allocated, according to some elegantly
designed rules. In contrast to the method in given Kleiner et al.24, the robot can allocate landmarks
in an active and intelligent way, rather than in an optional way. The utility of landmark allocation
is analyzed and proved completely. By converting the problem of active exploration into a multi-
objective optimization, a trade-off between the coverage rate of the unknown space, the accuracy
of the SLAM and the utility of the landmark allocation is achieved. Moreover, a complete and
non-redundant coverage with the allocated landmarks is considered to provide a complete solution.
Using this scheme, the robot can allocate the landmarks and explore the environment elegantly. At
last, we develop a new type of landmarks consisting of ultrasonic and RFID units, as well as a
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mechanical device for allocating the landmarks. The remainder of this paper is organized as follows:
The EKF-based SLAM is reviewed in Section 2, and the utility of landmark allocation is analyzed
and proved in Section 3. Section 4 describes the proposed exploration strategy. Landmarks, together
with a device for allocating them, are designed and developed in Section 5. Both simulation and
experimental results are provided in Section 6. The paper is concluded in Section 7.

2. EKF-Based SLAM
When a mobile robot moves through an unknown environment, the relative pose between the
robot and the surrounding landmarks can be directly observed. These resultant observations are
then used to simultaneously estimate the robot pose XR(k) and the corresponding positions of
the landmarks Xi(k) (i = 1, 2 · · ·N). The whole process is called the SLAM. For the SLAM,
the state vector to be estimated at time k is assumed to contain both robot pose and positions
of landmarks, namely X(k) = [XT

R(k), XT
M (k)]T , where XR(k) = [xR(k), yR(k), θR(k)]T denotes the

robot pose, and XM (k) = [XT
1 (k), · · · XT

N (k) ]T is referred to as the position vector of the landmarks,
withXi(k) = [xi(k), yi(k) ]T (i = 1, 2 · · ·N) representing the position of the ith landmark. The
covariance matrix associated with the state estimate is denoted byP (k). The motion model and the
perception model are given by

X(k + 1) = f (X(k), u(k)) + v(k), (1)

Z(k + 1) = h(X(k + 1)) + w(k), (2)

where f (·) and h(·) are respectively the nonlinear process model and the observation model; u(k) and
Z(k + 1) denote the control input and the perception data and v(k) and w(k) represent motion noise
and measurement noise with covariance Q(k) and R(k) respectively.

For the range and bearing sensors, the perception model is given by

Z(k) =
[

ri(k)
φi(k)

]
=

⎡
⎢⎣

√
[xR(k ) − xi(k )]2 + [yR(k) − yi(k )]2

arctan
yR(k) − yi(k)

xR(k) − xi(k)
− θR(k)

⎤
⎥⎦ +

[
wr (k)
wφ(k)

]
, (3)

where Z(k) provides a measurement of range ri(k) and bearing φi(k) to an observed landmark
li(xi(k), yi(k)) relative to the robot.

In the following statements, we use X̂(p|q) to denote the state estimate at time p using all the
observations collected up to time q, where q ≤ p. We give the EKF-based SLAM process as follows.
The reader is referred to Thrun et al.32 and Choset et al.33 for a complete description.

(1) Prediction

X̂(k + 1|k) = f (X̂(k|k), u(k)), (4)

P (k + 1|k) = ∇Xf · P (k|k) · ∇T
Xf + Q(k), (5)

Ẑ(k + 1|k) = h(X̂(k + 1|k)), (6)

where ∇Xf = ∂f
/
∂X

∣∣
X = X̂(k|k) expresses the Jacobian matrix of f (·) with respect to X(k).

(2) Update

X̂(k + 1|k + 1) = X̂(k + 1|k) + W (k + 1) · γ (k + 1), (7)

P (k + 1|k + 1) = P (k + 1|k) − W (k + 1) · Sγγ (k + 1|k) · WT (k + 1), (8)

where ∇Xh = ∂h/∂X|X=X̂(k|k) represents the Jacobian matrix of h(·) with respect to X(k), γ (k + 1)
and Sγγ (k + 1|k) denote the innovation and its covariance matrix respectively, and W (k + 1) is the
Kalman gain,

γ (k + 1) = Z(k + 1) − Ẑ(k + 1|k), (9)
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Sγγ (k + 1|k) = ∇Xh · P (k + 1|k) · ∇T
Xh + R(k + 1), (10)

W (k + 1) = P (k + 1|k) · ∇T
Xh · S−1

γ γ (k + 1|k). (11)

When the robot observes a new landmark lj at time k, the state of this landmark is initialized by

[
x̂j (k | k)
ŷj (k | k)

]
= g(k) =

[
x̂R(k | k) + d(k) · cos(φ(k) + θ̂R(k | k))
ŷR(k | k) + d(k) · sin(φ(k) + θ̂R(k | k))

]
, (12)

where d(k) and φ(k) denote the measurements of the range and the bearing from lj respectively.

3. Landmark Allocation
The main contribution of this paper is presented in this section, i.e. how to allocate landmarks in
the environment. We only take into account the environments without any artificial landmarks and
natural features. Note that the proposed scheme can also apply to the environments with insufficient
artificial landmarks or natural features which fail to provide indispensable observations for the robot
in most cases.

3.1. Rules of landmark allocation
We design four heuristic rules for landmark allocation, which are as follows:

Rule 1: The robot should allocate a new landmark immediately at the current position (chosen as
the origin of the robot coordinate system in this paper) once it can observe no landmark.

Rule 2: If it is predicted that the accuracy of the SLAM could be improved enough after a new
landmark is allocated at the current position, the robot should really allocate this landmark.

Rule 3: All the allocated landmarks should cover the environment entirely, that is, the robot can
observe landmarks at any position.

Rule 4: There should be as few redundant landmarks as possible left in the environment after
the landmark allocation has been finished. According to Rule 3, the robot could allocate sufficient
landmarks to fully cover the environment with them. It has a possibility that too many redundant
landmarks are allocated into the environment. As a result, considerable effort has to be spent in
maintaining the redundant landmarks.

3.2. Utility of landmark allocation
During the exploration, if the robot cannot observe any landmarks for a period of time, the uncertainty
of localization and mapping will increase rapidly due to the accumulation of odometry errors over
time. To show this fact, Fig. 1 gives a simulation result of the EKF-based SLAM. At the initial
stage, the robot could observe many landmarks and the uncertainty of the SLAM kept at a low level.
Nevertheless, at the later stage, the robot could observe no landmarks. As a result, the error and
covariance rapidly accumulated to large levels, even though the robot observed some new landmarks
at the last stage. Figure 2 gives a simulation result to show the utility of landmark allocation, in which
the robot started from Xr (0) = [0, 0, 0]T and tracked a predetermined straight-line path. Two cases
are respectively displayed in Figs. 2(a) and (b). In the first case, the robot allocated only one landmark
l1 at the origin. In the second one, the robot at first allocated a landmark l′1 at the origin, and then
it allocated another landmark l′2 at a new position, with the result that the uncertainty of landmark
l′1 became much smaller than that of landmark l1. From this simulation study, it can be seen that
allocation of an extra landmark had a substantial impact on the accuracy of the resulting map.

For the EKF-based SLAM, we give an evaluation for the utility of landmark allocation as follows.

THEOREM 1. Assume that the robot has allocated a set of landmarks, denoted by L(k −
1) = {li , i = 1, 2 · · ·Nk−1}, up until time k − 1. We denote the system state vector at time k

by X(k) = [XT
R(k), XT

1 (k), · · · XT
Nk−1

(k)]T , which contains the robot pose and the positions
of the landmarks in L(k − 1). If the robot allocates a new landmark lNk−1+1 at time k,
the state vector containing the robot pose and the positions of the landmarks in the set
L(k) = L(k − 1)∪ {lNk−1+1}is denoted by X̄(k) = [XT (k), XT

Nk−1+1(k)]T . Let X̂(k + 1 | k + 1)
denote the estimate of the system state X at time k + 1, without allocating the new landmark
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Fig. 1. (Colour online) Accumulation of error and uncertainty.

lNk−1+1 at time k. The covariance matrix associated with X̂(k + 1 | k + 1) is P (k + 1 | k + 1) =
[
PRR(k + 1 | k + 1) PRM (k + 1 | k + 1)
PMR(k + 1 | k + 1) PMM (k + 1 | k + 1) ](2Nk−1+3)·(2Nk−1+3). Let X̂new(k + 1|k + 1) denote the sub-

vector of the estimate ˆ̄X(k + 1|k + 1) = [X̂T
new(k + 1|k + 1), X̂T

Nk−1+1(k + 1|k + 1)]T for the state

X̄(k + 1) with allocating the new landmark lNk−1+1. X̂new(k + 1|k + 1) consists of the estimates of
the robot pose and the positions of the first Nk−1 landmarks. The covariance matrix Pnew(k + 1| k + 1)
associated with X̂new(k + 1|k + 1) is a sub-matrix of P̄ (k + 1 | k + 1) , where P̄ (k + 1| k + 1)

= [
Pnew(k + 1 | k + 1)(2Nk−1+3)·(2Nk−1+3) B(k + 1 | k + 1)

BT (k + 1|k + 1) A(k + 1 | k + 1)
](2Nk−1+5)·(2Nk−1+5) is the covariance of ˆ̄X(k +

1|k + 1), A(k|k) = ∇Rg(k) · P T
RR(k|k) ∇RgT (k), B(k|k) = [

P T
RR(k|k) · ∇RgT (k)

P T
RM (k|k) · ∇RgT (k)

], g(k) is given

in Eq. (12). When the robot observes the landmark lNk−1+1 at time k + 1, we can conclude that
Pnew(k + 1 | k + 1) < P (k + 1|k + 1).

Proof. If the robot does not allocate the new landmark lNk−1+1 at time k, the covariance matrix at
time k + 1 is �

P (k + 1|k + 1) = P (k + 1|k) − W (k + 1) · Sγγ (k + 1|k) · WT (k + 1)

= P (k + 1 | k) − P (k + 1 | k) · ∇XhT · Sγγ (k + 1 | k)−1 · ∇Xh · P (k + 1 | k).

If the robot allocates the new landmark lNk−1+1 at time k, then the covariance matrix of the new
state vector is denoted by

P̄ (k|k) =
⎡
⎣ PR,R(k|k) PR,M (k|k) PR,lNk−1+1 (k|k)

PM,R(k|k) PM,M (k|k) PM,lNk−1+1 (k|k)
PlNk−1+1,R(k|k) PlNk−1+1,M (k|k) PlNk−1+1,lNk−1+1 (k|k)

⎤
⎦

=
[

Pnew(k|k) B(k|k)
BT (k|k) A(k|k)

]
.
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Fig. 2. (Colour online) Utility of landmark allocation. The robot allocated one landmark l1 at the origin in (a),
while allocated two landmarks l1’ and l2’ in (b). Comparison of uncertainty between l1 and l1’ is given in (c).
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After the new landmark lNk−1+1 is allocated, we set ∇Xf̄ = [
∇Xf 0

0 I2×2
], ∇Xh̄ = [

∇Xh 0
C D

], where

C = [∇XR
h, 0, · · · 0 ], D = ∇lNk−1+1h, and Q̄ = [

Q 0
0 Q̃

] is the uncertainty arising from the motion

noise of the robot, as defined in Section 2.
Then we calculate P̄ (k + 1|k + 1) by

P̄ (k + 1|k + 1) = P̄ (k + 1|k) − P̄ (k + 1|k) · ∇Xh̄T · S̄−1
γ γ (k + 1 | k) · ∇Xh̄ · P̄ (k + 1|k), (13)

where S̄γ γ (k + 1 | k) is the covariance matrix of the innovation. We calculate the two terms on the
right-hand side of Eq. (13) as follows:

P̄ (k + 1|k) = ∇Xf̄ · P̄ (k|k) · ∇Xf̄ T + Q̄(k)

=
[∇Xf · P (k|k) · ∇Xf T ∇Xf · B

BT · ∇Xf T A

]
+

[
Q 0
0 Q̃

]

=
[

P (k + 1|k) ∇Xf · B

BT · ∇Xf T A + Q̃

]
. (14)

Substituting Eq. (14) into the second term on the right-hand side of Eq. (13), we get

P̄ (k + 1|k) · ∇Xh̄T · S̄−1
γ γ (k + 1 | k) · ∇Xh̄ · P̄ (k + 1|k)

=
[

M̄1 · S̄−1
γ γ · M̄T

1 M̄1 · S̄−1
γ γ · M̄T

2

M̄2 · S̄−1
γ γ · M̄T

1 M̄2 · S̄−1
γ γ · M̄T

2

]
. (15)

In Eq. (15), M̄1, M̄2 and S̄−1
γ γ are given by

[
M̄1

M̄2

]
=

[
P (k + 1|k) · ∇XhT P (k + 1|k) · CT + ∇Xf · B · DT

BT · ∇Xf T · ∇XhT BT · ∇Xf T · CT + (A + Q̃) · DT

]
,

S̄−1
γ γ = (∇Xh̄ · P̄ (k + 1|k) · ∇Xh̄T + R̄. )−1 =

[
Sγγ E

ET F

]−1

=
[

G H

HT J

]
,

where

Sγγ = ∇Xh · P (k + 1|k) · ∇T
Xh + R(k + 1),

E = ∇XhT · P (k + 1|k) · CT + ∇XhT · ∇Xf · B · DT ,

F = C · P (k + 1|k) · CT + D · BT · ∇Xf T · CT + C · ∇Xf · B,

·DT + D · (A + Q̃) · DT ,

G = S−1
γ γ + S−1

γ γ · E · (F − ET · S−1
γ γ · E)−1 · ET · S−1

γ γ ,

H = −S−1
γ γ · E · (F − ET · S−1

γ γ · E)−1,

J = (F − ET · S−1
γ γ · E)−1.

We rewrite P̄ (k + 1|k + 1) in the form of a block matrix as

P̄ (k + 1|k + 1) =
[

Pnew(k + 1|k + 1) B(k + 1|k + 1)
BT (k + 1|k + 1) A(k + 1|k + 1)

]
.

Substituting Eqs. (14) and (15) into Eq. (13), we obtain

Pnew(k + 1|k + 1) = P (k + 1|k) − M̄1 · S̄−1
γ γ · M̄T

1 . (16)
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We set M̄11 = P (k + 1 | k) · ∇XhT , M̄12 = P (k + 1 | k) · CT + ∇Xf · B · DT , then

M̄1 · S̄−1
γ γ · M̄T

1 = M̄11 · G · M̄T
11 + M̄12 · HT · M̄T

11 + M̄11 · H · M̄T
12 + M̄12 · J · M̄T

12

= P (k + 1|k) · ∇XhT · S−1
γ γ · ∇Xh · P (k + 1|k) + [I − P (k + 1|k)

·∇XhT · S−1
γ γ · ∇Xh] · [P (k + 1|k) · CT + ∇Xf · B · DT ] · (F − ET

·S−1
γ γ · E)−1 · [P (k + 1|k) · CT + ∇Xf · B · DT ]T · [I − P (k + 1|k)

·∇XhT · S−1
γ γ · ∇Xh]T . (17)

In Eq. (17), we set

�P = [I − P (k + 1|k) · ∇XhT · S−1
γ γ · ∇Xh] · [P (k + 1|k) · CT

+ ∇Xf · B · DT ] · (F − ET · S−1
γ γ · E)−1 · [P (k + 1|k) · CT

+ ∇Xf · B · DT ]T · [I − P (k + 1|k) · ∇XhT · S−1
γ γ · ∇Xh]T . (18)

By substituting Eq. (18) into Eq. (17), we get M̄1 · S̄−1
γ γ · M̄T

1 = P (k + 1 | k) · ∇XhT · S−1
γ γ · ∇Xh ·

P (k + 1 | k) + �P,where both S̄γ γ and S̄−1
γ γ are symmetric and positive definite matrices, thus J > 0

and �P > 0, then we rewrite Eq. (16) as

Pnew(k + 1|k + 1)

= P (k + 1|k) − [P (k + 1|k) · ∇XhT · S−1
γ γ · ∇Xh · P (k + 1|k) + �P ] < P (k + 1|k + 1)

= P (k + 1|k + 1) − �P. (19)

From Eq. (19), the covariance of the system state decreases after a new landmark lNk+1 is
allocated. �

4. Active Exploration Based on Landmark Allocation
The task of exploration generally has several objectives, including the map coverage rate, the map
accuracy and sometimes the exploration efficiency. This implies that control inputs of the mobile robot
should be elegantly chosen such that the robot can detect maximal unknown space and minimize the
uncertainty of the system state under estimation. The exploration efficiency can be evaluated by the
traveling distance. But for the sake of clarity, we only take into account the map coverage rate and
the accuracy of SLAM. Note that the traveling distance can also be easily integrated into the cost
function.

The level of uncertainty plays a key role in localization and map building. Low uncertainty of the
robot pose and landmark positions can help the robot to achieve correct data association easily. In
addition, when a new landmark is observed, the current robot pose estimate is added to the relative
observation between the robot and the landmark in order to form an absolute position estimate of
the landmark. If the estimate of the robot pose has some uncertainty before the landmark estimate is
initialized, the landmark estimate will inherit the robot position uncertainty. Similarly, any landmarks
that are initialized must have at least the initial robot position uncertainty as part of their overall
position uncertainty. Thus, if the robot pose estimate has high uncertainty, it would initialize and
maintain the map at a high-level uncertainty, especially when loop closure cannot be detected.

On the other hand, further observations of landmarks can generally increase the accuracy of the
SLAM. Localization of inaccurate landmarks is generally more effective if the robot travels between
inaccurate landmarks and well-known landmarks because the correlation between the good and poor
landmarks increases. However, if the robot revisits known landmarks too often, the coverage time
would then increase.

The active exploration proposed in this paper refers to a tight coupling between the tasks of
landmark allocation, SLAM and motion planning. Our approach to active exploration calls for
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a balanced evaluation of alternative motion actions from the viewpoint of the uncertainty of the
localization and mapping, the coverage rate of the unknown space and the utility of the allocated
landmarks.

During the exploration, the robot continuously plans its motion and determines where a landmark
should be allocated. Simultaneously, the robot estimates the positions of the allocated landmarks and
localizes itself based on the observations of the landmarks.

4.1. Uncertainty of localization and mapping
Uncertainty of localization and mapping is calculated by

C(P (k + 1|k + 1)) = π

3∏
j=1

√
λj (PRR(k + 1|k + 1)) + π

Nk∑
i=1

2∏
j=1

√
λj (Pii(k + 1|k + 1))

= π
√

det(PRR(k + 1|k + 1)) + π

Nk∑
i=1

√
det(Pii(k + 1|k + 1)), (20)

where Pii(k + 1|k + 1) denotes the covariance of the ith landmark, it is a diagonal sub-matrix of
PMM (k + 1 | k + 1), and det(·) and λj (·) respectively denote the determinant and the eigenvalues of
the related matrix.

4.2. Coverage rate
We use an occupancy grid map to represent the environment. In a grid map, each grid cell is classified
as follow:

Known: the cell has been detected by the robot’s sensor;
Unknown: the cell has not been detected.
Assume that the onboard sensor of the robot can detect a circular region with a radius of dmax.

Frontiers are defined as the regions on the boundary between the known and the unknown space.34 A
frontier cell is a known, i.e. already explored cell, which is an immediate neighbor of an unknown,
i.e. unexplored cell. When the robot moves to a frontier cell, it can see into unexplored space and add
the new information to its map. As a result, the map built by the robot expands, pushing forward the
boundary between the known and the unknown space. By moving to the frontiers successively, the
robot can continuously increase its knowledge of the world. For simplicity, the robot only uses its
current pose X̂R(k|k) estimated by the EKF to calculate the frontiers. If a cell is within the sensing
range of the robot, it will be labeled as “known,” otherwise “unknown.” When all the cells of the
environment with a given boundary are labeled as “known,” the robot can know that the environment
is fully explored.

Frontier cells between explored and unexplored environments are calculated using the method
proposed in Yamauchi.34 Based on the frontiers, the coverage rate of the environment is evaluated by
calculating the predictive new area, Areanew(k + 1|k), of the unknown regions that will be explored
by the robot in the next step,

Areanew(k + 1|k) = Areacell · Nsensor new(k + 1|k), (21)

where Areacell = a2 denotes the area (or the size) of a cell, and a is the grid resolution. Nsensor new

represents the predictive number of unexplored cells that will fall into the sensing region around the
predictive robot pose, X̂R(k + 1 | k).

4.3. Utility of the allocated landmark
We define the trace of the matrix �P, denoted by tr(�P ) as an evaluation of the utility provided by
the newly allocated landmark. The control inputs of the robot are to be chosen to maximize tr(�P )
such that the accuracy of localization and mapping can be improved as quickly as possible.

4.4. Objective function
For simplicity, we assume that the landmark is placed at the origin of the coordinate frame attached to
the robot. The objective function is obtained by combining the accuracy of the SLAM, the coverage
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rate and the utility of the allocated landmark.

J (u(k), u(k + 1), . . . u(k + H − 1))

=
H∑

i=1

[
ω1 · C(Pmin)

C(P (k + i | k + i))
+ ω2 · Areanew(k + i|k + i − 1)

Areamax

+ ω3 · tr(�P (k + i|k + i))

tr(P (k + i|k + i))

]
, (22)

where H is the predictive horizon. A small horizon may be greedy whereas a large horizon may result
in expensive computation consumption. Through a number of simulations, we set H = 3 to achieve
satisfactory performance. Pmin represents the lower bound2 of the covariance matrix associated
with the state estimate. Areamax = πd2

max is the area of the sensing disc of the robot sensor, and
ωi (i = 1, 2, 3) is the importance weight. Thus, the active control input sequence can be calculated
by

[u∗(k), u∗(k + 1), · · · u∗(k + H − 1)] = arg
u∈U

max J (u(k), u(k + 1), · · ·u(k + H − 1)), (23)

where U = {u = [u1, u2]T |u1 min ≤ u1 ≤ u1 max, u2 min ≤ u2 ≤ u2 max} is the set of feasible control
inputs. In our approach, the feasible control inputs are generated by discretizing the velocity space
into a small set of fixed discrete linear and angular velocities in order to simplify the implementation
(see Section 6.1). In contrast to our choice, the feasible control inputs can also be designed as straight
ahead, left and right by one grid cell distance, which depend on the size of the cell. The advantage
of our choice is that the control inputs used in our approach can be determined only by the motion
ability of the robot, rather than by the size of the cell.

Then we use {u∗(k), u∗(k + 1), · · · u∗(k + H − 1)} to calculate the total utility of the allocated
landmark by

Tr =
H∑

i=1

tr(�P (k + i | k + i))

tr(P (k + i|k + i))
. (24)

If T r ≥ �Pt , the robot will allocate a new landmark at the current position, where �Pt is the
threshold determined by the experiments. And then the robot uses only u∗(k) as the control input at
time k. At time k + 1, the optimal control input sequences are calculated by Eq. (23) again and only
u∗(k + 1) is carried out. If T r < �Pt , no landmark is required to be allocated. In this case, we set ω3

as zero in Eq. (22) and optimize only the first two terms of the objective function. After computing
the optimal control input sequence [u∗′

(k), u∗′
(k + 1), · · · u∗′

(k + H − 1)], the robot executes u∗′
(k)

as the current control input. During the previous process, if the robot observes no landmark, it will
allocate a new landmark right away according to Rule 1. The above process is repeated till the robot
sensor covers the whole environment.

In order to avoid the local minimum, we give a simple but effective strategy as follows. If
C(PMM (k + 1|k + 1))

/
Nk ≤ Ct and Areanew(k + 1|k) = 0, which means the uncertainty of the map

is small enough and the robot does not acquire new information from the unknown space, then the
robot will move toward its nearest frontier cell until the condition C(PMM (k + 1 | k + 1))

/
Nk > Ct

or Areanew(k + 1|k) > 0 is satisfied, where Ct is a given threshold value.

4.5. Supplementation and redundancy elimination for landmarks
To distinguish the concepts of “complete exploration” and “complete coverage by landmarks,” we
give the following definitions.

Definition 1 (Complete exploration): If the whole environment has already been covered by the
onboard sensor of the robot, we call the exploration as complete.

Definition 2 (Complete coverage by landmarks): At any positions, if the robot can always observe
landmarks, we call that the landmark allocation is complete, or the environment is completely covered
by the landmarks.
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An essential purpose of landmark allocation is to cover the environment completely with sufficient
landmarks. However, after the environment has been completely explored using the motion-planning
algorithm proposed in Section 4.4, some local regions may not yet be covered by landmarks. When
the robot re-enters these regions, it cannot observe any landmarks. As a result, it fails to localize itself.
In this case, the robot should supplement some landmarks in these regions of interest to achieve a
resulting complete coverage of landmarks for the environment.

On the other hand, more than one allocated landmarks may be observed at some positions, i.e.
each of these positions is covered by multiple landmarks. Note that by using the proposed scheme,
all the landmarks are estimated very accurately when the environment is completely explored. Thus,
only one landmark is useful and the others are redundant. The robot should delete these redundant
landmarks to eliminate redundancy.

Definition 3 (Non-redundancy): For a given local region, if the robot can observe at most one
landmark at any position in this region, then we will call the landmark allocation in this region as
non-redundant.

The robot carries out the tasks of landmark supplementation and redundancy elimination in order
to generate complete and non-redundant coverage with the landmarks. To address this problem, we
adopt the algorithm proposed in Jiang et al.35 This algorithm was developed to solve the minimal
cover set problem in the field of wireless sensor networks. In the tasks of supplementation and
redundancy elimination, the landmarks and the robot are respectively viewed as equivalents of the
sensor nodes and the target to be detected in a wireless sensor network. Because the problem of
computing the minimal cover set is NP-hard, the algorithm in Jiang et al.35 provided a sub-optimal
solution. Here we refer to this algorithm and acquire a sub-optimal solution to supplementation and
redundancy elimination accordingly. As a result, the robot can observe as few landmarks as possible
at any position in the environment.

Assume that the robot allocates a set of landmarks Lactive = {l1, l2 · · · ln} after it completely explores
the environment. The robot can observe the landmark lj if it enters the disc around lj with a radius
of dmax. For clarity, this region is denoted bySj . We define Ladd temp as a temporary landmark set
that contains candidate landmarks to be supplemented. The initial state of Ladd temp is empty. The
algorithm of supplementation and redundancy elimination is presented as follows:

1. The robot calculates Voronoi partition of the environment for the landmark set Lcomplete =
Lactive∪ Ladd temp. We denote the Voronoi polygon associated with lj as V Pj (Lcomplete).
V Vj (Lcomplete) is referred to the set consisting of all the vertexes of V Pj (Lcomplete), and
V Nj (Lcomplete) denotes the set of Voronoi neighbors of the landmark lj . Figure 3 shows the
result of the Voronoi partition, in which li is one of the Voronoi neighbors of lj .

2. If one of the vertexes of the V Pj (Lcomplete) associated with lj ∈ Lcomplete cannot be covered by
Sj , the robot will add a imaginary landmark lj,add at this vertex and add it into Ladd temp.

3. Repeat steps (1) and (2) until the whole environment is covered by Lcomplete.

4. Execute the algorithm for calculating redundant nodes in Jiang et al.35 to identify the set of
redundant landmarks denoted as Lredundant. The details are given as follows.
If V Vj (Lcomplete) ⊂ Sj (∀lj ∈ Lcomplete), the environment will be covered by Lcomplete. When a
landmark li is deleted from Lcomplete, it can only affect V Pj (Lcomplete\li) (lj ∈ V Ni(Lcomplete),
Lcomplete\li = Lcomplete − {li}), while the Voronoi polygons of the other landmarks do not change.
Thus, lr can be regarded as a redundant landmark if the condition of V Vj (Lcomplete\lr ) ⊂ Sj

holds for any lj ∈ V Nr (Lcomplete). For a redundant landmark lr , if its Voronoi neighbor set
contains at least one redundant landmark, we call that lr is dependently redundant, otherwise
independently redundant. Independently redundant landmarks can be deleted directly. In what
follows, we consider the dependently redundant landmarks. We first construct an undirected
graph RG(Vr, Er ) for all the dependently redundant landmarks. The nodes Vr of RG(Vr, Er )
are the dependently redundant landmarks. The edges of RG(Vr, Er ) are denoted by Er =
{(vri, vrj ) | vri, vrj ∈ Vr, vrj ∈. That is, if vrj is a Voronoi neighbor of vri , we will connect vrj

with vri and add (vri, vrj ) into Er . Then we use the greedy algorithm presented in Hochbaum36

to determine the maximal independent set (MIS) of RG(Vr, Er ). The landmarks in the MIS can
be deleted and the others in RG(Vr, Er ) are useful for complete coverage. Finally, Lredundant is
composed of independently redundant landmarks and the MIS of RG(Vr, Er ).
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Fig. 3. Voronoi partition of the environment. V Pj is the Voronoi polygon associated with the landmark lj . li is
one of the Voronoi neighbors of lj .

5. The set Ladd temp is composed of imaginary candidate landmarks to be supplemented. Thus, the
set of landmarks to be really supplemented is Ladd allocation = Ladd temp − (Ladd temp ∩ Lredundant).
The robot successively moves to each one of the positions in Ladd allocation, in ascending order of
the distance from the robot position to the landmark position, and then places a landmark there.

When the algorithm terminates, the set of landmarks left in the environment is Lfinal = Lcomplete −
Lredundant. The set Ldelete = Lactive ∩ Lredundant contains the landmarks required to be really removed.
The robot only needs to delete them from its memory.

5. Development of landmarks and the device for allocating landmarks

5.1. Landmark design
A two-dimensional (2D) laser rangefinder can only scan objects beyond a certain volume and height,
such that miniature landmarks on the ground cannot be detected. Therefore, we develop a kind of
sensor device consisting of landmarks and the associated detector, instead of using laser rangefinder.
This device can provide range and bearing measures between the robot and the detected landmarks.

We design the landmark as an embedded system, as shown in Fig. 4. We adopt the modularized
design scheme, in which the architecture and the circuit of the detector and those of each landmark
are exactly the same, i.e. the detector and the landmark can replace each other. The landmark/detector
is composed of a microprocessor, an RFID transceiver, an ultrasonic transceiver and related interface
circuits. The RFID module and the ultrasonic module are integrated in each landmark to provide the
landmark-identifier (ID) information and range measurement simultaneously. The Time Difference
of Arrival (TDOA) between RF and ultrasonic signals is computed to estimate the distance between
the landmark and the detector.

We use a combination of RF and ultrasound signals to enable the detector to determine the distance
to the landmarks. We achieve this by taking advantage of the fact that the speed of sound in air (about
344 m/s at room temperature) is much smaller than the speed of light (RF) in air. The landmark
periodically transmits an RF message containing a unique ID. At the start of the RF message, the
landmark concurrently transmits a narrow ultrasonic pulse. When the detector hears the RF signal,
it turns on its ultrasonic receiver. It then listens for the ultrasonic pulse, which will usually arrive a
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Fig. 4. Hardware circuit of the landmark/detector.

Fig. 5. Structure diagram of the landmark/detector.

short time later. The detector uses the time difference between the receipt of the RF information and
the ultrasonic signal to determine the distance to the landmark. To reduce power consumption of the
landmark, the ultrasonic pulse does not carry any data. The detector passively listens to landmark
transmissions and computes the distance to the landmark. Figure 5 shows the structure diagram of
the landmark/detector. Five modules are embedded into each landmark, including a microprocessor
and related interface circuits, an RS232 serial communication unit, an RF transceiver, an ultrasonic
transmitter and an ultrasonic receiver.

The microprocessor and its interface circuits are composed of a micro-controller (U1), a reset
circuit (U2) and a crystal oscillator circuit (U3). The RS232 serial communication unit comprises
a serial asynchronous communication interface (U6) and an RS232-level converter (U15). The RF
transceiver contains a synchronous serial interface (U4), a universal input/output interface (U5), a
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Fig. 6. Schematic drawing for the localization principle. C denotes the center of the robot. A and D denote
respectively the two detectors, and B denotes the allocated landmark. E and F are respectively the projections
of A and D onto the ground. |BN | and φ are the range and the bearing of the landmark B.

data coding unit (U7), an RF controller (U8) and a modulation and demodulation units (U9), wherein
U7, U8 and U9 are realized with the chip CC1000. The ultrasonic transmitter is composed of a
transmitting controller unit (U10) and a transmitting driver unit (U11). The ultrasonic receiver is
made up of a receiving processor unit (U12), a receiving controller unit (U13) and a reference voltage
unit (U14).

5.2. Localization principle
As shown in Fig. 6(a), C denotes the center of the robot platform, N is the projection of C onto the
groundplane and B denotes the observed landmark. If two detectors are installed at positions A and
D with the same given height, and satisfy|AM| = |MD|, the range |BN | and the bearing φ of the
observed landmark can be calculated by using the law of cosines. Since both lines AF and DE are
orthogonal to the ground, from Fig. 6(b) we get,

|AB|2 = (|AD| + |DK|)2 + |BK|2 , |BD|2 = |DK|2 + |BK|2 . (25)

|BM|2 = (|MD| + |DK|)2 + |BK|2
= (|AD|/2 + |DK|)2 + |BK|2

= |DK|2 + |BK|2 + |AD|2/4 + |AD| · |DK|

= |BD|2 + |AB|2
2

− |AD|2
4

. (26)
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Besides, |AD| and |MN | are known, and |AB|, |BD| can be measured, thus |BN | can be
determined by

|BN | =
√

|BM|2 − |MN |2 =
√

|BD|2 + |AB|2
2

−
(

|MN |2 + |AD|2
4

)
. (27)

The derivation of φ is given as follows. According to the law of cosines, we get Eqs. (28) and (29)
from Fig. 6(c),

cos α = |BN |2 + |FN |2 − |BF |2
2 · |BN | · |FN | , (28)

cos β = |BN |2 + |EN |2 − |BE|2
2 · |BN | · |EN | . (29)

Substituting Eqs. (28) and (29) into the following equation,

cos α − cos β = 2 cos α

= |BE|2 − |BF |2
2 · |BN | · |FN |

= (|BD|2 − |DE|2) − (|AB|2 − |AF |2)

2 · |BN | · |FN |

= |BD|2 − |AB|2
2 · |BN | · |FN | . (30)

Then, we get,

α = arccos

( |BD|2 − |AB|2
4 · |BN | · |FN |

)
. (31)

Thus,

φ = π

2
− arccos

( |BD|2 − |AB|2
4 · |BN | · |FN |

)
. (32)

Using the range |BN | and the bearing φ, the robot can estimate the landmark position with the
EKF described in Section 2.

5.3. Design of the device for allocating landmarks
The device for allocating landmarks is made up of a magazine, two conventional motors, two metal
baffle plates and a controller, as illustrated in Fig. 7. Multiple landmarks to be allocated in turn
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Fig. 7. (Colour online) Device for landmark allocation.

are arranged in the magazine. In our experimental system, the controller for allocating landmarks is
realized by 8051 MCU. Figure 7(a) depicts the working principle of the designed device. Each time the
mechanism is triggered, the controller drives motor 2 to drop down baffle 2. After a landmark slides
down between two baffles, baffle 2 will come back to the initial position. Then baffle 1 is dropped
down by motor 1 such that the landmark falls onto the ground. Figure 7(b) shows the top-view photo
of the allocating device.

6. Experimental Results

6.1. Exploration with a real robot
The experimental platform is a Pioneer 3-DX mobile robot equipped with some landmarks and the
mechanical device for allocating landmarks, as depicted in Fig. 8. We fixed two landmark detectors
onto a plastic shelf. Since the ultrasonic sensor transmits cone-shaped signals, we let the central axis
of the ultrasonic signals be perpendicular to the ground. As a result, the sensing region of the detector
formed a disc on the ground. The height of the detectors above the ground was 2.16 m, thus the
detecting radius of the sensing disc was about 1.82 m.
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Fig. 8. Experimental platform.
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Fig. 9. (Colour online) One of the experimental results. The robot allocated eight landmarks, which could cover
the environment. The uncertainty of the robot pose and the errors of the landmarks are respectively shown in
(b) and (c).

https://doi.org/10.1017/S0263574713001033 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574713001033


Active exploration based on landmark allocation 775

0 2 4 6 8 10 12 14 16 18 20
0.01

0.015

0.02

0.025

0.03

0.035

0.04

0.045

0.05

0.055

Experiment number

E
rr

or
s 

(m
)

 

 

Errors of the robot positions

Mean errors of the landmark positions

0 2 4 6 8 10 12 14 16 18 20
–1

–0.5

0

0.5

1

1.5

2

2.5

3

3.5

4

Experiment number

N
um

be
r 

of
 la

nd
m

ar
ks

 

 

Number of supplemented landmarks

Number of deleted landmarks

(a) Errors of the robot position and the landmark positions. 

(b)  The number of supplemented and deleted landmarks.

Fig. 10. Statistical result of 20 experiments.

Experiments were conducted in our lab with a size of 10 m × 4 m. The feasible control inputs were
u1 = {0.1, 0.2, 0.5} m/s, u2 = {−π/2, −3π/8, −π/4, −π/8, 0, π/8, π/4, 3π/8, π/2} rad/s. The
weights in Eq. (22) were ω1 = ω2 = ω3 = 1/3. Figure 9 provides the experimental result. The robot
allocated eight landmarks when the environment was completely explored, as shown in Fig. 9(a).
These landmarks could cover the whole environment and no landmark was redundant. Figure 9(b)
shows the uncertainty of the robot pose. It can be seen that the uncertainty of the robot pose remained
on a reasonably low level during the whole exploration process. When the experiment terminated, the
ground truth of the robot position and the allocated landmark positions were measured. The error of
the robot position was 0.031 m. Figure 9(c) shows the position errors of eight landmarks versus time.
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Fig. 11. (Colour online) One of the simulation results of landmark allocation. The robot allocated seven
landmarks and supplemented one landmark.

We performed the experiments in the same environment for 20 times. The robot position errors
and the mean absolute errors of all the allocated landmarks in 20 experiments are shown in Fig. 10(a).
These errors were measured when the robot stopped exploring the environment. Figure 10(b) shows
the number of supplemented and deleted landmarks.

We also conducted the simulations under the same conditions for 20 times. Figure 11 gives one
of the simulation results, in which the robot supplemented one landmark A1, and no landmark was
redundant. The robot position errors and the mean absolute errors of all the allocated landmarks
in 20 simulations are shown in Fig. 12(a). These errors were also computed when the robot
stopped exploring the environment. Figure 12(b) shows the number of supplemented and deleted
landmarks.

It is shown from the simulation and experiment results that landmark supplementation was
implemented in most cases, but redundant landmarks appeared in only three experiments and
three simulations. The reason is that in such a small-scale environment, the robot only needed to
travel short distance to cover the environment with the on-board sensor. As a result, some regions,
especially the regions adjacent to the environment boundary, could not be covered by the allocated
landmarks, although they were already covered by the robot sensor. When this happened, the robot
had to supplement some new landmarks into these regions to achieve a complete coverage for the
environment with the landmarks.

6.2. Simulation results in a large-scale environment
To get a more quantitative assessment, we performed several simulation experiments in an
environment with a size of 100 m × 60 m. The initial pose of the robot was XR(0) =
[0, 0, 0]T , the control period was T = 0.25 s, ω1 = ω2 = ω3 = 1/3, dmax = 15 m, Q =
diag{0.32, 0.32, 0.052, 0.32, · · · , 0.32}, R = diag{0.22, 0.042}, Ct = 0.1, H = 3 T and �Pt =
0.25. For simplicity, the control inputs were discretized as u1 = {0.5, 1.0, 1.5, 2.0} m/s, u2 =
{−π/2, −3π/8, −π/4, −π/8, 0, π/8, π/4, 3π/8, π/2} rad/s. Figure 13 shows the simulation result
in which “—” represents the estimated motion trajectory of the robot, “∗” represents the exact
positions of the landmarks and “+” denotes the estimated results. If the robot found that a collision
with the environment border could happen, it would turn back with 180◦ to avoid collisions. By the
time the robot completed active exploration, 26 landmarks had been allocated. Then one landmark
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(a) Errors of robot position and landmark positions. 

(b)  The number of supplemented and deleted landmarks. 

Fig. 12. Statistical result of 20 simulations.

A1 was supplemented and seven landmarks D1–D7 were removed. Finally, the whole environment
was covered by 20 landmarks. Figure 14 gives another simulation result, in which the robot allocated
25 landmarks and no landmark was required to be supplemented, since the whole environment
had been covered by these landmarks, and then six landmarks D1–D6 were deleted. Finally, the
whole environment was covered by 19 landmarks. The above simulation results demonstrate that our
approach to the active exploration is effective and stable.

During the simulations we found that the parameter �Pt had some impact on experimental results.
Thus, we also implemented a set of simulations from �Pt = 0.1 to 0.60 with an interval of 0.05. For
each given �Pt , 20 trials were done and the mean error and uncertainty were calculated. The results
are shown in Fig. 15. Furthermore, the average number of supplemented landmarks and their standard
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(a) Frontier between the explored and unexplored regions. (c) One landmark A1 is supplemented.

(d) Seven landmarks D1–D7 are deleted.(b) 26 landmarks are allocated after the environment is
covered by robot sensor.

Fig. 13. (Colour online) One simulation result of active exploration. The robot allocated 26 landmarks,
supplemented one landmark and deleted seven landmarks.

deviations, together with the average number of deleted landmarks and their standard deviations are
shown in Fig. 16 respectively.

It can be seen from Figs. 15 and 16 that the number of landmarks allocated during the active
exploration process reduced as �Pt increased, so did the accuracy of localization and mapping,
and the robot needed to supplement more landmarks. If we chose �Pt between 0.20 and 0.25, the
robot allocated an appropriate number of landmarks, and a sufficiently accurate SLAM could also
be achieved. In some environments, deletion of redundant landmarks is inaccessible since the extra
processing time is required for this operation. In such cases, we can increase �Pt accordingly to
tighten the condition for landmark allocation. As a result, the robot allocates few redundant landmarks.
Besides, deletion of a small quantity of redundant landmarks is not very necessary, because they can
also help the robot to improve the accuracy of localization and mapping.

Compared with the experiment and simulation results in Section 6.1, it is shown that the robot
deleted more and supplemented fewer landmarks in a large-scale environment, since in such an
environment, the robot had to travel a much longer distance to cover the environment with its sensor.
Especially, the robot might travel long distance from one boundary region of the environment to the
opposite one in order to detect all the boundary regions. As a result, lot of local regions could be
traversed for multiple times and multiple landmarks could be allocated at each of these regions. On
the contrary, the robot could cover a small-scale environment with fewer scans and shorter distance.
Thus, most local regions could only be traversed once and fewer landmarks were allocated such that
somewhat more landmarks had to be added.
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(a) Frontier between the explored and unexplored regions. (c) No landmark is supplemented. 

(d) Six landmarks D1–D6 are deleted.(b) 25 landmarks are allocated after the environment is
covered by robot sensor.

Fig. 14. (Colour online) Another simulation result of active exploration. The robot allocated 25 and deleted six
landmarks.
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Fig. 15. (Colour online) Error and uncertainty affected by the threshold �Pt .
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Fig. 16. (Colour online) Number of landmarks affected by the threshold �Pt .

7. Conclusions
In this paper, the active exploration and SLAM have been solved based on a novel approach
to autonomous allocation of landmarks in unknown environments without sufficient features and
artificial landmarks. Multiple objectives, including the accuracy of SLAM, the coverage rate and the
predictive utility of the allocated landmarks, were integrated to guide the robot to allocate landmarks
at appropriate positions. Simultaneously, the robot estimated the positions of the allocated landmarks
and used them for self-localization. Then the completeness and non-redundancy of the landmark
allocation were achieved by adding and removing some landmarks at right positions.

Using the proposed scheme, the robot can accomplish landmark allocation, localization and
mapping simultaneously such that it can explore the environments in the absence of sufficient
landmarks/features. Thus, our scheme can promote the classical SLAM to more general exploration
for unknown environments. Furthermore, the proposed approach can also be extended to deal with
the SLAM using other sensors, such as the vision sensors and the RFID.

In the future research we will investigate the possibility of extending this method to explore
unknown environment with obstacles. In such a case, the robot will allocate landmarks and localize
itself based on the landmark positions, simultaneously building the map for the obstacles.
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