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Adaptive Monte Carlo localization (AMCL) algorithm has a limited pose accuracy because of the nonconvexity of the laser sensor
model, the complex and unstructured features of the working environment, the randomness of particle sampling, and the final pose
selection problem. In this paper, an improved AMCL algorithm is proposed, aiming to build a laser radar-based robot localization
system in a complex and unstructured environment, with a LIDAR point cloud scan-matching process after the particle score
calculating process. The weighted mean pose of AMCL particle swarm is used as the initial pose of the scan matching process.
The LIDAR point cloud is matched with the probability grid map from coarse to fine using the Gaussian-Newton method,
which results in more accurate poses. Moreover, the scan-matching pose is added into the particle swarm as a high-weight
particle. So the particle swarm after resampling will be more concentrated in the correct position. The particle filter and the
scan-matching process form a closed loop, thus enhancing the localization accuracy of mobile robots. The experiment results
demonstrate that the proposed improved AMCL algorithm is superior to the traditional AMCL algorithm in the complex and
unstructured environment, by exploiting the high-accuracy characteristic of scan matching while inheriting the stability of AMCL.

1. Introduction

With the continuous expansion of robot applications, the
working environment that robots confront with has become
increasingly complex and unstructured. For intelligent mobile
robots, the biggest technical challenge is to have the ability to
sense the environment and acquire the perceptual information
for autonomous localization, navigation, and driving control.
In particular, it is more important for autonomous localiza-
tion in unstructured complex environments. In a structured
environment, the information perceived on the ground can
be converted into a simple boundary structure to guide the
formation of a perceptual behavior strategy. But in an unstruc-
tured environment with unevenness of the ground or different
sizes of obstacles, it is difficult to describe the environment
as a regular structure with the perceptual information of the

environment, which increases the difficulty of autonomous
localization of the robot. In addition, some complex terrains
such as ravines and muddy ground in unstructured environ-
ments and bad weather such as rain, snow, fog, and dust can
also affect localization accuracy and robustness.

So far, the problem of autonomous localization has
been widely discussed in mobile robot systems. In the past
decades, mobile robot localization technology can reliably
complete positioning in some specific application scenar-
ios. But achieving high-precision and high-reliability local-
ization in a complex unstructured environment is still a
challenging task.

In an industrial practical application scenario, the
mobile robot’s operating environment is generally fixed at a
period of time [1]. Probabilistic localization methods have
been proven to be robust in this static environment. The
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probabilistic localization method is mainly based on
extended Kalman filter [2], histogram filter, and particle
filter, namely Monte Carlo localization (MCL) [3]. Lidar sen-
sors are often used in robot localization and obstacle avoid-
ance because they can accurately measure the distance of
obstacles without complex image preprocessing like visual
sensors. In particular, in industrial environments, most
industrial robots are equipped with lidars to sense the envi-
ronment, avoid obstacles, and apply the brakes. In the litera-
ture [4, 5], a standard Monte Carlo positioning method is
used on the SICK Lidar with a localization error of about
0.05m to 0.2m. In the literature [6], a localization algorithm
based on extended Kalman filter is used on the Pioneer2
robot with SICK Lidar; the pose error is approximately
0.25m, 3.5°.

The Monte Carlo localization algorithm is a probabilistic
localization algorithm applied to a two-dimensional occupa-
tion grid map [7], which uses the particle filter algorithm [8].
Particle swarm is used to describe and track the current pos-
sible pose of mobile robots in known maps [5]. It could esti-
mate pose globally with a small amount of computation and a
low memory footprint. At the same time, the estimated pose
is very smooth during the locomotion of robots and suitable
for navigation control of mobile robots [9]. However, it
would always be affected by the strong nonconvexity of the
laser radar sensor model and complex unstructured features
of the environment. For example, the power substation
inspection robot system shown in Figure 1 is under a strong
magnetic field environment, affected by the sensor noise and
the limitations of particle filter. In practical application, the
accuracy and robustness of the Monte Carlo localization
algorithm are limited.

However, in some complex and unstructured envi-
ronments, extremely high localization accuracy is a key con-
dition for robots to performmultiple tasks. A typical example
is that a robot picks up an object from a fixed location

(such as a conveyor belt or a workbench). To carry out
global localization, the robot is generally equipped with a
high-precision lidar sensor. Before picking up the object,
robots need to move to the appropriate position. To
improve the localization accuracy, some auxiliary localiza-
tion devices such as magnetic stripe or QR codes are usu-
ally deployed near the corresponding position. However,
installing auxiliary localization devices requires changing
the production environment, which limits the flexibility
of the robot system.

In order to solve the problem of accuracy and robustness
of autonomous localization of robots in complex unstruc-
tured environments, this paper proposes an improved
adaptive Monte Carlo localization algorithm based on laser
scan matching, which combines the laser scan-matching
algorithm [10] and Monte Carlo localization algorithm. It
inherits the high precision of laser scan matching algo-
rithm and the reliability of Monte Carlo localization algo-
rithm. Using our proposed algorithm, the localization of
mobile robot remains highly accurate and highly reliable in
a complex unstructured environment without any auxiliary
localization devices.

2. Monte Carlo Localization Algorithm

The Monte Carlo localization algorithm is basically divided
into the following four steps as shown in Figure 2.

When a laser sensor is used to locate robot on a 2D grid
map, if the robot pose is given, it is very easy to calculate
the agreement between the laser beams and the occupied
grid. Therefore, the MCL algorithm can be used, which rep-
resents the pose of the robot with many particles [11], as
shown in Figure 3. Calculate the weight of the particle
according to the agreement with the map; then, determine
the estimated pose and locate the robot. However, there are
some problems in the MCL algorithm: it cannot solve the
robot kidnapping problem. Once the pose changes discontin-
uous, the localization will fail [12]. To improve the localiza-
tion accuracy, many particles need to be added and result
in slow localization convergence rate.

The AMCL algorithm is adapted from the MCL algo-
rithm to solve above problems. The AMCL algorithm
randomly adds free particles during resampling [13].
The number of free particles is calculated based on long-
term estimated weights ωslow and short-term estimated
weights ωfast:

ωslow = ωslow + αslow ωavg − ωslow ,

ωfast = ωfast + αfast ωavg − ωfast

1

In (1), ωavg is the average weight of all particles; the
parameters αslow and αfast are, respectively, used to estimate
the attenuation rate of the exponential filter with long-term
and short-term weight (0 ≤ αslow ≪ αfast) [14].

Kullback-Leibler divergence (KLD) algorithm is used to
resample particle in the AMCL algorithm [15]. This method
can adaptively calculate the required number of particles

Figure 1: Power substation experiment site.
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based on the distribution of particle weights. The upper
bound N top of the number of particles is expressed as

N top =
k − 1
2α

1 −
2

9 k − 1
+

2
9 k − 1

β

3

2

In (2), parameters α and β are, respectively, the maxi-
mum error and the standard normal distribution quantile
between the true distribution and the estimated distribu-
tion. k is the number of nonempty in the state space of
the particle. It can be seen that the upper bound N top of
the number of particles has an approximately linear rela-
tionship with k. During the initial global localization, the
particles are more dispersed and k is larger, so the upper
bound N top of the number of particles are higher; when
the global localization is completed; the problem became
a trajectory tracking problem. At this time, the particles
are more concentrated and converged. The number of non-
empty state spaces is small; k is small, and the upper bound
N top of the number of particles decrease. In this way, the num-
ber of particles is effectively dynamically adjusted [16]. The
total number of particles is reduced which results in better
computational efficiency.

However, there is still a problem in the AMCL algo-
rithm: when the robot is in a complex and unstructured
environment with dynamic obstacles and unevenness of
the ground, the optimal pose estimation given by the algo-
rithm is the center of the particle swarm instead of the best

matching pose between map and laser scanning result. Even
after convergence, the localization accuracy and robustness
cannot be guaranteed. In addition, once the error between
the particle swarm and the actual pose is large, it will take
some time to calibrate itself and even result in terrible
localization deviation.

3. An Improved Adaptive Monte Carlo
Localization in the Complex and
Unstructured Environment

In order to solve the problem during the AMCL algorithm
to estimate the pose of the robot as the weighted center
deviation of the particle swarm in the complex unstruc-
tured environment, this paper adds a scan matching that
matches the laser scanning with the map, as shown in
Figure 4. The scan-matching algorithm gets the pose estima-
tion from the AMCL algorithm as input. Then, the laser
scans are aligned with the probability grid map using the
Gaussian-Newton iteration method [17]. Finally, the opti-
mized pose estimation solved by scan matching is added to
the AMCL particle swarm.

3.1. Scan Matching Principle. For robots equipped with
laser sensors, the localization problem in a probability grid
map can be converted to a problem of matching optimization
as shown in

ξ∗ = arg min
ξ

1 −M Si ξ
2, 3

whereM Si ξ is the occupation probability of the map at a
given coordinate point Si ξ , and Si ξ is the coordinates of
the endpoint of the laser scanning ray in the map coordinate
system while the mobile robot is in position ξ:

Si ξ =
cos ψ −sin ψ

sin ψ cos ψ

si,x

si,y
+

px

py
4

In (4), Px and Py represent the coordinates of the laser
sensor, and ψ is the orientation angle of the robot.

The goal of the scan matching is that given an initial
estimate ξ, which has a small deviation from the actual pose,
find a deviation Δξ to align the laser scan results with the
probability grid map [18]:

〠
n

i=1
1 −M Si ξ + Δξ 2 → 0 5

Initialize the particle swarm Simulate particle motion Calculate particle’s score Resample particle

Figure 2: Basic steps of the Monte Carlo localization algorithm.

Figure 3: Matching particle swarms to grid maps.

3Complexity



For the first-order Taylor expansion of M Si ξ + Δξ ,
find the minimum value of expansion (solving partial deriv-
ative for Δξ and let it be 0), and finally, get

Δξ =H−1 〠
n

i=1
∇M Si ξ

∂Si ξ
∂ξ

T
1 −M Si ξ , 6

where the Hessian matrix H and partial derivative of Si ξ
to ξ are

H = 〠
n

i=1
∇M Si ξ

∂Si ξ
∂ξ

T
∇M Si ξ

∂Si ξ
∂ξ

, 7

∂Si ξ
∂ξ =

1 0 −sin ψ si,x − cos ψ si,y

0 1 cos ψ si,x − sin ψ si,y
8

Since the map M is a probability grid map, it is dis-
crete and not continuous. In order to obtain the derivative
of the map M, bilinear interpolation is carried out in the x
and y directions on the map [19], as shown in Figure 5.

According to Figure 5, the probability value of Pm is

M Pm ≈
y − y0
y1 − y0

x − x0
x1 − x0

M P11 +
x1 − x
x1 − x0

M P01

+
y1 − y
y1 − y0

x − x0
x1 − x0

M P10 +
x1 − x
x1 − x0

M P00

9

M P x, y is the probability that grid P x, y is occupied.
The partial derivative of M P x, y is

The core of scan matching is to use the first-order Taylor
series expansion of the Gaussian-Newton iteration method to
approximately replace the nonlinear regression model. After
iterations, the residual square sum (5) of the original model is
minimized. Finally, ξ + Δξ is the optimized pose that the laser
scan results are best aligned with the probability grid map.

3.2. Scan Matching Process in Complex Unstructured
Environment. After global positioning in a complex and
unstructured environment, the localization problem became
a pose-tracking problem. Due to the complex and unstruc-
tured environment, robot pose estimated by the AMCL algo-
rithm is the weighted mean of the particle swarm, and there
is still a certain deviation from the actual pose. According to
the scan-matching principle described above, the Gaussian-

Newton iteration method is adopted which takes the pose
from the AMCL algorithm as an initial value ξ and optimizes
it on the multiresolution map from coarse to fine. In each
layer, the Gaussian-Newton method is used to solve the
deviation Δξ, which results in a more accurate pose. The
detailed process is shown in Figure 6.

If the particle swarm of the AMCL algorithm is concen-
tered, namely, the solution of the pose estimation converges,
the scan-matching algorithm is used to further optimize the
pose. Firstly, the pose solved by the AMCL algorithm is used
as the initial pose of the scan matching. Then, the Gaussian-
Newton iterations are performed layer by layer from low res-
olution to high resolution on the multiresolution map. After
iterating, it will get a more accurate pose. If the error
approach to the solution of scan matching and the solution

Initialize the particle swarm Simulate particle motion Calculate particle’s score Resample particle

Scan matching

Figure 4: Flow chart of the proposed improved AMCL algorithm.
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Figure 5: Bilinear interpolation.
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of the AMCL algorithm is smaller than threshold, the solu-
tion pose of scan matching will be inserted into the AMCL
particle swarm as a high-weight particle; if the error is larger
than threshold, it means that the solution of scan matching
may be erroneous, so it should be abandoned.

Because the scan matching uses the solution of AMCL as
the initial value, if the AMCL solution differs greatly from the
actual pose, the scan matching will fail. In addition, the opti-
mal particles obtained by scan matching must be inserted
into the AMCL particle swarm to form a closed loop for
reducing the difference between the solution of AMCL and
scan matching.

It should be noted that the scan matching adopts the
principle of layer-by-layer iteration on multiresolution maps.
To make a map continuous and derivative, the map is a prob-
ability grid map. Low-resolution maps in multilayer maps are
downsampled from the original high-resolution map.

4. Experiments

To analyze the effect of adding the scan matching to the orig-
inal AMCL algorithm, experiments were performed on the
mobile robot equipped with a single-line laser radar, respec-
tively, using the original AMCL algorithm and proposed

Start

AMCL solution 
convergence?

As the initial value 
of the scan match

Calculate the Hessian 
matrix H and partial 

derivatives in the map

Calculate robot pose

The maximum number of 
iterations has arrived, or is less than 
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Get a matching solution

To the highest 
resolution map?

Scan matching solution
meets the conditions

Insert into AMCL 
particle swarm

EndYN
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N
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Y

Figure 6: Flow chart of the scan-matching process.

(a) Initial state (b) Convergence process (c) After convergence

Figure 7: Mobile robot global localization process based on AMCL.
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improved AMCL algorithm. The maximum linear velocity of
the robot motion is set to 0.3m/s, and the maximum angular
velocity is set to 1 rad/s.

4.1. Original AMCL Algorithm Experiment. To verify the
localization effect of the original AMCL algorithm, in the
occupancy grid map built by a cartographer [20], a localiza-
tion experiment was performed using the original AMCL
algorithm. To speed up the convergence, the initial particle
swarm is randomly generated near the actual initial pose.
The small green arrow in Figure 7 represents a pose particle;
the red arrow represents the estimated robot pose at each
moment, and the red point cloud is laser scanning point
cloud. The minimum figure of particles in the AMCL algo-
rithm is 500 and the maximum is 5000. Figure 7(a) shows
the initial state of the particle swarm. An approximate esti-
mate of the robot’s initial pose is provided to speed up local-
ization convergence. As can be seen from the figure, many
particles are generated near the initial pose estimation.
Figure 7(b) and Figure 7(c) show that the particles converge
gradually when the robot moves. According to red point
clouds in Figure 7(b) and Figure 7(c), the laser scanning
points are not well aligned with the obstacle. This is due to
the current environment being unstructured and complex;
the weighted mean pose of particle swarm was used as the
estimated pose in the original AMCL algorithm which results
in a certain deviation between the estimated pose and the
actual pose.

4.2. Scan-Matching Experiment. To verify the pose optimiza-
tion effect of the scan matching, we also chose to do experi-
ment in a complex and unstructured environment under a
noisy strong magnetic field complex environment (power
substation). The laser point cloud corresponds to the
weighted mean pose of the original AMCL algorithm, and
the point cloud corresponds to the optimized pose after
scan-matching optimization is drawn in Figure 8.

In Figure 8, the red point cloud is the laser point cloud
scan result corresponding to the weighted mean pose of the
original AMCL algorithm, and the blue point cloud is the
laser point cloud scan result corresponding to the optimized
pose after scan-matching optimization. Comparing the align-
ment effect of the laser point cloud with the black map obsta-
cle, it shows that the pose corresponding to the red point
cloud is not well aligned with the obstacle, which indicates
that there is a deviation between the pose obtained by the
original AMCL algorithm and the actual pose. After scan
matching, the blue point cloud corresponding to the opti-
mized pose is more aligned than the red point cloud indicat-
ing that the scan matching can effectively improve the pose
accuracy when the robot is stationary.

4.3. Improved AMCL Algorithm Experiment. To compare the
dynamic localization effect of the original AMCL algorithm
with the proposed improved AMCL algorithm in the same
complex unstructured experimental environment, we chose
to insert or not the scan-matching solution back into the
AMCL particle swarm to form a closed loop. An open-loop
version and a closed-loop version of the improved AMCL
algorithm are experimented.

The open-loop version of the improved AMCL algorithm
uses weighted mean of original AMCL algorithm’s particle
swarm as the initial value of scan matching but does not

Figure 8: Experiment result of laser point cloud alignment.

Figure 9: Map of localization experiment.

Table 1: Result of straight line round-trip motion experiments.

Robot
Origin’s pose

Error of original AMCL
Error of open-loop
version of improved

AMCL
X/m Y/m θ/rad X/m Y/m θ/rad

Starting point 0.014 0.011 −0.004 −0.019 −0.014 −0.009
Endpoint 1 0.053 0.032 −0.024 0.006 −0.006 −0.014
Endpoint 2 0.052 0.014 −0.004 0.002 −0.008 0.003

Endpoint 3 0.051 0.009 −0.027 0.009 −0.014 −0.011
Endpoint 4 0.042 −0.010 −0.018 −0.018 −0.011 0.001

Endpoint 5 0.055 −0.028 0.006 0.004 −0.017 −0.007
Endpoint 6 0.049 −0.005 −0.016 −0.019 −0.010 0.000

Endpoint 7 0.043 0.030 −0.007 0.016 −0.010 0.008

Endpoint 8 0.027 0.014 −0.003 −0.020 −0.008 −0.007
Endpoint 9 0.018 0.000 0.016 −0.020 −0.013 −0.011
Endpoint 10 −0.015 −0.018 −0.002 −0.009 −0.008 −0.004
Endpoint 11 −0.026 0.001 −0.008 −0.007 −0.007 −0.021
Endpoint 12 −0.038 0.000 0.013 −0.010 −0.004 −0.020
|Maximum| 0.055 0.032 0.027 0.020 0.017 0.021

|Minimum| 0.015 0.000 0.002 0.002 0.004 0.000

|Mean| 0.039 0.013 0.012 0.012 0.010 0.009
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insert the scan-matching solution back into the particle
swarm of the AMCL algorithm. The weighted mean of orig-
inal AMCL algorithm’s particle swarm and scan matching
solutions are recorded to verify the effect of scan matching
on the pose accuracy.

The closed-loop version of the improved AMCL algo-
rithm inserts the scan-matching optimization solution back
into the particle swarm to form a closed loop with the AMCL
algorithm if the scan matching is successful. The weighted
mean of improved AMCL algorithm’s particle swarm and
the scan matching solutions are recorded to analyze the dif-
ference between these two solutions.

The localization experiment was performed on a map
with a size of 16.075m× 9.9m and a grid size of 0.025m, as
shown in Figure 9. Several straight line round-trip motion
experiments and closed-loop motion experiments were con-
ducted using open-loop and closed-loop versions of the
improved AMCL algorithm, respectively.

4.3.1. Straight Line Round-Trip Motion Experiment Using the
Open-Loop Version of Improved AMCL. The straight line
round trip starts from the origin of the world coordinate sys-
tem and moves along the positive direction of the X axis by
more than 5m (allowing small adjustment of angle to keep
aligned). Then, controlling the robot back to original point
and recording two kinds of pose estimation output as “end-
point 1.”Next, controlling the robot to move back more than
3m along the negative direction of the X axis. Finally, con-
trolling the robot to move back to the original point and
recording two kinds of pose estimation output as “endpoint
2.” Repeating above actions for 6 times. The robot has run
for more than 100m and 10 minutes during this round-trip
motion experiment.

The weighted mean of original AMCL algorithm’s parti-
cle swarm and the optimized solutions of scan matching are
obtained. The deviations of these two pose estimations at ori-
gin are shown in Table 1. The trajectories from start point to
endpoint 2 of these two methods are shown in Figure 10.

Table 1 shows that the maximum localization error of the
original AMCL algorithm during the straight line round-trip
motion experiment is about the size of the two grids (5 cm);
the average localization error exceeds a grid size (2.5 cm).
The maximum localization error after scan-matching opti-
mization is less than one grid size (2.5 cm), and the average
localization error is half a grid size (1.25 cm). It shows that
the scan-matching algorithm can effectively improve the
localization accuracy during robot moving.

4.3.2. Closed-Loop Motion Experiments Using the Open-Loop
Version of Improved AMCL. For closed-loop motion experi-
ments, the maximum speed of the robot is set to 0.3m/s
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Figure 10: Trajectory of straight line round-trip motion experiment.

Table 2: Result of closed-loop motion experiments (open-loop
version).

Robot
Origin’s pose

Error of original AMCL
Corresponding scan

matching solution error
X/m Y/m θ/rad X/m Y/m θ/rad

Experiment 1 0.145 −0.017 0.057 0.009 −0.007 −0.012
Experiment 2 −0.101 −0.065 0.015 −0.014 −0.012 −0.009
Experiment 3 0.052 −0.185 −0.032 0.015 −0.016 0.008

|Maximum| 0.145 0.185 0.057 0.015 0.016 0.012

|Minimum| 0.052 0.017 0.015 0.009 0.007 0.008

|Mean| 0.099 0.089 0.035 0.013 0.012 0.010
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and the maximum angular velocity is 1 rad/s. The robot
moves along a closed-loop path (heading angle changes more
than 360°) and returns to the origin. Then, the robot fine-
tune its pose to align with the origin as far as possible. The
closed-loop experiments are repeated for 3 times. The locali-
zation error of the weighted mean of original AMCL algo-
rithm’s particle swarm and the error of the corresponding
scan matching solution are shown in Table 2. The trajectory
of the robot in the first experiment is shown in Figure 11.

The maximum localization error of the original AMCL is
14.5 cm, 18.5 cm, and 0.057 rad, and the average localization
error is 9.9 cm, 8.9 cm, and 0.035 rad. After completing
scan-matching optimization based on the solution of the
original AMCL, the maximum localization error reduces to
1.5 cm, 1.6 cm, and 0.012 rad, and the average localization
error is 1.3 cm, 1.2 cm, and 0.010 rad. It shows that the accu-
racy of pose after scan matching is much higher than that of
the original AMCL when the robot moves back to the origin.

Comparing Figure 10 with Figure 11, it shows that the
scan-matching solution is better; the path is more continuous
without large fluctuations if the robot moves along a straight
line, but the scan-matching solution is fluctuant or even
failed if the robot is spinning on a spot. The reason is that
the laser-scanning frequency used in experiments is too low
(5Hz), which results in large deviation of laser scanning. So
using the original AMCL solution as initial estimation for
the scan matching has low accuracy.

Because of the above reasons, when the robot is turning
as shown in the corners of Figure 11, the localization error
of the scan-matching solution is larger than that of the orig-
inal AMCL solution. However, after the robot moves back to
the origin, the localization error of the scan-matching

solution is much smaller than that of the original AMCL
solution because AMCL relies too much on the motion
model of the robot. When the robot is spinning on a spot,
the sensor error becomes large (especially for odometer and
laser), which results in bad localization accuracy of the
AMCL algorithm during turning and affecting the subse-
quent localization.

4.3.3. Closed-Loop Motion Experiment Using the Closed-
Loop Version of Improved AMCL. A closed-loop version of
the improved AMCL algorithm is used below for closed-
loop motion experiments, which inserts the scan-matching
solution as a high-weighted particle back into the AMCL par-
ticle swarm to form a closed loop. Parameters of the
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Figure 11: Trajectory of closed-loop motion experiment (open-loop version).

Table 3: Result of closed-loop motion experiments (closed-loop
version).

Robot
Origin’s pose

Closed-loop version of improved AMCL algorithm
Errors of weighted mean
solution for particle

swarm

Error of scan matching
solution

X/m Y/m θ/rad X/m Y/m θ/rad

Experiment 1 −0.011 −0.018 −0.017 −0.012 −0.013 −0.032
Experiment 2 −0.024 −0.002 0.001 0.004 −0.006 −0.008
Experiment 3 −0.018 −0.012 0.013 0.005 0.000 0.028

Experiment 4 −0.001 −0.012 −0.008 −0.011 −0.012 −0.006
|Maximum| 0.024 0.018 0.017 0.012 0.013 0.032

|Minimum| 0.001 0.002 0.001 0.004 0.000 0.006

|Mean| 0.014 0.011 0.010 0.008 0.008 0.019
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experiment are similar to the above experiment. The experi-
ment is repeated four times. The experiment result is
shown in Table 3. The trajectory of the experiment is
shown in Figure 12.

As shown in Table 3, with the closed-loop version of the
improved AMCL algorithm, the scan-matching solution and
the AMCL algorithm’s particle swarm that form a closed loop
improve the accuracy of weighted mean of particle swarm
greatly. Four times of loop motion experiments show that
the maximum localization error of weighted mean for the
particle swarm is 2.4 cm, 1.8 cm, and 0.017 rad, which is
about the size of the grid, and the average localization error
is 1.4 cm, 1.1 cm, and 0.010 rad, which is about half of the size
of the grid. The maximum localization error of the scan-
matching solution is 1.2 cm, 1.3 cm, and 0.032 rad, which is
half the size of the grid, and the average localization error is
0.8 cm, 0.8 cm, and 0.019 rad, which is about one-third of
the size of the grid.

The closed-loop version of the improved AMCL algo-
rithm improves the accuracy of the weighted mean of
AMCL particle swarm by inserting high-precision scan-
matching solution, and the weighted mean of the particle
swarm is used as the initial value of the next scan-matching
process. Because the initial values of iteration are more accu-
rate, the accuracy of the scan-matching solution is better.
Under this mutual promotion, localization accuracy has been
significantly improved.

As shown in Figure 12, because the accuracy of the initial
value of iterations is higher, the amplitude of the scan-
matching solution is significantly reduced with the closed-

loop version of the improved AMCL algorithm, but there is
still a small uncertainty when the robot is turning.

According to the above comparative analyses, in prac-
tical applications, especially in a complex and unstructured
environment, the localization accuracy of the original AMCL
algorithm is low and the maximum localization error exceeds
10 cm due to several reasons. The scan-matching process
can significantly optimize the pose’s accuracy (error half
reduced). The maximum static localization error is no more
than one grid (2.5 cm), and the average localization error is
only half a grid (1.25 cm). However, due to the limitation of
laser sensor, the results of the laser scanning are not accurate
enough during robot turning. It makes the scan matching
uncertain and leads to a discontinuity in pose estimation.

Because the scan matching and AMCL form a closed
loop, the accuracy of weighted mean pose of AMCL algo-
rithm’s particle swarm has been greatly improved; the
scan-matching solution is also smoother and more stable.
The improved AMCL algorithm has reduced the maximum
localization error to a grid (2.5 cm), and the average localiza-
tion error has also been reduced to half a grid (1.25 cm); the
maximum localization error of the scan-matching solution
has been reduced to half grids (1.25 cm), and the average
localization error has been reduced to less than 1 cm.

In the experiment, the scan-matching algorithm has
strong adaptability to the laser radar noise and can cor-
rectly deal with the situation in a complex unstructured envi-
ronment and has greater improvement in accuracy and
reliability than the original AMCL algorithm. Therefore, the
accuracy of the original AMCL algorithm can be improved
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Figure 12: Result of closed-loop motion experiment (closed-loop version).
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by the scan-matching algorithm, and the robustness of the
localization will not be reduced due to the increase of the
scan-matching process.

In this paper, a scan matching is added into the original
AMCL algorithm. It makes particle swarm converge to the
correct pose more quickly, and the total number of particles
converges to a lower level faster. Therefore, the computations
of particle swarm are updated, and resampling are lower than
the original AMCL algorithm.

5. Conclusion

Aiming at the problem that the traditional AMCL algorithm
has a low localization accuracy in a complex and unstruc-
tured environment, this paper proposes an improved AMCL
algorithm based on laser scan matching. Firstly, it adds a
scan-matching process and applies the Gaussian-Newton
iteration method to optimize the pose. Then, the scan-
matching solution feeds back to the AMCL to form a closed
loop, which improves the alignment of the laser radar scan-
ning endpoints and map obstacles, leading to a higher local-
ization accuracy. Combining the advantages of the high
precision of the scan matching and stability of the AMCL
pose, our proposed method improves the localization accu-
racy while maintaining its robustness. The experimental
results demonstrate the effectiveness and feasibility of this
method. The improved AMCL algorithm proposed in this
paper has two kinds of pose outputs: a weighted mean of
the particle swarm, which is more stable, and a scan-
matching solution, which is more accurate. One of these
poses can be chosen to meet the need for continuity and
accuracy of the localization in practical applications. The per-
formance of this method relies on the accuracy of the laser
sensor. When the mobile robot turns, there are uncertainties
in the pose estimation. The estimated pose will be improved
with a higher scanning frequency of the laser sensor.
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