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Abstract: The global convergence of MCL is time-consuming because of a large number of random 

samples. Moreover, its success is not guaranteed at all times. This paper presents a novel approach to 

reduce the number of samples of MCL and one heuristic approach to detect localization failure using 

thinning edges extracted in real time. Random samples are drawn only around the neighborhood of the 

thinning edges rather than over the entire free space and localization quality is estimated through the 

probabilistic analysis of samples added around the thinning edges. A series of experiments verified the 

performance of the proposed scheme. 
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1. INTRODUCTION 

 

Successful localization is one of the key issues for 

reliable navigation of a mobile robot. Localization or 

pose estimation of a mobile robot can be classified into 

position tracking and global localization. Position track-

ing continually estimates the current robot pose from the 

known initial pose by tracking the change of the robot’s 

pose during movement. On the other hand, global locali-

zation estimates the robot pose without use of prior 

knowledge of its initial pose. Hence, global localization 

is computationally more demanding than position track-

ing.  

Several localization algorithms have been proposed. 

Typical examples include the Kalman filter [8,11], 

Markov localization [5,13], Monte Carlo localization 

(MCL) [4] and some hybrid approaches [6,12], and other 

ap-proaches [16,17]. The Kalman filter technique is 

commonly used when the initial pose is known. In this 

technique, the robot estimates its pose continually by 

compensating the odometric error using the range data. 

On the other hand, Markov localization is widely used 

for global localization. In this scheme, positional 

probabilities of all empty grids are computed. Thus, the 

Markov localization requires a large amount of computa-

tion time, and its accuracy of the localization is limited to 

the grid size if the grid type map is used. MCL (Monte 

Carlo localization) is another global localization tech-

nique. However, its implementation is faster than the 

Markov localization because the probability computation 

is carried out only for the random samples. MCL often 

provides more accurate results than the Markov localiza-

tion because the samples can take any pose regardless of 

the grid size. The hybrid method is a combination of 

either Markov localization and a Kalman filter or a 

Kalman filter and MCL. Using the advantages of each 

method, these hybrid approaches attempt to improve the 

efficiency of pose estimation. 

Among several localization techniques, MCL has been 

most widely used in recent years because of its various 

advantages. For examples, it can represent multi-modal 

probability distribution and thus can solve a global 

localization problem. However, its implementation 

requires more computation than the Kalman filter-based 

approach. Since the MCL computes probabilities of all 

random samples, its computational burden increases as 

the number of samples increases (especially for large-

scale environments). This long localization update cycle 

may lead to a significant difference between the 

estimated and current robot poses [4]. Since this type of 

localization error becomes larger as the navigation speed 

increases, the speed of a robot should be limited to 

account for the long computational time of localization. 

Therefore, one important issue in the improvement of the 

MCL performance is the reduction of the number of 

random samples of the particle filter without degradation 

of the localization performance of MCL. 

Adaptive particle filter using the KLD-sampling [8] 

focused on the reduction in the number of samples. As 

the samples converge to the robot’s current pose, the 

number of samples can be reduced because the localiza-

tion can be achieved with fewer samples than those 

required for the global localization. They adaptively 

change the number of samples according to the localiza-

tion status, but fail to reduce the cycle time during the 

initial phase of global localization because the initial 

number of samples was the same as that of the standard 

MCL. 
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Another important issue of localization is the detection 

of a localization failure or kidnapping and the restoration 

of the localization quality. Even state-of-the-art locali-

zation algorithms such as MCL cannot guarantee 

successful performance for all situations. Thus, the robot 

should have the ability to autonomously detect and 

recover from failures. Once the estimated robot pose is 

determined unreliable, the correct robot pose should be 

re-estimated by global localization. Some popular 

methods observe the changes of probabilities of random-

ly distributed samples and determine the localization 

quality including a localization failure [4,12]. In these 

approaches, the important issue is the distribution of 

random samples in free space. 

In this paper, we propose a novel approach to reduce 

the number of samples used in the particle filter and thus, 

to decrease the localization time during the initial 

operations of MCL. And a scheme using random samples 

for localization failure detection and recovery is also 

proposed. The thinning edges of the environment are 

exploited for these purposes. As a robot moves, a local 

grid map is built from the range data of a laser scanner 

by the occupancy grid mapping method [3], and the 

thinning edges are then extracted from the occupancy 

grids by a thinning algorithm in real time [7]. The robot 

then navigates along this local thinning edge, which is 

similar to the one obtained off-line from the given map 

data. Once the robot’s motion is constrained on this local 

edge during global localization, samples are drawn only 

around the neighborhood of the thinning edges instead of 

over the entire free space to reduce the sample size. 

While the robot pose is estimated by the convergence of 

the samples, some random samples are added and 

distributed uniformly around the thinning edge. By 

analyzing the probabilities of the additional samples, the 

localization quality can be checked.  

The remainder of this paper is organized as follows. 

Section 2 briefly introduces the Monte Carlo localization 

(MCL) and Section 3 presents a method for extracting 

the thinning edges in real time. The proposed MCL/TE 

(MCL with thinning edges) for reducing the operation 

time of MCL and for detecting a localization failure is 

discussed in detail in Sections 4 and 5. Conclusions are 

drawn in Section 6. 

 

2. MONTE CARLO LOCALIZATION (MCL) 

 

2.1. Bayes filtering 

MCL represents the robot’s positional certainty at an 

arbitrary location in a given grid map. A robot calculates 

the posterior probability Bel(xt) by using the Bayes filter 

[2] based on the odometry and range data as follows: 

0: 0:
( ) ( | , ),

t t t t
Bel x p x z u=  (1) 

where xt denotes the robot pose (x, y, θ) at time t, z0:t = 

{z0, z1, …, zt} denotes the measurements of the range 

sensor (e.g., laser scanner, sonar, IR sensor, etc.) up to t, 

and u0:t = {u0, u1, …, ut} is the odometric data from the 

wheel encoder. Reliability of measurements varies with 

the accuracy of the range sensor. In order to cope with 

various uncertainties, probability models are used to 

reflect the errors: sensor model (or perception model) 

and motion model (or action model). The Bayes filter is 

conducted in two steps (i.e., prediction and update), 

which can be represented by the following equation:  

1 1 1
( ) ( | ) ( | , ) ( ) ,

t t t t t t t t
Bel x p z x p x x u Bel x dxη

− − −

= ∫  (2) 

where η is the normalizing constant, p(xt | xt-1, ut) is the 

motion model, and p(zt | xt) is the sensor model. We 

assume that both the motion and sensor models are 

described by a Gaussian distribution and that the noise 

can be modeled as Gaussian noise with zero mean. 

 

2.2. Particle filters 

The particle filter used in MCL represents the 

posterior distribution p(xt | z0:t, u0:t) using a set of random 

samples. Each particle (or sample) corresponds to the 

robot pose (x, y, θ). Among the several variants of the 

particle filter, the SIR (Sampling Importance Resampl-

ing) algorithm is adopted in this research [6]. This 

algorithm is composed of the following three steps; 

sampling, importance weighting and resampling. In 

sampling, a new sample set X′t is generated according to 

the motion model p(xt | xt-1, ut) from the past sample set 

Xt-1 distributed by Bel(xt-1). In importance weighting, the 

importance factor ωt

(i) is evaluated using the sensor 

model.  

( ) '( )( | ),i i

t t t
p z xω η=  (3) 

where η is a normalization constant and xt′
(i) is an 

element of set X′t. p(zt|xt′
(i)) is calculated using the 

similarity measure function in [10], which calculates the 

range differences between the laser scan data zt and the 

expected reference range data computed from a grid map 

at the expected position of the i-th sample, xt′
(i). In 

resampling, a new sample set Xt is randomly chosen from 

X′t according to the distribution defined by the 

importance factor ωt

(i). 

( ) ( ) ( ){ | 1 } ~ { , }j i i
t t t tx j N x ω′= =X �  (4) 

The prior probability of each sample of the new 

sample set Xt at time t is initialized to 1/N. Through the 

recursive computation of three steps, the samples 

converge to the pose with the highest probability. 

 

3. THINNING EDGE 

 

3.1. Topological map building based on thinning 

algorithm 

Topological information is an abstraction of the 

environment in terms of nodes representing distinct 

places and edges connecting these nodes together. 

Topological information can be generated either by the 

GVG (Generalized Voronoi Graph) method [1] or the 

thinning method described below. The GVG method is 

robust to various environments and can be extended to 

higher-dimensional space. However, the map creates 

boundary edges and weak meet points, which are 
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unnecessary in navigation. The thinning method is an 

alternative approach and does not create such unneces-

sary information. It is also robust to sensor noises and 

various environments because it is based on a probabilis-

tic framework. 

A thinning method is a type of image processing 

algorithm which is used to detect the skeletons of images 

[14]. Fig. 1 illustrates the concept of thinning. The 

objects on the left can be described satisfactorily by the 

structure composed of connected lines (i.e., ‘T’ shape 

drawn with thin lines on the right). Note that the 

connectivity of the structure is still preserved even with 

thin lines. In the case of mobile robots, these connected 

lines can be used as paths by which a robot can navigate 

without colliding with other objects. 

The thinning process is applied to the free space 

shown in Fig. 2. Then, the free space is continually 

contracted from both the outside of the objects and the 

inside of the wall boundary. This thinning process is 

repeated until a skeleton corresponding to the thinnest 

line for the free space is extracted. After the edges are 

extracted through the thinning process, nodes can be 

extracted, as shown in Fig. 1. An end node correspond-

ing to an end of each edge represents the dead end of the 

environment (e.g., dead end of the corridor). A branch 

node, at which more than three edges meet, represents a 

junction (e.g., intersection of corridors). 

The thinning-based topological map (TTM) is 

constructed as follows. The robot collects the range data 

by scanning the environment using a laser rangefinder. 

Each cell in the occupancy grids is likely to be scanned 

several times. The occupancy probability for each cell is 

then updated based on the Bayesian update formula. This 

probabilistic approach to building the local occupancy 

grids enhances the confidence of the underlying grid map 

used for building a local topological map. At each 

sampling instant, based on the range data, the local grid 

map and the subsequent local topological map are built. 

The local topological map even for the same space is 

continually changed as the underlying grid map is 

updated. The computation time to extract topological 

nodes and edges from the grid map of 10m x 10m in size 

was less than 30 ms with a 1.7 GHz Pentium 4 notebook 

computer. More detailed information on the thinning-

based topological mapping can be found in [7,9]. 

The TTM is built in real time and its pure topological 

information is stored in the graph structure. In this case, 

the information on the nodes and edges is stored, while 

the metric information is discarded. This topological 

information can be exploited for other navigation tasks 

such as topological localization, topological exploration 

and so on. In this research, however, the metric informa-

tion of the edges is added to the grid map and exploited 

to improve MCL.  

 

3.2. Local and global thinning edges and their similarity 

A thinning edge is a skeleton of the environment 

extracted by applying the thinning algorithm to a grid 

map. In this research, two types of grid maps (i.e., local 

and global grid maps) are used; therefore, two types of 

thinning edges, the local and global thinning edges, can 

be considered. The global grid map, which represents the 

whole environment, is usually given in advance for 

localization. When the thinning algorithm is applied to 

this map, the whole skeleton of the environment can be 

extracted to obtain global thinning edges. The global 

thinning edges cannot be extracted in real time for a 

large grid map. This type of extraction is, however, not 

important because the global grid map is not changed; 

thus, the global thinning edges are extracted just once. 

The metric information of the global thinning edges is 

stored in the global grid map in this research. On the 

other hand, the local thinning edges are extracted from 

the local grid map that is built during navigation using 

both the odometric and range data. These edges can be 

continuously changed when a new environment is sensed 

and mapped. In this research, both local grid and 

topological maps are 10m x 10m in size, and the recently 

sensed region around a robot can be mapped in this local 

map. This size can be changed depending on the 

computational ability of the system. 

The key idea of the proposed scheme is the distribu-

tion of random samples of the particle filter around the 

global thinning edges while robot motion is constrained 

such that it moves along the local thinning edges. 

Therefore, it is important to investigate whether the local 

thinning edges coincide with the global thinning edges. 

Fig. 3(a) shows one set of local thinning edges obtained 

in real time. Fig. 3(b) shows the global thinning edges 

that were computed from a given global grid map by 

applying the thinning algorithm to the free space. These 

edges show strong similarity. More specifically, the 

resulting locations of nodes A, B, C, D, E well match the 

corresponding locations of nodes or edges A′, B′, C′, D′, 

 

Fig. 1. Extraction of topological edges and nodes by

thinning algorithm. 

 

Environment  Selection of free space    1st stage 

5th stage         10th stage        Final result 

Fig. 2. Construction of a thinning-based topological

map for given environment (Simulations). 
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E′, respectively. Although there is a slight positional 

difference between F and F′, the difference is smaller 

than 0.8m, which is acceptable in the proposed method. 

The positional difference can be overcome by spreading 

the samples around the global thinning edges (not on the 

edges alone). 

The thinning edge is especially useful in an environ-

ment of significant geometrical connectivity between 

sub-spaces. For example, one of the best target environ-

ments is an indoor building, which includes office rooms 

and corridors. In such an environment, the shapes of the 

thinning edges are quite robust and invariant [15]. 

However, there are some environments where the 

differences between global and local thinning edges 

should be taken into account, such as in the case when 

the robot faces a small region around the corner or 

travels in a large-scale, open environment. Sometimes, 

the local thinning edges are affected by the visibility of 

the sensor. However, such cases are not common, and 

the robot can carry out successful localization as it 

continues to move along the local thinning edges.  

 

4. MCL/TE FOR INCREASING 

CONVERGENCE SPEED 

 

4.1. Sampling on region near edges 

MCL estimates the robot pose by comparing the range 

data measured from a laser scanner with the reference 

range data computed from a given environment map (in 

this case, an occupancy grid map). In the proposed 

MCL/TE (MCL with thinning edges), a global thinning 

edge is extracted, often off-line, by applying the thinning 

algorithm to a given global grid map, and then random 

samples for the particle filter are then drawn only around 

the global thinning edges rather than over the entire free 

space. This approach can be made feasible when the 

robot is located on the thinning edge before its pose is 

estimated globally since the samples representing the 

possible robot poses are drawn only around these edges. 

To ensure appropriate positioning of the robot, a local 

grid map and its thinning edges are generated from the 

range data measured by the laser scanner. As explained 

in section 3B, the local thinning edges are slightly 

different from the global ones. In order to deal with these 

differences, we extended the sampling area to the 

neighborhood of the thinning edges. In this experiment, 

the size of the extended region was set to 25cm, which 

corresponded to 2.5 grids when the size of the grid was 

set to 10cm × 10cm. As shown in Fig. 4(a), the sampling 

area is a 5 grid by 5 grid rectangular region including the 

edge itself. Fig. 4(b) illustrates the region where the 

samples are drawn according to the proposed scheme. If 

the robot’s location is sufficiently close to the edge, 

MCL can be successfully carried out. The region of 

sample distribution can be remarkably reduced from the 

entire free space. 

Fig. 5 illustrates the difference in sampling area 

between the standard MCL (Fig. 5(a)) and the proposed 

MCL/TE for an environment of 10m × 10m. Figs. 5(a) 

and 5(b) show that MCL/TE has much smaller region of 

sample distribution than the standard MCL. Therefore, if 

the number of samples is fixed, the sample density of the 

MCL/TE can be much higher than that of the standard 

MCL, implying that the accuracy of MCL can be 

improved significantly. If the sampling densities are 

identical, the number of samples can be significantly 

reduced when MCL/TE is employed, so the computa-

tional cost of MCL can be considerably reduced. 

 

4.2. Procedure for MCL/TE for increasing convergence 

speed 

In this paper, the thinning edge is used for two purposes. 

(a) (b) 

Fig. 3. Comparison of local with global thinning edges 

(Experiments); (a) local thinning edges generat-

ed using sensor data, and (b) global thinning 

edges generated using the given grid map. 

(a) (b) 

Fig. 4. Sampling region near thinning edges. 

 

(a) Standard MCL. (b) MCL/TE. 

Fig. 5. Difference in sampling area. 
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The thinning edges can be used as both the region of 

sample distribution and the navigation path on which a 

robot can navigate without colliding with nearby objects 

until the initial localization is completed. The thinning 

edges are suitable as navigation paths because of the 

wide field of view of the range sensor such as the laser 

rangefinder. That is, if the robot travels along the mid-

lines between obstacles, which correspond to the 

thinning edges, it has a better chance of collecting more 

environmental information than traveling on other paths. 

With more environmental information, MCL can be 

performed more successfully.  

Fig. 6 illustrates the robot movement on the edges. 

First, the robot builds a local grid map from the range 

data, and then extracts the thinning edges and nodes as 

shown in Fig. 6(a). Some regions behind obstacles may 

not be observed at this time. In Fig. 6(b), the robot 

moves to the nearest node, and MCL is conducted. While 

MCL is in progress to globally estimate the robot pose, 

the robot moves along the newly extracted edges to 

collect more environmental information for MCL. As the 

robot moves, the unobserved regions can be sensed as 

shown in Fig. 6(b) and (c), and the thinning edges 

extracted from the local grid map become more similar 

to those from the global grid map as explained in Section 

3.2. 

If the robot knows that it is moving along the local 

thinning edges, the robot computes its pose based on the 

samples drawn in the neighborhood of the global 

thinning edges. Fig. 7 shows the localization procedure 

for the proposed MCL/TE. The local thinning edges 

around the robot’s current pose are built as shown in Fig. 

7(a). In Fig. 7(b), the initial random samples are drawn 

around the global thinning edges for MCL/TE. Samples 

converge to the several regions in Fig. 7(c) after the 

robot’s movement and MCL execution. Fig. 7(d) 

represents the result of pose estimation after the 

completion of global localization using MCL/TE. The 

real robot pose is in the circle in Fig. 7(d). Once the 

robot pose is globally estimated by MCL/TE, the robot 

does not have to move along the thinning edges any 

further, and the robot pose is estimated by the standard 

MCL. 

 

4.3. Experiments 

A Pioneer 3 robot equipped with the SICK LMS 200 

laser rangefinder was used in this study (see Fig. 8(a)). A 

Pentium 4 notebook was used to control a robot and 

execute the proposed algorithm. Its clock cycle was 1.7 

GHz and it had 1 GB main memory. The average 

velocity of the robot was 0.2m/s. Fig. 8(b) shows the 

room with different pieces of furniture including tables, a 

sofa, and chairs. The local map of this room is 7m x 9m 

in size and its grid size is set to 10cm x 10cm. 

 

4.3.1 Number of samples 

In this section, we employ two performance measures 

to evaluate the localization performance of MCL/TE. 

One is the localization failure rate and the other is the 

computation time. The standard MCL and the proposed 

MCL/TE were compared experimentally to investigate 

the usefulness of the proposed scheme. 

If the number of samples is too small, the localization 

failure rate of MCL increases because the samples are 

not sufficient in number to represent the robot pose. On 

the other hand, the computational burden becomes a 

problem when too many samples are used. A localization 

failure rate is defined as the ratio of the number of failed 

localization experiments to the total number of experi-

ments. Fig. 9(a) shows the experimental results of the 

localization failure rates. In all experiments, the robot 

motion was always constrained on the thinning edges for 

both MCL/TE and standard MCL. 

The localization failure rate of MCL/TE was signifi-

(a) (b) (c) 

Fig. 6. Robot motion using thinning edges. 

(a) (b) 

(c) (d) 

Fig. 7. MCL process using thinning edges. 

 

  (a) (b) 

Fig. 8. (a) Experimental setup, and (b) experimental 

environment and its grid map and global thinn-

ing edges. 
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cantly lower than that of the standard MCL in Fig. 9(a) 

for the same number of samples. For example, when 

1,000 samples were used for the map of Fig. 8, MCL/TE 

had a failure rate of 6%, which was much lower than that 

of 25% for the standard MCL. The proposed scheme 

performed better because the sample density of MCL/TE 

was much higher than that of the standard MCL for the 

same number of samples. Moreover, the localization 

failure rate of MCL using 3,000 samples was similar to 

that of MCL/TE using 900 samples. This result indicates 

that the required number of samples can be reduced to 

30% of that required for the standard MCL for a typical 

indoor environment like Fig. 8. 

Fig. 9(b) shows the update cycle time of MCL, which 

is required to update the robot pose based on the sensor 

data. In this experiment, 900 samples were used in 

MCL/TE, and 3000 samples in MCL, as shown in Fig. 

9(a). The average cycle time of MCL was 1.8sec, and 

that of MCL/TE was 0.6sec, as shown in Fig. 9(b). Note 

that the update cycle time depends only on the number of 

samples for both MCL and MCL/TE since these two 

algorithms are identical except for the distribution of 

samples. 

This reduced cycle time is very advantageous in 

practical applications for the following reasons. The 

measurement time required to collect all 181 range data 

using a laser rangefinder and make them available to 

MCL operation is usually 0.2 to 0.3 seconds. When 

3,000 samples are used, 6 to 9 sensor scans are missed 

during one localization update cycle, and the traveling 

distance during this update is 0.36m at a robot speed of 

0.2m/s. Hence, the current robot position estimate may 

differ from the correct one by as much as 0.36m, thus 

leading to an incorrect position estimate. If the number 

of samples is reduced to 900, only 2~3 sensor scans are 

missed and the traveling distance is reduced to 0.12m 

during one update, which results in more accurate pose 

estimation. Similar comparison has been studied in [4], 

where the localization accuracy was analyzed according 

to the number of samples. The result also showed that the 

localization accuracy could be deteriorated for large 

sample sets because of the computational burden. 

 

4.3.2 Transition of variance of sample pose 

Since random samples tend to converge to the real 

robot pose if MCL is conducted successfully, it is 

meaningful to investigate the sample variances. Fig. 

10(a) shows the variances over time. For both cases, 900 

samples were used. The variances started to decrease 

from the start of MCL, and it took about 6 seconds to 

converge for an average of 20 experiments. The dots 

marked the instants at which each MCL cycle was 

completed. The initial sample variance in MCL/TE was 

lower than that of MCL. Furthermore, MCL/TE showed 

faster convergence than MCL as expected. On the other 

hand, the localization failure rate of the standard MCL 

with 3000 samples was similar to MCL/TE with 900 

samples, as shown in Fig. 9(a). The experimental results 

for these conditions are shown in Fig. 10(b). Although 

the failure rates of two methods were similar, the 

convergence rate of MCL/TE was much faster than that 

of the standard MCL. 

 

5. MCL/TE FOR DETECTING AND SOLVING 

LOCALIZATION FAILURE 

 

5.1. Criterion for evaluation of localization quality 

Localization often fails to provide the correct estima-

tion of the robot pose for various reasons such as 

incorrect sensor data, cluttered environments, kidnapping 

and so on. Because localization failure is inevitable to 

some extent, the robot should be able to autonomously 

detect and recover from failures. In this paper, a heuristic 

method for detecting localization failure is proposed. 

This method utilizes the thinning edges to detect 

localization failure. 

One common method for detecting localization failure 

is to add a small number of random samples globally 

during the MCL operation. This scheme assumes there is 

a small probability that the robot will lose track of its 

pose. The key issue is the distribution scheme of these 

additional samples over the entire environment. If a 

vision sensor and artificial landmarks are used, random 

samples can be distributed on relatively limited regions 

around the landmark, which the robot sees at that time 

[12]. If a range sensor and natural landmarks are used, it 

is not easy to determine the distribution of random 

samples over the entire free space. However, if thinning 

    (a)    (b) 

Fig. 9. Localization failure rate and cycle time accord-

ing to sample size; (a) localization failure rates

of MCL and MCL/TE, and (b) cycle time of 

MCL algorithm. 

 

    (a)   (b) 

Fig. 10. Sample variances with time; (a) variance of 

sample poses for identical sample size (900 

samples), and (b) variance of sample poses for 

identical localization failure rate with 3000 

samples for MCL and 900 samples for MCL/

TE. 
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edges are exploited, samples can be drawn less randomly 

than the normal random distribution. 

In the proposed scheme, a small number of random 

samples are added on the thinning edges as the original 

random samples converge to a certain small region 

containing the true robot pose for tracking, as shown in 

Fig. 11. Note that in this paper, random samples on the 

thinning edges and converged samples indicate two 

different sample groups; the random samples on the 

thinning edges are the additional ones used to cope with 

localization failure. As long as the robot navigates on a 

path which is away from nearby obstacles, some samples 

belonging to the random samples on the thinning edges 

are likely to represent the real robot pose because the 

thinning edges are similar to the mid-lines of the free 

space. Then, localization quality can be evaluated by 

comparing the probabilistic characteristics of the con-

verged samples with those of the random samples on the 

thinning edges. The actual robot pose can be represented 

by the converged samples only for a successful localiza-

tion. Some variables are described in Table 1 to intro-

duce a criterion for evaluating localiza-tion quality. Aconv 

and Arand mean the average probabilities of the converged 

samples and the random samples on the thinning edges, 

respectively. Nconv and Nrand are the numbers of samples 

for two groups. The prior probability of each sample is 

set to 1/(Nconv+Nrand) in the resampling step of MCL, as 

described in section 2. 

Fig. 12 shows the changes in the probabilistic 

characteristics of the converged samples and random 

samples on the thinning edges according to the change of 

the localization state. The localization quality in intervals 

A, B and C corresponds to normal, warning and failure, 

respectively. Since every converged sample is near the 

actual robot pose in interval A, the average probability of 

the converged samples is higher than that of the random 

samples on the thinning edges. Because the robot pose is 

rather inaccurately estimated in interval B, the difference 

between the probabilities of the converged samples and 

the random samples on the thinning edges decreases. In 

interval C, the average probabilities of the converged 

samples and random samples on the thinning edges 

approach the prior probability because the probability of 

the converged samples are as incorrect as those of the 

random samples on the thinning edges. 

The reasonable number of samples for tracking the 

robot pose depends on the type of environment, and the 

average probabilities of the two groups of samples also 

depend on the numbers of the samples. For example, the 

values of the average probabilities of the two groups in 

Fig. 12 become smaller for a larger number of converged 

samples. The localization state, however, needs to be 

determined regardless of the number of samples. To do 

this, random samples on the thinning edges are added in 

number equal to that of the converged samples, or 

Nconv=Nrand. It is reasonable that these additional samples 

do not increase the computational burden much because 

MCL tracks the robot pose with a small number of 

converged samples. With this condition, a new criterion 

Cstate is introduced as follows; 

state
, when .conv

conv rand

rand

A
C N N

A
= =  (5) 

Two sample sets are considered in Cstate, and each 

sample set can be considered as one candidate of the 

robot pose because Nconv is equal to Nrand. The robot pose 

can be estimated by these two candidates, and Aconv and 

Arand are the probabilities of the two candidates, 

respectively. Aconv and Arand become high and low, 

respectively, if the converged samples successfully 

represent the true robot pose while Aconv becomes low 

with the poor localization quality. Therefore, the ratio of 

the two probabilities, as given by (5), can be exploited to 

evaluate the localization quality, and the localization 

state can be determined according to Cstate if two 

thresholds between normal and warning states and 

between warning and failure states are set, respectively. 

To set the thresholds, the meaning of Cstate, the ratio of 

 

Fig. 11. Additional random samples are distributed on

the thinning edges while the original samples

are converged around the robot pose. There are

100 converged samples and 100 random

samples on the thinning edges. 

 

 

Table 1. Some variables defined for analysis. 

 
Converged 

samples 

Random samples on

the thinning edges 

Average probability 

of samples 
Aconv Arand 

Number of samples Nconv Nrand 

Prior probability Pprior = 1/(Nconv+Nrand) 

 

Fig. 12. Average probability according to the state of 

localization. 
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the probabilities of two candidates, should be considered. 

For example, Cstate equal to 1 means that the reliability of 

the estimated pose by the converged sample set is equal 

to that by the random samples on the thinning edges. In 

this experiment, two threshold values were selected for 

the following reasons. 

 

- When the reliability of the pose estimated by the 

converged sample set is more than 85%, the 

localization state is classified as a normal state. The 

sum of (Aconv* Nconv) and (Arand* Nrand) is the total 

probability equal to 1.0 and Nconv is equal to Nrand. 

Therefore, Aconv and Arand are equal to 0.85/Nconv and 

0.15/Nconv, respectively, when the localization state is 

normal. In this case, Cstate is 5.7 by equation (5), and 

the pose estimated by the converged samples is 5.7 

times more reliable than that by the random samples 

on the thinning edges. 

- Similarly, when the reliability of the pose estimated by 

the converged sample set is less than 70%, the 

localization state is classified as a failure or kidnapped 

state. Therefore, Aconv and Arand are equal to 0.70/Nconv 

and 0.30/Nconv, respectively, when the localization 

state is a failure. In this case, Cstate is 2.3 by equation 

(5) and the pose estimated by the converged samples is 

2.3 times more reliable than that by the random 

samples on the thinning edges. 

- If Cstate is between two thresholds, 2.3 and 5.7, the 

localization state is classified as a warning state. 

Therefore, the two threshold values, 2.3 and 5.7, are 

set to classify localization into three states.  

 

There are two modes of MCL, namely, the position 

tracking mode and the global localization mode. The 

mode is determined according to the standard deviation 

of the samples. The criterion, Cstate, is used only during 

the position tracking mode, in which the robot pose is 

estimated by some samples converging near the true 

robot pose. In this mode, the standard deviation of the 

samples is small. However, when a robot continues to 

move after the samples converge to the incorrect pose or 

kidnapping occurs, samples diverge and thus, the 

standard deviation of the samples becomes large. 

Regardless of Cstate, localization switches into the global 

localization mode, provided that the standard deviation 

of the converged samples becomes larger than the 

predefined threshold. In this case, the MCL/TE algorithm, 

described in Section 4, globally seeks the robot pose and 

stops adding random samples until the standard devia-

tions of all samples become smaller than the threshold 

deviation. If this global localization is successful, the 

robot can estimate its pose correctly again. 

If the localization state is determined as warning by 

Cstate, it was suspected that the wheel slippage occurred 

and the estimated pose had much uncertainty. There are 

several solutions to this problem, and in this research, a 

different motion model for warning and failure states 

from the original motion model was used. This motion 

model considers more the uncertainties of odometric data 

than the original motion model for the normal state, and 

therefore, the converged samples spread more widely. If 

a discrepancy between the true and the estimated robot 

pose is not large, the localization state will be recovered 

to normal. On the contrary, if the localization quality is 

not recovered and a robot continuously moves, the 

localization state can be changed into failure. Other 

situations such as kidnapping can also lead the locali-

zation state to failure. In this case, the change of motion 

model is not sufficient, and more samples are required to 

recover the localization quality. The additional samples, 

therefore, were distributed around the estimated pose in 

this experiment. If the localization quality is not 

recovered by these actions, the samples continue to 

diverge and the localization mode will be changed from 

the tracking mode to the global localization mode. Table 

2 shows the states of localization and possible actions 

according to Cstate. 

Fig. 13 shows one example. The range data and the 

given map are shown in Fig. 13(a). The robot is 

successful in estimating its true pose in case A and thus 

the range data coincide with the map. In this case, the 

value of Cstate is greater than 5.7, indicating that the robot 

is in the normal localization state. In case B, Cstate drops 

below 2.3 due to wheel slippage. The robot is then aware 

of the localization failure, changes the motion model, 

and widely re-distributes the converged samples in the 

subsequent resampling step. In this experiment, both 250 

converged samples and 250 random samples are used, 

and the total number of samples is fixed to 500. The 

number of samples is sufficiently large and no additional 

samples are needed to recover the robot pose in the 

localization failure state. After some MCL iterations, the 

robot can estimates its pose near the true pose, and then 

Cstate becomes greater than 2.3 in case C. However, the 

robot will still distribute the converged samples rather 

widely since the localization is in a warning state. After 

all, the robot accurately finds its true pose in case D and 

the Cstate value becomes greater than 5.7 again. 

Each time the robot pose is estimated in the tracking 

mode, some random samples on the thinning edges are 

added to the thinning edges over the entire environment 

and Cstate is computed to determine the state of 

localization. In this experiment, the motion model, which 

has larger uncertainty than that of the normal state, is 

 

Table 2. States of localization and possible actions. 

State of 

localization 
Values of variables 

Possible actions to 

overcome problems

Normal 
Cstate > 5.7 , 

Aconv >> Pprior >> Arand 
 

Warning 
2.3 ≤  Cstate ≤  5.7, 

Aconv > Pprior > Arand 

Motion model with 

large uncertainty

Failure 

(Kidnapping) 

Cstate < 2.3 , 

Aconv ≈Pprior ≈Arand 

Motion model with 

large uncertainty

+ 

addition of samples

Global 

localization 

Standard deviation of 

converged samples is larger 

than predefined threshold. 

Global localization 

by MCL/TE 
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used in the sampling step of MCL to recover to the 

correct robot pose if the state is determined as a 

localization warning or failure. Then Cstate and the 

standard deviation are evaluated at each MCL iteration 

as localization continues. 

 

5.2. Experiments 

Though the samples converge around small regions, it 

is possible that the estimated robot pose is not the true 

one. This is due to either a localization failure or 

kidnapping. To detect this situation, MCL/TE generates 

some random samples on the thinning edges and 

distributes them around the thinning edges in every MCL 

cycle, as shown in Fig. 11. Then, the robot calculates 

Cstate and investigates the localization state, as described 

above. At this moment, the numbers of converged 

samples and random samples on the thinning edges do 

not affect the value of Cstate. In this experiment, a small 

number of random samples (equal to the number of 

converged samples for local tracking) are always added 

around the thinning edges over the entire environment 

whose size is about 20m by 10m. 

Fig. 13 shows that the robot lost track of its pose but 

the samples were still near the true pose. In this case, the 

robot can recover its pose by distributing samples more 

widely. However, if the difference between the true and 

the estimated pose is large, the robot will not likely be 

able to recover its pose by this approach. This situation is 

shown in Figs. 14 and 15. In Fig. 14(a), the robot 

mistakes the incorrect pose for the true one because the 

two rooms look very similar to each other and region A, 

especially, has the same shape as B, as shown in Fig. 

14(b). Therefore, the Cstate value is large, as shown in Fig. 

15(d). Fig. 14(b) shows that as the robot moves, the 

accumulated odometric error increases and Cstate 

continuously decreases since the range data do not 

coincide with the map. Regions A, B and C in Fig. 15(d) 

also represent this situation. If the robot moves further, 

the converged samples gradually diverge because the 

sensor data are not similar to the map of the environment 

and the standard deviation of samples becomes larger, as 

 

Fig. 14. Detection of localization failure and recovery 

using random samples on thinning edges. 

Global maps and samples (right) and range data 

and map (left). 

 
(a) 

 
            MCL iterations             MCL iterations 

(b)                   (c) 
 

Fig. 13. Wheel slip detection and recovery using

MCL/TE; (a) range data and map, (b) average

probabilities changing with MCL iterations,

and (c) localization states, A: normal, B:

localization failure, C: localization warning,

and D: normal. 
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shown in Fig. 15(c). After all, the standard deviation of 

samples becomes larger than the predefined threshold 

deviation, and the localization state is switched to global 

localization. Fig. 14(c) and (d) and region D in Fig. 15(d) 

show this state. During global localization, the random 

samples on the thinning edges to evaluate the 

localization state are not required, so the probability of 

region D in Fig. 15(a) and Cstate of region D in Fig. 15(d) 

are meaningless. Random samples are distributed around 

the thinning edges by the MCL/TE to increase the 

convergence speed; this procedure was described in 

section 4. The probabilities of the random samples are 

updated continuously, as shown in Fig. 14(d). After a 

few iterations (about 12 in this experiment), the samples 

converge around the true robot pose, as shown in Fig. 

14(e) and in region E in Fig. 15(d), and the Cstate value 

increases. 

 

6. CONCLUSIONS 

 

In this paper, we proposed a novel approach to reduce 

the number of samples used for the initial phase of the 

MCL process. A simple but useful method for the 

detection of localization failure and recovery from such 

failure was also proposed. With this method, the robot 

can globally seek its pose faster than it would with the 

standard MCL algorithm, and then it can autonomously 

detect and recover from a localization failure. This 

method, MCL/TE (MCL with thinning edges), was 

investigated by a series of experiments. From this 

research, the following conclusions have been drawn. 

1) By constraining the robot motion on the thinning 

edges, which can be generated in real time from the 

range data, the region of sample distribution can be 

significantly reduced during global localization. 

2) The proposed MCL/TE method improved the 

localization performance in terms of the convergence 

speed and failure rate. The increased update rate of 

MCL contributed to the reliability of practical 

localization performance. 

3) The localization state can be determined by analyzing 

the ratio between the probabilities of the samples 

converged near the robot and the samples randomly 

distributed around the thinning edges. 

4) Depending on the localization quality, the proper 

localization scheme can be selected, such as MCL/TE 

for increasing convergence speed. Then, the 

localization state can be restored to the ‘normal’ state. 

 

As mentioned above, there are some environments 

where the differences between the global and the local 

thinning edges are large. In this case, the proposed 

method might not be able to find the robot pose correctly 

because of these differences, even though the robot 

continues to move and the difference decreases. Of 

course, the proposed MCL/TE method can detect the 

localization failure and recover the robot pose, but this 

response may take longer than the standard MCL. This is 

a weak point of this proposed approach, and the research 

on checking the differences between the global and local 

thinning edges is under way. 
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