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Abstract

Simultaneous localization and mapping (SLAM) is a well-known and fundamental topic for autonomous
robot navigation. Existing solutions include the FastSLAM family-based approaches which are based
on Rao–Blackwellized particle filter. The FastSLAM methods slow down greatly when the number of
landmarks becomes large. Furthermore, the FastSLAM methods use a fixed number of particles, which
may result in either not enough algorithms to find a solution in complex domains or too many particles
and hence wasted computation for simple domains. These issues result in reduced performance of the
FastSLAM algorithms, especially on embedded devices with limited computational capabilities, such as
commonly used on mobile robots. To ease the computational burden, this paper proposes a modified
version of FastSLAM called Adaptive Computation SLAM (ACSLAM), where particles are predicted
only by odometry readings, and are updated only when an expected measurement has a maximum like-
lihood. As for the states of landmarks, they are also updated by the maximum likelihood. Furthermore,
ACSLAM uses the effective sample size (ESS) to adapt the number of particles for the next generation.
Experimental results demonstrated that the proposed ACSLAM performed 40% faster than FastSLAM
2.0 and also has higher accuracy.

1 Introduction

Simultaneous localization and mapping (SLAM) is a significant algorithm for robots to navigate in
unknown environments. The pose of the robot and landmarks are estimated and built based on odom-
etry as well as expected sensory measurements. Throughout the existing SLAM methods, there are two
well-known approaches including extended Kalman filter (EKF)-SLAM (Smith and Cheeseman, 1986)
and FastSLAM (Montemerlo et al., 2002). The former one employs odometry and expected sensory
measurements to derive the mean and covariance of the EKF, which are accordingly used to estimate a
fully correlated posterior over landmarks and robot poses through incremental prediction and correction
steps. EKF-SLAM tackles the SLAM problem very well; however, EKF-SLAM converges very fast only
when the robot system is linear, which is usually not practical enough in a real world. Hence, in order
to speed up the EKF-SLAM under nonlinear system and environment, there are several contributions
proposed to improve the overall performances. In Dissanayake et al. (2002) and Williams et al. (2002),
map management methods were proposed to avoid unsuitable landmarks, increasing the accuracy of
the robot pose and landmarks estimation. Several soft-computing approaches (Chatterjee and Matsuno,
2007; Chatterjee, 2009; Chatterjee and Matsuno, 2010) were also presented to improve the robustness of
EKF-SLAM algorithms. Nevertheless, the computational complexity and sensitivity to failures in data
association still remain two significant and serious shortcomings for EKF-SLAM family, which is no
exception for the above-mentioned approaches.
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To overcome the drawbacks of EKF-SLAM, FastSLAM algorithms were proposed based on a Rao–
Blackwellized particle filter (RBPF) (Murphy, 2000). The basic idea of FastSLAM methods is that the
SLAM problem is decoupled into localization and mapping problems, where the former one uses parti-
cle filters (PFs) to track the pose of the robot, whereas the latter one adopts EKF to converge the pose
of landmarks. Different from EKF-SLAM, FastSLAM allows each landmark to be approximated by a
corresponding single EKF. By doing so, the heavy computational burden from dealing with large matrix
can be avoided, which is the main drawback of the EKF-SLAM. Basically, there are two popular types
of FastSLAM including FastSLAM 1.0 (Murphy, 2000) and FastSLAM 2.0 (Montemerlo et al., 2003).
FastSLAM 1.0 estimates the pose of the robot only conditioned on the odometry readings, whereas
FastSLAM 2.0 introduces sensory observations to improve the prediction of the particle distribution.
Nevertheless, the runtime of FastSLAM 2.0 could increase dramatically when the number of landmark
increases, especially when the robot is in large-scale environment.

To address the problem of FastSLAM algorithms, several variants (Yang et al., 2013; Hsu and Yang
et al., 2017; Hsu and Wang et al., 2017) were proposed to update landmarks only in a certain range with
respect to the pose of the robot so that the overall efficiency can be increased, even when the SLAM sys-
tem performs in large-scale environment (Baltes et al., 2017). However, there is still room for improving
the accuracies of localization. As a consequence, this paper aims to propose a SLAM system, namely
the ‘adaptive computational SLAM’ (ACSLAM) based on computationally efficient SLAM (CESLAM)
algorithm to increase the overall runtime by adaptively changing the effective sample size (ESS), and
provides better estimations of the robot pose as well. Moreover, the ability of exploring the environ-
ment autonomously is also employed based on the frontier technique (Yamauchi, 1997; Yamauchi, 1998;
Keidar and Kaminka, 2012; Uslu et al., 2015), and potential field method (Goodrich, 2002; Tang et al.,
2010) is introduced to provide a path for the robot to move on. Hence, without the need to pre-design
paths for the robot, the proposed ACSLAM algorithm is capable of estimating the pose of the robot,
building the surrounding environment represented by several landmarks, and exploring the whole indoor
environment by moving on a preferable path. To demonstrate the effectiveness of the proposed SLAM
system, a laser range finder (LRF) and a Pioneer 3-DX are used to conduct various experiments in indoor
environments with lots of obstacles. For easy reference, Figure 1 shows the flow chart of the proposed
SLAM system.

The remainder of this paper is as follows: Section 2 describes the preliminaries of FastSLAM algo-
rithms. Section 3 introduces the proposed ACSLAM method. Frontier-based exploration and potential
field path planning method are presented in Sections 4 and 5, respectively. Simulations and experimental
results are revealed in Section 6 to demonstrate the effectiveness of the proposed SLAM system. Finally,
conclusions are drawn in Section 7.

2 Preliminaries of FastSLAM

FastSLAM algorithm is a famous approach to solve the SLAM problem, which separates the SLAM
problem into two issues including robot localization and landmarks estimation by using a RBPF described
as shown in Equation (1),

p
(
st, θ

∣∣zt , ut, nt
) = p

(
st

∣∣zt, ut, nt )
K∏
k=1

p
(
θk

∣∣xt, zt, ut, nt ) (1)

where st = {s1, s2, ... st} shows the path of the robot from time 0 to t, θk (k= 1, ...,K) represents the states
of landmarks which have been recorded, zt = {z1, z2, ..., zt} is the sensory observations obtained from the
robot sensor, ut = {u1, u2, ... ut} is a set of control inputs from time 0 to t, and nt = {n1, n2, ..., nt} shows
the number of landmarks being recorded at every single time.

Because the FastSLAM algorithm employs PF to predict the pose of the robot and introduces EKF
to estimate the states of landmarks, each state of a particle consists of its own pose as well as the set of
mean and covariance of landmarks. This can be described by the following equation,

Smt = {
smt , um1,t, �m

1,t, ..., umK,t, �m
K,t

}
(2)
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Figure 1 Flow chart of the proposed SLAM system

where smt is the estimation of the state of the robot of the m-th particle at time t, whereas umK,t and �m
K,t,

respectively, represent the mean and covariance of the k-th landmark. It is worth noting that the state of
the robot includes the position sx and sy as well as the orientation sd, that is, smt = {

sx, sy, sd
}
. Algorithms

such as FastSLAM 1.0, FastSLAM 2.0, and CESLAM use fixed size of the particle population during
the whole process. However, the overall computational time is actually linearly dependent on the number
of particles. In other words, the more particles the system uses, the more computational time is required
to perform. On the other hand, less number of particles would lead to inaccurate localization result due
to the fact that a sparse probability density function is developed for estimation. As a consequence, an
ACSLAM algorithm is proposed in this paper in order to seek for a trade-off number of particles in the
process of performing the SLAM algorithm, which is described in detail in the Section 3.

3 Adaptive computational SLAM

To adaptively tune the number of particles, ACSLAM uses the ESS (Uslu et al., 2015) to decide the
population size of the next generation. If the value of ESS is large, it implies that the differences of
importance weights between particles are relatively small. On the other hand, the similarities between
particles are not obvious. Hence, the basic idea of ACSLAM is that it decreases the number of particles
if ESS is relatively large, while increases the number of particles if ESS is small enough. Figure 2 shows
the complete flow chart of the ACSLAM, and detailed descriptions are listed below as follows.

3.1 Generate a new proposal

For each particle m = 1 . . .M, a probabilistic guess of the pose of the robot is generated according to the
previous state and the control input at the current time t, in which the control input is generally regarded
as the odometer measurements.

ŝmt ∼ p
(
st

∣∣smt−1, ut
)

(3)
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Figure 2 Flow chart of the ACSLAM

3.2 Data association

Estimated measurements are derived according to the sensor model g, where the position of the robot and
the state of landmarks are employed.

ẑmt = g
(
ŝmt , θmk,t−1

)
(4)

where k = 1 . . . N. To avoid updating unnecessary landmarks, ACSLAM investigates whether the esti-
mated measurement of each corresponding landmark lies inside the range of LRF. If it is outside the
range, the corresponding likelihood is assigned to zero and further calculations are neglected. Otherwise,
the likelihood of the landmark k is determined based on the estimated sensory measurement ẑk,t derived
in Equation (4) and the real sensory observation zt, as shown in the following equation,

pmk = 1√|2πVk| exp
(

−1

2

(
zt − ẑk,t

)T
(Vk)

−1
(
zt − ẑk,t

))
(5)

In Equation (5), a quadratic form of an innovation covariance matrix Vk for each particle, describing the
Jacobian of the expected measurements with respect to the states of landmarks, denoted as Hθk , with an
addictive noise Rt, is shown in the following equation,

Vk =Hθk�
m
k,t−1H

T
θk

+ Rt (6)

where Hθk is the Jacobian of measurement model with respect to landmark k,

Hθk = ∂g
(
ŝmt , θmk,t−1

)
/∂θmk,t−1. (7)
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Then, a threshold is given to investigate whether the observed landmarks are required to be created or not.
If the likelihood in Equation (5) is larger than the threshold, then the corresponding landmark is regarded
as the newly observed one. It is accordingly created as new landmarks for the corresponding particle. In
contrast, the corresponding landmark will be updated, which is described in the followings.

3.3 Updating the particle state and the landmark estimates

Before updating the landmark, the state of the particle is prior to be updated, in which the mean and the
covariance of the robot pose are determined by Equations (8) and (9), respectively,

�m
st,t =

[
HT
st(Vk)

−1Hst +
(
�m
st,t−1

)−1
]−1

(8)

μm
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T
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−1
(
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) + μm
st,t−1, (9)

where Hst is the Jacobian of measurement model with respect to the pose of particle m,

Hst = ∂g
(
ŝmt , θmk,t−1

)
/∂ ŝmt . (10)

After updating the pose of particles, landmarks are updated according to the following three equations,

Kt = �m
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T
θn̂
V−1
n̂,t (11)

μk
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(
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)
(12)

�m
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(
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)
�m
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3.4 Derivation of effective sample size

The ESS is defined as follows,

ESSt = M

1+ cv2t
, (14)

where M is the number of particles, cvt2 is the coefficient of variation of importance weights,

cv2t = 1

M

M∑
i=1

(Mw (i) − 1)2. (15)

To adaptively change the particles’ population size, the maximum and minimum numbers of particles,
Mmax and Mmin, are prior to be pre-designed, respectively, and the value of ESS ranges from zero to E.
The relationship between the number of particles and ESS can be illustrated by Figure 3.

As a result, the number of particles of the next-generation P is defined as follows,

P=Mmax + (ESSt × slope). (16)
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By determining Equation (16), a trade-off population size is provided and the proposed ACSLAM is able
to maintain the estimation accuracies in terms of localization while avoiding extra computational time
caused by too many particles distributed around the robot pose.

4 Frontier-based exploration

In most SLAM algorithms, control signal is often pre-designated. However, to develop a fully
autonomous and intelligent SLAM system, the robot is responsible for exploring the environment by
itself. Hence, to solve this problem, this paper employed a strategy based on the frontier-based exploration
method (Yamauchi, 1998; Murphy, 2000; Montemerlo, 2003), which provides boundaries, or frontiers,
between open spaces and uncharted territories for the robot to move toward. As the robot moves for-
ward to the frontiers, the map is explored and the boundaries are updated as well. As a result, such
method accordingly allows the robot to explore the whole unknown environments after no frontiers are
remained at all. However, the number of frontiers may increase excessively as the exploration continues.
Therefore, to effectively explore the environment, SLAM algorithm incorporating frontier-based method
is proposed, which is described in detail below (Figure 4).

4.1 Creations of frontiers

In Figure 5(a), the half circle represents the area covered by the LRF. Let the boundary between area
a and b be denoted as s. Then, for the case when obstacles are all located outside the range of sensory
observations, five frontiers are set on boundary s corresponding to 0, 45, 90, 135, and 180 degrees of laser
measurements. These frontiers are represented by the black circles, as shown in Figure 5(b). On the other
hand, if the robot encounters an obstacle as shown by a black square in Figure 5(c), the robot only creates
four frontiers. All frontiers are stored in the Frontier curr. Before the next step, we put the Frontier curr
into Frontier temp, as shown in Figure 6.

4.2 Frontier deletion and the final set

After all frontiers are created, the robot then moves a meter forward and new frontiers are created and
stored in the Frontier curr. However, we can see from Figure 7 that there are several frontiers created at
the previous time being covered by the robot sensor at the current time. These frontiers are shown by the
hollow circles in Figure 7 and are not considered as frontiers anymore. Therefore, they are deleted from
the Frontiers temp. As a result, the Frontier temp is updated to include the newly created frontiers stored
in Frontier curr.

5 Potential field path planning

Since the frontiers imply the directions that the robot has to move toward, the potential field method is
employed rather than A∗ path planning algorithm (Bennewitz et al., 2002) due to the fact that it provides
smoother paths and keeps the robot from moving closely along the obstacles, especially for the convex
ones. As shown in Figure 8, the whole potential field basically consists of two potentialities according to
the goal where the robot has to move to, and the obstacles which are landmarks created by the proposed
SLAM system. The two potentialities include the Attractive (Goal) and Repulsive (Obstacle) one, in
which the former allows the robot to move along the directions pointing to the goal and the latter is
responsible for keeping the robot from colliding with obstacles.

As shown in Figure 9, let (xG, yG) and rG, respectively, denote the position and the radius of the goal
on the field and sG denotes a threshold describing the distance to the goal. Therefore, the magnitude of
the vectors in x and y directions is derived as the following equations,

�xG =

⎧⎪⎪⎨
⎪⎪⎩

0, if d< rG

α(d− rG) cos(θ), if rG ≤ d≤ sG + rG

αsG cos(θ), if d> sG + rG

(17)
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�yG =

⎧⎪⎪⎨
⎪⎪⎩

0, if d< rG

α(d− rG) sin(θ), if rG ≤ d≤ sG + rG

αsG sin(θ), if d> sG + rG

(18)

where d and θ are the distance and angles of the goal to the position (x, y). If the robot reaches the goal,
�x and �y are set as zero since there is no need for the robot to move anymore. On the other hand,
if the robot is in the circle with the radius d= sG + rG, the magnitude of the vector is accordingly set
proportional to the distance to the goal. As for the case if the robot locates outside the circle with radius
d= sG + rG, the vector magnitude is set as the maximum value.
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Figure 5 Set the current frontiers from the laser

Figure 6 Frontiers curr and Frontiers temp

Figure 7 Delete the known frontiers

Figure 8 Diagrams of (a) the goal vector and (b) the obstacle vector



Adaptive computational SLAM 9

Start

ACSLAM

Detect frontiers

Any goal? Reach the 
goal?

Choose the 
nearest frontier 
to be the goal

Sum up goal 
and obstacles 
potential field

Y

N

Y

N

Move the robot

Path planning
with potential field

Figure 9 Flow chart of the potential field method incorporated in the proposed SLAM system

Regarding the repulsive potential, let (xO, yO) and ro represent the position and the radius of the
obstacle, respectively. The magnitude of the vectors �xkO (k= 1, ...,K) and �ykO (k= 1, ...,K) for the
k-th obstacle in the map is expressed as follows,

�xkO =

⎧⎪⎪⎨
⎪⎪⎩

−sign(cos(θ))∞, if d< ro

−β(sO + rO − d) cos(θ), if ro ≤ d≤ so + ro

0, if d> sG + rG

(19)

�ykO =

⎧⎪⎪⎨
⎪⎪⎩

−sign(sin(θ))∞, if d< ro

−β(sO + rO − d) sin(θ), if ro ≤ d≤ so + ro

0, if d> sG + rG

(20)

In the repulsive potential field, vectors are pointed out from the center of the obstacle and the magnitude is
infinite. Outside the circle with radius d= sO + rO, magnitudes are set as zero. Otherwise, the magnitude
grows from zero to β (s) if the robot locates outside the circle with radius rO.

With �xG and �yG derived by the attractive potential field as well as
K∑
k=1

�xkO and
K∑
k=1

�ykO obtained

by the repulsive one, respectively, the integrated potential field for the robot can be determined by using
the following equations,

�x= �xG +
K∑
k=1

�xkO (21)
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Figure 10 A bit map with resolution of 500 × 500 for simulations

�y= �yG +
K∑
k=1

�ykO (22)

where the velocity v=
√(

�x2 + �y2
)
as well as the angle θ = tan−1 (�y/�x) can be derived for the

robot. The goal for the robot to move toward is designed as the nearest frontier in the Frontiers. From
the aforementioned, the proposed system is now capable of exploring the environment by moving on the
path provided by the potential field method after frontiers are obtained. A brief overview of the potential
field algorithm incorporated in the proposed SLAM system can be seen by the flow chart shown below.

6 Simulations and experiments

6.1 Experimental setup

To evaluate the performances of the proposed SLAM system, several simulations and experiments are
conducted. The software environment is Visual Studio 2010 Express with OpenCV library, and a personal
computer with Intel Core i7 3.06 GHz, 6 GB RAM is employed for simulations. On the other hand,
a laptop with Intel Core i5-3317U 1.70 GHz, 6 GB RAM is used as the processing platform and a
SICK LMS100 LRF and a Pioneer 3-DX mobile robot are provided to obtain sensory measurements and
odometer readings.

There are two cases designed for conducting simulations and experiments, where a bit map with a
resolution of 500 × 500 pixels is introduced for simulations, and an indoor environment with the size of
480 cm × 480 cm is provided for experiments. Parameters such asMmax andMmin mentioned in Figure 3,
respectively, are set as 20 and 10. It is worth noting that there is no Gaussian noise employed in the second
case of simulations, while other cases contain zero mean Gaussian noises with a variance of 0.1 pixel.

6.2 Simulation results

6.2.1 Case I
The map provided in this case is shown in Figure 10, while the dynamic number of particles for each
step is presented in Figure 11. The average population size in the proposed ACSLAM is 16; hence, 16
particles are used for other SLAM algorithms to reach a fair comparison.

Figure 12 shows the simulation results of different algorithms, where the path in gray is the localization
results of the best particle and the path in pink is the ground truth of the robot trajectory. Green dots
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Figure 11 Dynamic number of particles

Figure 12 Simulations of various SLAM algorithms

represent all particles in the SLAM algorithm. The brown circles with a black dot are the landmarks.
The estimations of landmarks are shown in red circles. LRF is shown by blue lines. As demonstrated
in Figure 12, the accuracy of robot localization proposed by ACSLAM is better than FastSLAM 1.0,
FastSLAM 2.0 and CESLAM.

In Figure 13, the blue line represents the mean (m) of the x localization error for each step, while
the black lines are the covariance (v) of the x localization error for each step. As for the y localization
error, Figure 14 shows the simulation results. Table 1 shows the average localization error and runtime
results of 10 independent runs for various SLAM algorithms. The average localization error represents
the average localization error between the estimated pose of robot and the real ones.
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Figure 13 Mean and covariance of x error

Figure 14 Mean and covariance of y error

6.2.2 Case II
We use two maps to challenge the proposed ACSLAM as shown in Figure 15 (a) and (b), where the
former one consists of sparse landmarks and the latter is provided with several compressed landmarks.
The LRF used in our simulations ranges from 0 to 180 degrees, and the maximum distance of the LRF is
110 pixels.
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Table 1 Simulation results

SLAM algorithms FastSLAM 1.0 FastSLAM 2.0 CESLAM ACSLAM

Runtime (s) 67.26 99.46 56.53 56.64
Average localization error (pixel) 6.42 2.15 1.95 1.15

SLAM, simultaneous localization and mapping.

Figure 15 Two different maps for the simulation

Figure 16 The process of ACSLAM for mapping

Figure 16 depicts the simulation results of the ACSLAM processes. The blue dot is the position of
the robot, and the red circles are the estimations of landmarks. We can see from the figure that robot
successfully explores the whole environment based on the proposed SLAM system.

Figure 17 shows the processes of setting the frontiers, which is in correspondence with Figure 16. The
blue dot is the pose of the robot, while the green dot is the goal chosen from the nearest frontier. The set
of Frontiers is shown in red dots.

Figure 18 is the potential field shown in correspondence with Figures 16 and 17. The blue lines are
laser range scanning. Red circles are estimations of landmarks, and the black lines are the magnitude and
direction of the potential field.

As for the map shown in Figure 15 (b), Figure 19 presents the simulation results of the ACSLAM.
Identically, the blue dot is the position of robot, and the red circles are estimations of landmarks. Figure
20 shows the frontiers in correspondence with Figure 19.

Figure 21 is the potential field in correspondence with Figures 19 and 20. Table 2 shows the runtime
efficiency by using the maps, as shown in Figure 15.
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Figure 17 The process of setting the frontiers

Figure 18 The potential field nearing the robot

Figure 19 The process of ACSLAM for mapping

Figure 20 The process of setting the frontiers
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Table 2 Runtime efficiency of the exploration adaptive computational
simultaneous localization and mapping with different maps

Map Runtime (s)

Sparse landmarks 854
Compressed landmark 1577

Figure 21 The potential field nearing the robot

Figure 22 Experimental environment of case I

6.3 Experimental results

6.3.1 Case I
In case I, we use the experimental map as shown in Figure 22, to execute the four independent experi-
ments, and the results are shown in Figure 23. Because the robot explores the environment automatically
with different initial poses, the paths are totally different for the four experiments. Table 3 shows the
average number of particles and the runtime corresponding to Figure 23.

6.3.2 Case II
In case II, using more complicated map to execute the algorithm as shown in Figure 24, four independent
experiments are also conducted as well. The experimental results are shown in Figure 25. The path in
gray is the localization of the best particle. Table 4 shows the average number of particles and the runtime
efficiency. According to the experimental results of the two cases, we can firmly state that the proposed
SLAM system is capable of building the map and exploring the environment successfully.
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Table 3 Experimental results in case I

ACSLAM Average number of particles Runtime (s)

a 17 2340.63
b 17 1200.36
c 17 1620.20
d 17 1201.44

ACSLAM, adaptive computational simultaneous localization and
mapping.

Figure 23 Experimental results in case I

Figure 24 Experimental map in case II
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Table 4 Experimental results in case II

ACSLAM Average number of particles Runtime (s)

a 17 2220.60
b 17 1681.26
c 17 2034.32
d 18 2009.91

ACSLAM, adaptive computational simultaneous localization and
mapping.

Figure 25 Experimental results in case II

7 Conclusion

In this paper, a SLAM system with the ability of exploring the whole environment while performing the
SLAM algorithm concurrently is proposed based on the CESLAM algorithm. By determining the values
of ESS to decide the population size of the next generation, the number of particles of ACSLAM can
adaptively change as the iteration continues. This not only decreases the overall runtime efficiencies but
also increases the accuracies of robot localization. Moreover, in order to explore the environment by the
robot itself without the need to predesign a path priorly, a frontier-based exploration method is incor-
porated to the ACSLAM algorithm. To move to the frontiers, a path is provided by using the potential
field method. Several simulations and experiments have verified the effectiveness of the proposed SLAM
system in comparison with various other SLAM techniques.
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