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Hybrid Localization using Model- and Learning-Based Methods:
Fusion of Monte Carlo and E2E Localizations via Importance Sampling
Naoki Akai1 , Takatsugu Hirayama2 , and Hiroshi Murase1
Abstract— This paper proposes a hybrid localization method
that fuses Monte Carlo localization (MCL) and convolutional
neural network (CNN)-based end-to-end (E2E) localization.
MCL is based on particle filter and requires proposal distributions to sample the particles. The proposal distribution is
generally predicted using a motion model. However, because the
motion model cannot handle unanticipated errors, the predicted
distribution is sometimes inaccurate. The use of other ideal
proposal distributions, such as the measurement model, can
improve robustness against such unanticipated errors. This
technique is called importance sampling (IS). However, it is
difficult to sample the particles from such ideal distributions
because they are not represented in the closed form. Recent
works have proved that CNNs with dropout layers represent
the posterior distributions over their outputs conditioned on the
inputs and the CNN predictions are equivalent to sampling the
outputs from the posterior. Therefore, the proposed method
utilizes a CNN to sample the particles and fuses them with
MCL via IS. Consequently, the advantages of both MCL
and E2E localization can be simultaneously leveraged while
preventing their disadvantages. Experiments demonstrate that
the proposed method can smoothly estimate the robot pose,
similar to the model-based method, and quickly re-localize it
from the failures, similar to the learning-based method.

I. I NTRODUCTION
In autonomous navigation, accurate and robust localization
is of utmost importance, e.g., [1]–[3]. Many authors have
tackled the localization problem, and various model- and
learning-based localization methods have been proposed thus
far. However, the results of current state-of-the-art localization methods cannot be considered ideal owing to multiple
factors. Model-based methods are weak toward unanticipated
errors such as wheel slippage because these errors cannot
be exactly modeled. On the other hand, learning-based
methods can cope with unanticipated errors if a training
dataset encapsulates such errors. However, the inferences
derived using learning-based methods are usually unstable.
Additionally, it is difficult to achieve precise autonomous
navigation with only learning-based methods. Localization
performance can be improved if the model- and learningbased methods are effectively fused, but a naive approach
leads to degradation in the localization performance. This
paper proposes a novel approach to fuse model- and learningbased localization methods that leverages the advantages
from both methods while mitigating their disadvantages.
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Fig. 1. Top and bottom figures show the overview of the proposed method
and examples of successful estimates by the method. Blue and yellow arrows
illustrate the model- and learning-based particles. In (a), localization is
successful even though the E2E localization has failed. (b) and (c) illustrate
the fast re-localization performance, where (b) shows the initial state, i.e.,
the initial pose is not given, and (c) shows the estimation result after slightly
moving from the pose in (b).

We propose a hybrid localization method that fuses Monte
Carlo localization (MCL) [4], [5] and convolutional neural
network (CNN [6])-based end-to-end (E2E) localization.
MCL is based on particle filter (PF) and requires proposal
distributions to sample the particles. The proposal distribution is generally predicted using a motion model, and the
predicted distribution is referred to as predictive distribution
[7]. Because unanticipated errors cannot be exactly modeled,
the predictive distribution is occasionally inaccurate. The use
of other ideal proposal distributions, such as the measurement
model, can improve robustness against such unanticipated
errors. This technique is referred to as importance sampling
(IS) [8]. However, it is difficult to sample the particles from
such ideal distributions because they are not represented in
the closed form.
Recent works have proved that CNNs with dropout layers represent the posterior distributions over their outputs
conditioned on the inputs and the CNN predictions are
equivalent to sampling the outputs from the posterior [9]–
[11]. Therefore, the proposed method utilizes a CNN to
sample the particles and fuses them with MCL via IS.
The top and gray parts of Fig. 1 illustrate an overview
of the proposed method and the fusion process via IS,
respectively. In the proposed method, two types of particles, referred to as model- and learning-based particles, are
used. They are derived from the predictive distribution and
posterior distribution which are modeled using the CNN,
respectively. The bottom figures illustrate examples of successful estimates obtained using the proposed method in the
2D LiDAR localization problem; the LiDAR measurements
are depicted in red. It should be noted that learning-based
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particle (yellow arrows) sampling significantly affected the
changes in the direction of the robot.
In (a), the localization was successful despite the misconvergence of the learning-based particles because the
model-based particles (blue arrows) correctly converged. (b)
and (c) show the fast re-localization performance. (b) shows
the initial state, i.e., the model-based particles were randomly sampled because no previous information regarding
their sampling was available. However, the learning-based
particles correctly converged. (c) shows the result of robotpose estimation after slightly moving from the pose in
(b). Both the model- and learning-based particles correctly
converged in (c) because the learning-based particles are
fused. Experiments demonstrated that the proposed method
can smoothly estimate the robot pose, similar to the modelbased method, and quickly re-localize it from the failures,
similar to the learning-based method. The contribution of
this study is the proposal of a method that fuses MCL and
E2E localization via IS.
The rest of this paper is organized as follows. Section II
summarizes the related work. Sections III and IV detail
the proposed method and its implementation in the 2D
localization problem, respectively. Section V describes the
experimental conditions and results. Section VI concludes
this work.
II. R ELATED WORK
The MCL [4], [5] has been applied to various types
of localization problems, and several extensions have been
proposed, such as adaptive MCL [12] and augmented MCL
[13]. Thrun et al. [14] proposed mixture MCL that uses multiple proposal distributions. In [14], three approaches were
presented. The importance factor, i.e., the likelihood, was
calculated using the motion-model, predictive-distribution,
and distribution over the previous pose, respectively. Note
that the first approach was not implemented in [14] because
it cannot cope with the global-localization problem.
All the three approaches presented in [14] use the measurement model for particle sampling; however, this sampling is
complex and inaccurate. The authors mentioned that the key
method for the sampling involved learning a joint distribution
sampling model over the pose and the measurement from
data. In [14], the authors collected both the pose and measurement data using a real robot and created trees that permitted fast sampling with compressed measurement features.
Although this method enables efficient particle sampling,
hwever it has two problems; 1) the tree significantly increases
the memory requirements and 2) drawing the particles on
a correct area is not reliable. Particularly, mapping the
sensor measurements to a low-dimensional feature vector
significantly decreases the sampling accuracy.
Lenser and Veloso [15] proposed a failure recovering
method for the MCL called sensor resetting (SR). SR also
uses a sampling method based on the measurement model
to recover from the failures if mis-convergence is detected.
SR detects the failures based on the threshold. However,
SR easily occurs mis-convergence again if the particles are

drawn into incorrect areas because SR does not use IS,
i.e., all particles are evaluated using only the measurement
model. Hence, the threshold for detecting the failures must
be carefully determined. Ueda et al. [16] proposed expansion
resetting (ER), which is similar to SR and suitable for
recovering the position tracking failures. However, ER also
requires the exact threshold to detect the failures because it
does not use IS either.
Recent works regarding CNNs have significantly improved
the data-driven estimation methods. Kendall et al. [17]
proposed PoseNet, which is an E2E localization method and
learns the relationship between the camera image and pose.
Charles et al. [18], [19] proposed PointNet and PointNet++,
which enables E2E point cloud handling. Inspired by these
works, various types of CNN-based-localization and pointregistration methods have been proposed [20]–[26]. Additionally, Lu et al. [27]. proposed a localization method that
replaces the processes involved in the localization framework
to three networks. Amini et al. [28] presented a method
that uses the outputs of the E2E navigation network, i.e.,
probabilistic distributions over a steering angle, for localizing
an ego-vehicle pose. These studies have demonstrated the
significant localization performance of the CNNs.
Kendall et al. [10] also asserted that the uncertainty in
pose estimation using a CNN can be evaluated if the CNN
has dropout layers. This uncertainty-estimation method is
referred to as Monte Carlo (MC) dropout. MC dropout
can be applied to various types of applications [29], [30].
With respect to MC dropout, several uncertainty-estimation
methods have been recently formulated [31], [32]. These
uncertainty-estimation methods can increase the feasibility
of CNN-based applications. However, Sattler et al. [33]
reported the limitations of CNN-based pose regression, i.e.,
there is no guarantee in the CNN-based pose regression,
unlike structure-based approaches, generalize beyond their
training data. Therefore, we believe that an effective strategy
to fuse the E2E localization method with the model-based
localization method is necessary to utilize E2E localization
for autonomous navigation. To the best of our knowledge,
this is the first time that E2E localization has been fused
with MCL via IS.
We previously proposed a localization and its reliabilityestimation method that used MCL and a CNN in [34], [35].
The CNN was used for detecting the localization failures and
its output was used to calculate the likelihood of the particles.
However, this method did not fuse the pose-estimation results
by MCL and CNN and could not utilize the advantages to
improve robustness. Learning-based failure detection methods for the localization and point cloud registration have also
been recently proposed [36], [37]; however, these methods
also do not utilize the inferences to improve robustness. The
method proposed in this study improves robustness by fusing
both the model- and learning-based methods.
III. P ROPOSED METHOD
This section describes MCL and the fusion method for the
E2E localization with MCL via IS.
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A. MCL
MCL is based on PF and estimates the posterior distribution over the current pose, xt , with conditions that are
sequences of the control inputs and sensor measurements,
u1:t and z1:t , and a map m. The posterior distribution can
be recursively estimated as
p(xt |u1:t , z1:t , m) = ηp(zt |xt , m)
∫
· p(xt |xt−1 , ut )p(xt−1 |u1:t−1 , z1:t−1 , m)dxt−1 ,

(1)

where η is a normalization constant, p(zt |xt , m) is the
measurement model, and p(xt |xt−1 , ut ) is the motion model.
For notational convenience, we define Bel(xt−1 ) as follows.
Bel(xt−1 )
∫
(2)
def
=
p(xt |xt−1 , ut )p(xt−1 |u1:t−1 , z1:t−1 , m)dxt−1 .
Bel(xt−1 ) is the predictive distribution [7] and is used as
the proposal distribution. The particles derived from the
distribution, m st , are referred to as model-based particles
in this work.
In PF, the likelihood of the particles is denoted by the
quotient of the target and the proposal distribution. The
target distribution for MCL is denoted by p(xt |u1:t , z1:t , m).
Hence, the likelihood for the model-based particles, m lt , is
calculated as follows.
m

lt = η

p(zt |xt , m)Bel(xt−1 )
= ηp(zt |xt , m).
Bel(xt−1 )

(3)

B. Fusion of E2E localization with MCL
Based on the recent works presented in [9]–[11], the
inference using the CNN-based E2E localization with the
dropout layers can be represented as follows.
l

xt ∼ p(xt |zt ).

(4)

Namely, the inferences are equivalent to sampling the pose
from the posterior distribution. Therefore, we used the
posterior as the proposal distribution and referred to the
particles generated from the distribution, l st , as learningbased particles.
The posterior can be approximately represented using a
finite number of particles as
l

p(xt |zt ) ≃

M
1 ∑
[i]
δ(x − l xt ),
lM
i=1

(5)

where δ is the Kronecker delta, which is 1 when the values
within the bracket are equal and 0 otherwise, and l M is
the number of learning-based particles. The likelihood of the
learning-based particles can be calculated as follows.
l

p(zt |xt , m)
Bel(xt−1 ),
p(xt |zt )
p(zt |xt , m)
Bel(xt−1 ).
≃η l M ∑l M
l [i]
i=1 δ(x − xt )

lt =η

the likelihood. The concatenated particles, st = (m st , l st ),
approximately represent the posterior over the current pose
described in equation (1). Finally, the current pose is estimated as the expectation of the posterior, i.e., the weighted
average of both the particle sets.
IV. I MPLEMENTATION
This section describes the implementation of the proposed
method in the 2D LiDAR-based localization problem.
A. Variable definitions
The objective is to estimate the current pose, xt , which
is composed of the 2D position, xt and yt , and heading
direction, θt , on the given map, m, modeled by a 2D
occupancy grid map. The 2D LiDAR measurement is represented by zt = (z1t , z2t , ..., zK
t ), where K is the number
of measurements and zkt is composed of the measurement
range, rtk , and angle, ψtk . Hokuyo LiDAR (UTM-30LX) is
used in this work and its specifications are as follows. 1) The
measurement angle is 270 degrees, 2) the measurement angle
resolution is 0.25 degrees, and 3) the maximum measurement
range is 30 m. The robots used in this work are equipped with
wheel encoders. ut = (∆dt , ∆θt ) is the control input, and
∆dt and ∆θt , respectively, are the translation distance and
heading direction from t − 1 to t measured by the encoders.
B. Model-based MCL
1) Motion model: Let st−1 and m st−1 be the particles
that approximately represent the posterior over the pose at
t − 1 and are re-sampled from the posterior. Here, m st−1 ,
composed of m M particles, is used as the previous states for
the model-based particles. In this study, m M was set to 500.
The pose of the model-based particles is first updated on the
basis of the motion model as
 
 


[i]
[i]
m [i]
m [i]
xt−1
xt
∆dt cos m θt−1
 m [i]   m [i]  

[i]
[i]
 yt  =  yt−1  +  ∆dt sin m θt−1  , (7)
[i]
m [i]
m [i]
θt−1
θt
∆θt
[i]

∆dt ∼ N (∆dt , α1 ∆d2t + α2 ∆θt2 ),

(8)

[i]
∆θt

(9)

∼ N (∆θt , α3 ∆d2t + α4 ∆θt2 ),

where α1−4 are the arbitrary constants to represent the uncertainty of encoder measurements and N (a, b2 ) is Gaussian
with mean, a, and variance, b2 . The arbitrary parameters were
set as follows: α1 = 0.025, α2 = 0.0125, α3 = 0.0325, and
α4 = 0.0615.
2) Measurement model: After updating the particles using
the motion model, their likelihoods are calculated using the
measurement model. Because we assume that the measurements are independent of one another, the likelihood of the
model-based particles is calculated as

(6)

m

[i]

ωt =

K
∏

[i]

p(zkt |m xt , m).

(10)

k=1

To fuse E2E localization with MCL, the model- and
learning-based particles are concatenated after calculating

Each measurement is modeled using the likelihood field
model [5].
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implementation, τ was set to 0.95 and Σ was set to diag =
(10−4 m2 , 10−4 m2 , 10−2 deg2 ).
The likelihood of the learning-based particles is calculated
as follows.
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[i]
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∏

[i]
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(13)
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Fig. 2.

Architecture of the CNN.

C. E2E localization and fusion via IS
1) CNN-based E2E localization: The architecture of the
CNN used in this study is depicted in Fig. 2. We referred
to AlexNet [38] with slight modifications to build the architecture. The measurement-range vector rt = (rt1 , rt2 , ..., rtK )
is fed to the CNN and the current 2D position, pt , and
quaternion, qt , are predicted. The dropout layers are implemented after implementing the fully connected (dense)
layers; the dropout rate was set to 10 %. Notably, we denote
the posterior modeled using the CNN by p(xt |zt ) even the
measurement-range vector is only fed to the CNN.
The loss function of the CNN is defined with respect to
the literature [17] as
L(zt ) = κ∥p̂t − pt ∥2 + (1 − κ) q̂t −

qt
∥qt ∥2

D. Pose estimation and re-sampling
Before estimating the current pose, the model- and
learning-based particles are concatenated, st = (m st , l st ),
and the weight of all particles is normalized as follows.
m

m

[i]

ωt ← ∑ m M
m
j=1

l

[i]

ωt ← ∑m M
m
j=1

[i]

ωt

[j]

ωt +
l

[i]

ωt

[j]

ωt +

,

(14)

.

(15)

∑l M

l [j]
j=1 ωt

∑l M

j=1

l ω [j]
t

Then, the current pose is estimated as follows.
,

(11)

m

2

where p̂t and q̂t are the ground truth position and quaternion,
respectively, and κ is an arbitrary constant that satisfies 0 ≤
κ ≤ 1. In implementation, κ was set to 0.01. Because the
norm of the quaternion must be one, the predicted quaternion
was normalized.
In the localization phase, the same sensor measurement
is fed to the CNN with different dropout neurons and l M
poses are drawn. l M was set to 100. We used GeForce GTX
TITAN X as the GPU and implemented the CNN using Keras
[39]. The average prediction time taken by the CNN for the
100 particles was approximately 25 msec.
2) Likelihood calculation: As shown in equation (6),
the likelihood of the learning-based particles is calculated
using the measurement model, p(zt |xt , m), and the predictive distribution, Bel(xt−1 ). The predictive distribution
is approximately represented by the model-based particles
updated using the motion model presented in equation (7).
To define the probabilistic distribution based on the particles,
we use a kernel-density estimation. The probability of the
predictive distribution is approximated as
[i]

Bel(l xt ; xt−1 )
m

The inference derived using the CNN is usually unstable.
However, the proposed method can prevent the effect of
unstable estimation because the likelihood of the learningbased particles is calculated using the predictive distribution.

M
1 ∑
[i]
[i]
N (l xt ; m xt , Σ) + (1 − τ )unif(x),
≃τm
M i=1

(12)

where τ is an arbitrary constant satisfying 0 ≤ τ ≤
1, Σ is a covariance matrix, and unif(x) is a uniform
distribution defined within the areas that the robot can
exist. If τ is set to one, the global-localization problem
cannot be resolved because the likelihood of the particles
far from the model-based particles will be vanished. In

xt =

M
∑

l

m

[i]
[i]
ωt m x t

i=1

+

M
∑

l

[i]

[i]

ωt l x t .

(16)

i=1

Finally, m M particles are re-sampled based on the concatenated particles. The estimated pose at this instance is used
for the evaluation described in Section V.
V. E XPERIMENTS
A. Experimental conditions
1) Simulation environment and training dataset: We first
operated a real robot and built consistent maps using 2D
LiDAR SLAM [40]. The consistent maps were used to
simulate the LiDAR measurements. Because we used the
Hokuyo LiDAR (UTM-30LX) in the real experiments, we
simulated its measurements. The white noise according to
Gaussian with a variance of 0.025 m2 was added to each
measurement range. Because the simulation allows us to
obtain the ground truth pose, x̂, a training dataset, D =
{x̂(n) , z(n) |n = 1, ..., N }, can be easily created. In both the
simulation and real experiments, the CNN was only trained
on the datasets created using the simulation.
2) CNN: We first created a dataset in a large car-garage
environment to validate E2E localization. A total of 2500
training samples and 500 test samples were collected. We
also created a dataset that included the same number of samples in a dynamic simulation environment. In the dynamic
environment, 40 randomly walking obstacles were simulated.
Table I lists the average, standard deviation, minimum, and
maximum estimation errors in both the static and dynamic
environments. It could be observed that the inference by
the CNN in the static environment is sometimes accurate
but usually noisy. Additionally, the inference in the dynamic
environment is significantly noisy.
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TABLE I
E STIMATION ERRORS OF E2E LOCALIZATION IN THE CAR - GARAGE
ENVIRONMENT.

Odometry
E2E
MCL
AMCL with ER
Proposed method
Ground truth

60
50
40

Dynamic
Pos. [m]
Ori. [deg]
2.800
21.412
2.757
33.821
0.131
0.007
20.472
176.400

y [m]

Ave.
Std.
Min.
Max.

Static
Pos. [m]
Ori. [deg]
0.693
2.596
0.469
2.361
0.031
0.009
2.701
22.954

70

30
20
10
0
-10
-20
-40

TABLE II
E STIMATION ERRORS WITHOUT WHEEL - SLIPPAGE SIMULATION IN
T HE POSITION AND ORIENTATION
ERRORS ARE SHOWN IN METER AND DEGREE , RESPECTIVELY.

Ave.
Std.
Min.
Max.

MCL
Pos.
Ori.
0.307
0.892
0.148
0.828
0.005
0.000
0.819
6.487

20

40
x [m]

-5
y [m]

method
Ori.
0.929
0.861
0.000
5.788

0

60

80

100

120

0

STATIC OUTDOOR ENVIRONMENT.

Proposed
Pos.
0.323
0.152
0.001
0.889

-20

E2E
Pos.
Ori.
1.765
3.629
1.600
3.880
0.003
0.000
27.911
58.480

A

-10
-15
-20

B
60

70

80

90

100

110

120

130

x [m]

Fig. 3.

Through the pre-experiments, we observed that E2E localization is not adequate for precise autonomous navigation
even in static environments. In the experiments described
below, we focus on static environments to validate the
improvements in the estimation accuracy using the proposed
fusion method. Notably, the CNN is re-trained using a training dataset created in the target environments beforehand.
B. Simulation experiments without wheel slippages
We first validated the localization performances of the
proposed method, MCL, and E2E localization without wheelslippage simulation in the simulated static outdoor environment. The result of E2E localization is the average pose
of the learning-based particles. Table II lists the estimation
errors using the three methods. MCL accurately estimated the
robot pose because the experimental conditions were ideal.
However, E2E localization was unstable.
The average localization accuracy of the proposed method
was slightly lower than that of MCL because the proposed
method fuses the learning-based particles to localize the
pose, as described in equation (16). Although the E2E localization drastically failed, the localization performance was
not degraded. This result demonstrated that the performance
of the proposed method is almost the same as that of MCL
working in the ideal environment.
C. Simulation experiments with wheel slippages
We then validated the localization performances using
simulations with wheel slippages. There was a 1 % chance
of wheel slippage, and the slippage occurred according to
2
the white noise with a variance of (15 deg) .
In the experiments, we also used augmented MCL
(AMCL) [5] with ER [16] as the comparison method. AMCL
observes the history of the likelihood to detect the mis-

Localization results in the outdoor environment.

convergence, i.e., the failures estimated by the MCL1 . ER
is the method used to recover from the failure estimates.
It is suitable for recovering the position tracking failures
because the particle distribution is expanded around the
current estimated pose if localization failure is detected.
Figure 3 shows the estimated trajectories in the outdoor
environment. Although MCL handled the wheel slippages
when the slippage was small, it failed the estimate when the
angular disturbance was large, e.g., exceeding 30 degrees.
The E2E localization was also unstable in this experiment.
The proposed method and AMCL with ER successfully
tracked the robot pose. The bottom part of Fig. 3 shows an
enlarged view of the top part. Even upon the occurrence of
wheel slippages at A and B, both the methods recovered
from the failure estimates. The proposed method achieved
the quick recover more than AMCL. Because AMCL needs
to observe the likelihood history, several estimation steps are
necessary to detect the failures. In contrast, the proposed
method does not need to detect the failure because the
E2E localization is always fused with MCL. Consequently,
the proposed method could achieve quick recovery and its
estimation accuracy was higher than that of AMCL.
We also conducted experiments in an indoor environment
with a long corridor and obtained the same result as that
obtained from the outdoor environment experiment, i.e., the
proposed method and AMCL with ER accomplished pose
tracking, and the estimation accuracy of the proposed method
was the highest. Table III lists the estimation errors of the
proposed method, AMCL with ER, and E2E localization in
both the experiments. Note that the target path and environment to obtain the results shown in Tables II and III are the
same. Because MCL could not succeed in pose tracking, its
results were not included in the table. We confirmed that the
proposed method can robustly estimate the robot pose despite
1 More specifically, the AMCL calculates the random particle rate that
should be injected in the re-sampling phase to recover from the misconvergence while observing the likelihood history [5]. The estimate is
considered to be unsuccessful if the random particle rate exceeds zero.

6473

TABLE III
P OSE - ESTIMATION ERRORS BY THE PROPOSED METHOD , AMCL WITH ER, AND E2E LOCALIZATION WITH WHEEL - SLIPPAGE SIMULATION .
Proposed
Pos.
0.343
0.160
0.002
1.194

Ave.
Std.
Min.
Max.

Outdoor shown in Fig.
method
AMCL with ER
Ori.
Pos.
Ori.
1.486
0.383
2.710
2.466
0.262
5.073
0.002
0.001
0.000
28.587
2.465
36.699

A1

E2E
Pos.
1.850
1.614
0.005
24.852

Proposed
Pos.
0.200
0.133
0.000
0.890

Ori.
4.078
4.551
0.000
58.114

A2
y [m]

2

3

B1

C1

-2

B1

B2

C1

C2

A1
A2 C2 B2

-2

0

2
x [m]

E2E
Pos.
1.542
2.703
0.003
20.511

Ori.
6.517
18.252
0.000
162.511

Proposed method

C

D

15

B

20

25

30

A

35

40

x [m]

Map
E2E
Proposed method

-6

5

Ground truth
E2E

4

-1

-1

C

-2

D

-2

-3

6

-4

the presence of unanticipated errors. However, we found
limitation in the proposed method through the experiment.
The limitations will be detailed in Section V-E.
D. Real experiments
We also conducted experiments in a real indoor environment. The robot was equipped with a Hokuyo 2D LiDAR
(UTM-30LX) and wheel encoders. The training dataset for
E2E localization was created using the simulation. Notably,
the real-environment experiments only demonstrated the
qualitative results because the ground truth was not available.
Figure 4 shows the trajectories estimated by the proposed
method and E2E localization with unanticipated errors. In
this experiment, we kidnapped the robot three times at
A, B, and C from 1 to 2, where kidnapping means that
the localization suddenly fails because the robot jumps.
However, the proposed method could quickly recover from
the localization failures owing to the integration with E2E
localization. Furthermore, smooth trajectory estimation could
be achieved even though the E2E localization was not precise. From the real-environment experiments, we confirmed
that the proposed method also performed well in the real
environment, similar to the simulation experiments.
E. Limitation
We found the limitation of the proposed method through
the experiment conducted in the indoor environment with the
long corridor. Because the proposed method fuses the MCL
and E2E localization, it fails to estimate the pose if both the
methods fail their estimates. Figure 5 shows such an example. In the long corridor area, similar measurements were
obtained and the learning-based particles were sometimes
drawn into incorrect areas. If the MCL failed to estimate
the pose in such a case, the proposed method also failed
the pose estimate. At point A, wheel slippage occurred, and

-6

A

-4

-5

Fig. 4. Experiment with the real robot. The robot was kidnapped at A, B,
and C from 1 to 2. The accompanying video shows this experiment.
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Fig. 5. Failure case examples of pose estimate using the proposed method.
The bottom figures are the enlarged views of the top figure.

this problem was found. As a result, the pose estimate result
using the proposed method jumped to the point B.
Although the learning-based particles were correctly sampled after the jump, the proposed method could not immediately re-localize the robot pose because the likelihood of
the learning-based particles is calculated using the predictive
distribution. However, the calculation of likelihood using
the predictive distribution prevents the influence of unstable
estimates by E2E localization. This results shows a trade-off
problem between accuracy and robustness. When the robot
arrived at point C, the proposed method correctly estimated
the robot pose, indicated as point D, because the likelihood
calculation using the measurement model yielded obvious
differences. A more robust measurement model needs to be
developed to solve this trade-off problem.
VI. C ONCLUSION
This paper has presented a hybrid localization method that
fuses the MCL and E2E localization via IS. By using the proposed fusion method, the advantages of both the localization
methods can be simultaneously leveraged while mitigating
their disadvantages. The experiments demonstrated that the
proposed method can smoothly estimate the robot pose,
similar to the model-based method, and quickly re-localize
it from the failures, similar to the learning-based method.
Our future work aims to develop as E2E localization
method that is robust toward environmental changes and an
automatic dataset creation method for E2E localization while
utilizing our previous work [41]–[43].
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