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Abstract: Real-time global localization of a mobile robot is a prerequisite to accomplishing
the planning and navigation tasks. The adaptive Monte Carlo Localization (AMCL) algorithm
is broadly applied to mobile robots’ localization in indoor environments. The localization
accuracy of the AMCL is limited due to the irregularity of the laser sensor, the random
nature of particle sampling, and the problem of final pose inference. This paper addresses
the issues of global localization in planar indoor environments by presenting a feature-based
technique that synergizes the capabilities of an RGB-D camera and 2D LiDAR. We proposed a
novel method by customizing the Extended Kalman Filter (EKF) using Encoders and Inertial
Measurement Unit (IMU) data for initial pose prediction and subsequent correction with RGB-
D and LiDAR observations. Our approach incorporates robust state vector fusion, considering
sensor malfunctions for improved accuracy. The developed system is evaluated using a mobile
service robot, and the results demonstrate enhanced accuracy, computational efficiency, and
robustness over state-of-the-art techniques.
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1. INTRODUCTION

Mobile service robots have become popular and valuable
in various applications, including education (Aldás V. and
Palacios-Navarro, 2024; Storjak et al., 2022), healthcare
(Kebede et al., 2024; Mǐseikis et al., 2020), hotels (Fuentes-
Moraleda et al., 2020; Yang et al., 2018), agriculture(Unal
et al., 2023), and public environments (Pereira et al., 2013;
Heerphone, 2020; Amal, 2024; Wang et al., 2023). Real-
time localization on a global map is one of the main
challenges for mobile service robots because the robot
must know its current position and orientation before
accomplishing any task. AMCL is generally applied for
mobile robot localization in indoor environments (Kebede
et al., 2024; Chung and Lin, 2022; Wolf et al., 2005; Fox,
2003). It employs a probabilistic localization method to
estimate the position and orientation of the robot on a
known map. By continually adjusting the number and
distribution of particles based on observations, AMCL
handles uncertainties and provides accurate localization.

AMCL relies on laser range sensors for observation inputs.
However, the inherent irregularity of laser sensing, such
as noise and errors induced by surface reflections, can de-
grade AMCL’s localization accuracy. Furthermore, AMCL
depicts belief distributions using randomly sampled par-
ticles, raising uncertainties in its estimates, (Sahabuddin
et al., 2022). Particularly, selecting the final pose from
the particle filter has shown difficulties in symmetrical
environments, where AMCL’s maximum likelihood esti-
mate may be inaccurate. These characteristics of laser

sensors exemplify fundamental constraints of AMCL that
encourage the exploration of refinements or alternative
localization practices. Moreover, the accuracy of AMCL
strongly depends on the count of updates and the number
of particles used.

Considering the above constraints, (Chung and Lin, 2022)
proposed an improved localization method by increasing
the frequency of updates and the number of particles.
Although the accuracy of AMCL increases by increasing
the frequency of updates, it adds computational cost and
still encounters inaccuracies in environments with per-
ceptually vague features. Specifically, AMCL can produce
false positioning estimates that do not match the robot’s
ground truth pose in situations such as long corridors with
repetitive textures or symmetrical areas lacking unique
terrains.

Radiofrequency identification (RFID) transmitters and re-
ceivers are reliable sources for the localization of mobile
robots due to their consistent performance under vary-
ing conditions. Unlike visual cues, RFID tags provide
unique IDs and radio signals resilient to environmental
changes (Choi et al., 2011; Han et al., 2007; Luo et al.,
2007). RFID-based systems use sensor networks composed
of tags that store the location information. The mobile
robot mounted with an RF reader uses each tag’s unique
identification (ID) for localization. They provide coarse-
grained information about the distance and direction be-
tween the transmitter and receiver, which is insufficient
for accurate localization. To overcome this problem, (Choi
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et al., 2011) proposed a hierarchical localization approach
that integrates ultrasonic sensors with the RFID system
and achieved satisfactory results. However, RFID-based
systems consume more power and require many units to
cover a big area, limiting their applications for mobile
robots.

Conversely, feature-based techniques are widely applied
for localization and can potentially handle perceptual
changes in dynamic environments. These techniques rely
on detecting and matching the distinctive features to esti-
mate the position and orientation of the robot relative to
these features. Markov-based localization technique uses
temporal filtering for the sequential information of image
sequences through a similarity matrix (T. Naseer and
Burgard, 2017). This vision-based method uses a Bayes
filter to determine joint probability densities for image
matching and subsequently performs sequential filtering
on the thresholded probabilities, efficiently handling in-
tricate trajectories that might entangle redundant loop-
closures. Priority commitment towards the size and state
space is the excessive requirement of Markov-based local-
ization (Thrun, 2005), limiting its applicability to real-
time applications.

Scale-invariant feature transform descriptors (Kosecka
et al., 2005; Nitsche et al., 2014; Paul et al., 2021),
the line features (Chai et al., 2011), and Harris corner
(Davison and Murray, 2002), impartial of variations in
translation and rotation, are being used as unique features.
Nevertheless, the high computational complexity of these
techniques makes the utilization of the CPU most of the
time. In contrast to the visual features, laser range sensors,
i.e., 2D and 3D LiDAR, significantly reduce the complexity
of feature extraction algorithms while detecting the walls
or corners in the structured environment (Roumeliotis and
Bekey, 2000; David and Kerstens, 1998). Although (David
and Kerstens, 1998) used a higher-level post-processing
module to combine the lines to extract the corner features,
the computational cost is still lower than the visual feature
descriptors. Extracting the geometric shapes from the 2D
point cloud is challenging because identifying the corner,
wall, and circular objects requires sophisticated computa-
tional techniques and mathematical modeling.

A promising direction for robust global localization is
combining the visual and laser data in a complementary
way, leveraging their strengths and weaknesses. Natural
and artificial landmarks specify actual coordinates and
are generally integrated with wheel odometers to minimize
cumulative position error in an indoor environment (Amal,
2024). Image retrieval techniques fused with Monte Carlo
Localization (Wolf et al., 2005) and object recognition and
text retrieval systems (Wang et al., 2006) were presented
for localization purposes. Robust localization fusing cam-
era and LiDAR improves the positioning estimates under
occlusion, but landmark information retrieval from the
offline visual BoWs increase the computational overhead
of the system (Kebede et al., 2024). QR codes are also
used as artificial landmarks for pose estimation and nav-
igation (Cao et al., 2019; Zhang et al., 2015; Lee et al.,
2015). These can be identified swiftly in all directions
and decoded efficiently using existing techniques, reduc-
ing computational time. Due to the high computational
cost of visual descriptors and uncertainty in the precise

shape extraction from 2D laser data, we synergistically
combine the data from both sensors enabling the system
to capitalize on the advantage of both.

Our approach utilizes QR codes and corner features as
landmarks in planar indoor environments, such as those
characterized by walls and doors. We uniquely combine
QR codes as artificial landmarks with natural corner fea-
tures in indoor environments. This approach is designed to
be more adaptable and less labor-intensive than traditional
landmark-based systems. Simultaneously, our system cap-
italizes on corner features, which are ubiquitous and natu-
rally occurring in indoor settings. We significantly reduce
the need for additional, labor-intensive landmark place-
ment by leveraging these existing environmental features.
We strive to balance dependency on landmarks and ad-
vanced sensor fusion techniques. This balanced approach
enhances the accuracy of global localization and lessens
the reliance on an extensive network of landmarks by
incorporating the IMU and Encoder data.

Feature extraction techniques in our work differ from those
mentioned above; we used the 3D camera to detect and
track the relevant QR code’s region of interest (ROI)
to determine the position and orientation information in
contrast to (Zhang et al., 2015; Lee et al., 2015). This
is accomplished by determining the depth distance and
the observation angle of the QR code from the RGB-
D sensor, explained in Section 3.1. We did not use any
separate post-processing module to extract the corner
features from the 2D LiDAR point cloud. Also, we only
processed the relevant data from LiDAR to reduce the
computational cost explained in Section 3.2. The following
are the contributions of this research:

1. We propose a new technique for extracting distinctive
features from RGB-D images and 2D LiDAR data, reduc-
ing the computational cost.

2. We developed a measurement model to use the extracted
features and employed customized EKF integrating ro-
bust state vector fusion, which maximizes the information
content of features and minimizes their uncertainty for
accurate and robust localization.

3. We demonstrate our work’s experimental results in
terms of accuracy, computational complexity, and robust-
ness in an indoor environment using a real mobile robot.

The organization of this work is as follows: Section 2 briefly
explains the proposed experimental hardware and the cal-
ibration of RGB-D and LiDAR. Section 3 describes the
feature extraction algorithms and localization approach.
Section 4 explains the proposed robust state vector fusion
for global localization. Section 5 presents the experimen-
tal validation of the proposed system. Finally, section 6
concludes the work with some future directions.

2. SYSTEM DESCRIPTION

This section describes the hardware specifications of the
proposed experimental setup and an overview of the cali-
bration of 2D LiDAR and RGB-D sensors.
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2.1 Robot Description

The hardware used for the localization experiment is a
two-wheeled differential-driven indoor mobile robot named
Ubot, as shown in Figure 1.

Fig. 1. Proposed mobile service robot.

Equipped with a built-in computer with a 2.4-GHz Intel
I5 processor and 8-GB RAM, it runs Robot Operating
System (ROS) endowed with navigation and visualization
software packages. Its onboard sensors for mapping and
navigation include two incremental wheel encoders with a
resolution of 4096 pulses per revolution, a 2D laser sensor
(RPLIDAR) with an angular range of 360o and measuring
distance of up to 16 meters, a 9−axis inertia measurement
unit and an RGB-D camera (Orbbec Astro Pro) with FOV
60oH×49.5oV ×73oD and depth range of 0.6 to 8 meters.
The intrinsic parameters of RGB-D are fRDx = 570.34 and
fRDy = 570.34 for the focal lengths, while pRDx = 314.5
and pRDy = 235.5 for the principal point.

2.2 Extrinsic Calibration of 2D LiDAR and RGB-D

To determine the camera’s position and orientation and
its spatial relationship with the LiDAR sensor, we relied
on the fixed mounting setup on our robotic platform. Both
sensors were rigidly attached to the same base, providing
a stable and consistent reference frame. This configuration
was crucial for accurately aligning the RGB-D camera
and LiDAR data, enabling precise localization. In our
calibration process, extrinsic calibration is performed by
using the algorithm (Zhang and Pless, 2004), and the
intrinsic parameters of the RGB-D camera, including focal
length and lens distortion coefficients, were obtained di-
rectly through the ROS framework. This approach ensured
accurate retrieval of essential camera characteristics.

For a pinhole camera, mapping from the world frame
P = [X Y Z]T to the image frame p = [u v]T can be
described with the following expression (Song et al., 2016):

p ≈ K(RP + t) (1)

where K and R are the camera matrices representing the
intrinsic parameters and orientation, respectively, and t
is a vector that describes the position of the camera. The
LiDAR point cloud represents the range data of the points
in a plane parallel to the ground. The coordinate system of
the 2D LiDAR is described with the origin at the sensor,
and the scan plane is XZ with a zero height (Y = 0). A
point Pc in the RGB-D reference system is positioned at

the point Pl in the LiDAR reference system, and the rigid
transform from RGB-D reference to LiDAR reference is
represented by,

Pl = ψPc +△ (2)

where △ is a 3 × 1 translation vector describing the
RGB-D sensor’s position relative to the LiDAR reference
frame, and ψ is a 3 × 3 orthonormal matrix representing
the orientation of the RGB-D relative to the LiDAR
reference frame. We determined the ψ and △ matrices and
adopted a unified coordinate system for the 3D vision and
2D laser sensors by omitting the one RGB-D coordinate
representing height.

3. RGB-D AND LIDAR BASED LOCALIZATION

3.1 RGB-D Based Feature Extraction

RGB-D vision sensors use stereo vision or structured light
to capture 3D information about the environment. QR
codes are selected as artificial landmarks and generated
using the online tool QRCode Monkey. Each QR code
is encoded with different label information and detected
with the coordinates of four edges and a center in the
reference image frame. A bounding box is drawn around
each recognized QR code and a circle on the center pixel
(u, v), as shown in Figure 2. The center pixel (u, v) in
the image reference frame is converted to camera frame of
reference as follows,

Xs =
(u− pRDx)× d(u, v)

fRDx

Ys =
(v − pRDy)× d(u, v)

fRDy

Zs = d(u, v) (3)

where, (pRDx, pRDy) is the principal point, (fRDx, fRDy)
are the focal lengths of the RGB-D, and d(u, v) evaluates
the distance from the principal point of the RGB-D camera
to the center of the recognized QR code in the image
plane. To find the orientation information of the recognized
QR code relative to RGB-D, we determined the angle of
observation to the QR code’s center in the RGB-D frame
of reference as follows,

θc = cos−1(
CQ.CO

∥CQ∥.∥CO∥
) (4)

where, C(Xc, Yc, Zc) is the position, O(Xo, Yo, Zo) is the
origin of the camera, and Q(Xs, Ys, Zs) is the center of the
recognized QR code in the camera coordinate frame.

3.2 LiDAR-Based Feature Extraction

LIDAR point clouds can detect obstacles and build a map
of the environment, but they do not give information about
objects’ shape or orientation. In an indoor environment,
we aim to extract the corners of walls and doors from
the 2D LiDAR data. Figure 3 shows the corner feature
extraction process. Initially, noise is removed from the
raw LiDAR points by applying the Median filter. Median
filtering eliminates attenuation and random variations in
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Fig. 2. QR code detection

Fig. 3. Process of corner feature extraction

the LIDAR data (Lim et al., 2021). The raw data is
then passed to the clustering stage, where 2D LiDAR
measurements (rn, θn), n ∈ R are separated into clusters
based on the Euclidean distance. We use the Adaptive
Break Point (ABP) algorithm (Borges and Aldon, 2004)
for clustering, which compares the Euclidean distance
between two consecutive LiDAR points pn and pn−1 with
the threshold distance Dmax and assigns them to different
clusters if the distance is greater than the threshold given
by,

∥pn − pn−1∥ > Dmax (5)

However, if equation (5) does not hold, pn and pn−1

are clustered together. The threshold circle with a radius
Dmax is drawn around the point pn−1, as shown in
Figure 4. The fixed threshold Dmax does not account for
LiDAR’s sparser measurements with increasing distance
from the sensor. To address this, the ABP algorithm uses
an adaptive threshold Dmax based on the range dn of the
point pn. This is achieved by drawing a virtual line through
the point pn−1, representing the most challenging scenario
where the sensor detects an object at a specific angle
of incidence. The virtual line forms an angle λ with the
scanning angle θn−1. For the n-th hypothetical breakpoint
phn, the distance ∥phn − pn−1∥ can be used as Dmax for the
breakpoint test and is determined as:

∥phn − pn−1∥ = dn−1 ·
sin△θ

sin(λ−△θ)
(6)

Fig. 4. Visualization of ABP algorithm

The adaptive threshold distance Dmax, including the sen-
sor error variance σr to account for inaccuracies when the
range distance is small, is given as:

Dmax = ∥phn − pn−1∥+ 3σr (7)

After applying the ABP algorithm, the LiDAR point cloud
X ∈ Rn×2 is divided into segments {Xi}, where each
Xi ∈ Rni×2 contains ni points. These segments {Xi} are
then passed to the feature extraction phase to extract
geometric shapes. To locate corners in the environment,
we apply the Search-Based Rectangle Fitting algorithm
(Zhang et al., 2017), which scans all the LiDAR points
and iterates in each possible direction to find rectangles.
After each segment Xi is processed by the algorithm, L-
shaped features, if present, are retrieved to determine the
position of the corner points in the environment. The set
of all the corner points at the k-th sampling period is given
by,

Ci
k = {C1

k , C
2
k , ..., C

m
k } (8)

where, Ci
k = (xik, y

i
k), i = 1, ...,m, is the corner point

of the ith L shape feature. Figure 2 , shows that QR
codes are strategically placed near the corners of the
walls. Since equation (8) provides information about all
the corner points in the environment, to ensure that the
relevant corner (whose global coordinates are pre-known)
is extracted, we calculated the coordinates of the center
pixel (xqck , y

qc
k ) of the recognized QR code from equation

(3) to determine the accurate location of the relevant
corner Crc

k from the RGB-D, such that:

Crc
k = argmin

xi
k
,yi

k
∈Ci

k

√
(xik − xqck )2 + (yik − yqck )2 (9)

where, Crc
k = (xrck , y

rc
k ) are the coordinates of relavent cor-

ner at the same sampling time k. Hence, the corresponding
range rLk and angle θL measurements can be obtained from
the (xrck , y

rc
k ).

3.3 Location Measurement

This section explains the proposed measurement model for
the global pose estimation of Ubot by using the RGB-D
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Fig. 5. Proposed measurement model

and LiDAR sensor measurements, as shown in Figure 5.
The robot pose for the k-th sampling period is defined as,
P = [xk yk θk]

T , where (xk, yk) is the position and θk is
the orientation of the robot.

The estimated robot pose [x̂k ŷk θ̂k]
T , obtained from the

LiDAR, can be expressed as follows,

x̂k = xLk − rLk cos(θL + θk)− Lhcos(θk) (10a)

ŷk = yLk − rLk sin(θL + θk)− Lhsin(θk) (10b)

θ̂k = θL + θk (10c)

where, (xLk , y
L
k ) are the known global coordinates of the

corner, rLk is the measured distance to the corner feature
at the kth sampling period, θL is known angle of the corner
feature, and Lh is the horizontal translation of LiDAR
from the base-footprint (center of the robot). The robot
pose [x̌k y̌k θ̌k]

T at the same sampling period k acquired
from the RGB-D camera is given by,

x̌k = xQk − rQk cos(θc + θk)− Chcos(θk) (11a)

y̌k = yQk − rQk sin(θc + θk)− Chsin(θk) (11b)

θ̌k = atan2(y̌k − y̌k−1, x̌k − x̌k−1) (11c)

where, (xQk , y
Q
k ) are the known global coordinates of the

QR code, rQk is the measured distance to the center of the
QR code at the k-th sampling period, θc is the angle of
observation determined by the equation (4), and Ch is the
horizontal translation of RGB-D from the base-footprint
(center of the robot).

4. PROPOSED EKF-BASED GLOBAL POSE
ESTIMATION

A customized EKF is applied for the global pose esti-
mation of the robot, which predicts the robot’s initial
pose based on the data from Encoders and the IMU.
Results from the equations (10) and (11) are employed
in the correction step of EKF to obtain the state vectors

(representing position and orientation) XdCam and XLidar

from RGB-D and 2D LiDAR, respectively. The EKF uses
the same process noise covariance R in the prediction
stage; however, measurement covariance matrices QdCam

and QLidar are defined according to the characteristics and
noise levels of RGB-D and 2D Lidar, respectively. RGB-D
and LiDAR perform well in moderate cases. However, both
provide failed measurements when the RGB-D camera has
difficulty estimating the QR code’s surface normals and
boundaries due to illumination problems or LiDAR having
noise outliers or corner ambiguity.

We incorporated the adaptive switching rules to cope with
these limitations to avoid false localization results. When
both sensors perform well, the fusion algorithm finds the
optimal scalar weights (Wang et al., 2010). The combined
estimatorXC for the state vectorsXdCam andXLidar with
the scaler weights is as follows:

Xc =
∑

i=dCam,Lidar
αiXi,

∑
i=dCam,Lidar

αi = 1 (12)

α =
R−1e

eTR−1e
, α = [αdCam αLidar]T , e = [1 1]T

R = [tr(PdCam,Lidar)]
(13)

where Xi is the updated state vector, and αi is the
scalar weight for the ith sensor lies between 0 and 1,
and tr(PdCam,Lidar) is the trace of the associated cross-
covariance matrix PdCam,Lidar. The error variance matrix
for Xc is Pc, given as follows,

Pc =
∑

i,j=dCam,Lidar
αiαjPij (14)

where Pij , i ̸= j is the cross-covariance matrix for the error
variance matrix of ith and jth sensors. In our case, PdCam

and PLidar are the error variance matrices for the state
vectors XdCam and XLidar, respectively. The error vari-
ance matrices are computed online as part of the EKF’s
iterative update process. The EKF framework is designed
to handle this computation efficiently, updating the state
vector and covariance matrix in real time based on the
latest sensor measurements and their associated uncertain-
ties. The estimated poses from equations (10) and (11)
are fused with equations (12) and (14). Nevertheless, state
vector fusion does not consider the failed measurements
from the sensors. To ensure robustness, we modified the
algorithm to assess the sensor malfunctions by comparing
the position estimates from both sensors before calculating
the weights for fusion.

If the Euclidean distance between the estimated positions
pLidar = [x̂k ŷk]

T and pdCam = [x̌k y̌k]
T is more than

the threshold distance Dther = 200mm it means that the
sensors disagree on the robot’s position, and the estimate
of a higher euclidean norm value is considered as the
outcome of the failed estimate. Consequently, the weight
of the failed measurement will become zero. Algorithm
1 explains all the meticulous steps, such as QR code
detection, corner point extraction, and pose correction,
culminating in a robust state vector fusion that determines
the global pose of the robot. This description provides a
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Algorithm 1 EKF-Based Global Localization

Require: 2D LiDAR and 3D Camera
Ensure: Global Pose Using equation (12)
1: Initialize EKF
2: if landmark detected then
3: predict Pose Based on IMU and ODOM
4: while QR ̸= 0 do
5: recognize QR Code and extract edges
6: extract center pixel (u, v) and d(u, v)
7: calculate 3D camera coordinates, equation (3)
8: calculate observation angle (θc), equation (4)
9: return d(u, v) and θc

10: end while
11: while True do
12: ABP-based clustering
13: if D < Dth then
14: push in cluster C
15: else
16: start a new cluster
17: end if
18: Rectangle Fitting
19: if criteria meet then
20: extract L-shapes and corner points
21: push in Ck, equation (8)
22: find Crc

k , equation (9)
23: end if
24: end while
25: correct pose using equations (10), and (11)
26: robust state vector fusion using equation (12)
27: while True do
28: calculate d(pdCam, pLidar)

29: =

√
[pdCam − pLidar]

T
[pdCam − pLidar]

30: if d(pdCam, pLidar) > Dther then
31: if ∥pLidar∥ > ∥pdCam∥ then
32: αdCam = 1 and αLidar = 0
33: else if ∥pLidar∥ < ∥pdCam∥ then
34: αdCam = 0 and αLidar = 1
35: end if
36: else
37: find αdCam, and αLidar, from equation (13)
38: end if
39: end while
40: else
41: Rotate
42: end if

high-level overview of the algorithm, briefly touching on
the key components and the overall objective.

Comparing only the position is a simple and fast way
to check if the sensors agree on the robot’s location.
It can detect significant errors or failures that affect
the robot’s position and orientation. However, comparing
the position only may not be sufficient for applications
that require precise orientation control or navigation in
complex environments. In such cases, comparing both the
position and the orientation may be necessary to ensure
accuracy and reliability.

5. EXPERIMENTAL RESULTS AND ANALYSIS

We conduct experiments on a real robot (Ubot) to verify
the proposed robust global localization system in an in-

Fig. 6. SLAM map built by Ubot. The red marks indicate
the location of landmarks, and the areas labeled A,
B, C, and D indicate the localization test points.

Fig. 7. Global coordinates of landmarks in map frame

door environment. First, we allow the Ubot to navigate
around the experimental area, employing the gmapping
algorithm as part of a SLAM (Simultaneous Localization
and Mapping) process to perform the initial mapping.
This approach enables the generation of a detailed 2D
occupancy grid map of the environment. Utilizing this
SLAM-generated map, we extract and register the global
coordinates of corner and QR code features necessary
for our subsequent feature-based localization task. To im-
prove the accuracy and reliability of the generated map,
we undertake a systematic modification process. Precise
measurements of distances between walls and corners are
manually obtained and used to refine the map, ensuring
it accurately represents the actual physical environment.
The modified map, with marked positions of artificial and
natural landmarks, is shown in Figure 6, and the global
coordinates of each landmark are presented in Figure 7.

5.1 Localization Accuracy

We evaluate the accuracy of our method through a com-
parative analysis with AMCL and the IAMCL(Chung
and Lin, 2022) algorithms. IAMCL represents a recent
advancement in localization techniques, providing a more
contemporary benchmark for our evaluation. For a fair
comparison, we employ AMCL and IAMCL on the same
robotic platform (Ubot). Table 1 demonstrates the most
correlated parameters used for both algorithms. We man-
ually mark known reference positions on the experimental
environment floor using grid markers as shown in Figure
8. To ensure reliable evaluation, we develop an accurate
procedure to collect ground truth data tailored to our
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Table 1. Configurations for the AMCL and
IAMCL Method

Parameter Specification

Motion Model Differential Steering

Laser Model Likelihood Mapping

Total Particles 10,000

environment. The robot pauses at each marked location
and records the estimated pose using our localization sys-
tem. This method, while labor-intensive, provides precise
ground truth data for robust quantitative validation of the
robot’s localization performance across varied initial poses.

Figure 6 shows the location test areas A, B, C, and D,
where we conduct the localization experiments by placing
the Ubot and rotating with an angular velocity (ω =
0.3 rad/s− 0.8 rad/s). The Ubot stops when it finds any
landmark and returns the estimated pose relative to RGB-
D and LiDAR features. To acquire the estimated pose
from the AMCL and IAMCL algorithm, we performed
roundtrip experiments from the marked positions by mov-
ing the Ubot along a straight line without obstacles in
order to isolate the effects of odometry drift. The Ubot
moves in the positive Y -axis direction by more than 1
meter and then returns to the initial position, providing
the estimated pose. Subsequently, the Ubot moves in the
negative Y -axis direction by 2 meters and is controlled
to return to the initial position, giving the estimated pose.
These actions are repeated five times to calculate the mean
of the estimated positions.

We present the results of a specific experiment in Figure 9.
The actual positions of Ubot, determined through ground
truth measurements, are indicated by green points. The
estimated positions obtained from the proposed EKF-
based and IAMCL-based approaches are depicted by yel-
low and blue points, respectively. This visualization high-
lights the performance differences between the EKF and
IAMCL methods in determining Ubot’s position. The Li-
DAR scanned data, represented by the red point cloud,
consistently aligns with the map, accurately reflecting
Ubot’s actual positions in the environment. Additionally,
we calculate the mean absolute error (MAE) to assess
localization error and measure the performance of our
method. The MAE is defined as:

MAE =
1

n

n∑
i=1

∣∣∣Li − L̂i

∣∣∣ (15)

where Li represents the actual location through ground
truth and L̂i represents the obtained location for the i-
th experiment, and n is the total number of experiments.
Figure 10 presents the MAE calculated over five experi-
ments. Our method exhibits maximum localization errors
of 0.052m in the X-axis and 0.105m in the Y -axis, which
are lower than those of AMCL and IAMCL. IAMCL,
an enhancement over standard AMCL, shows improved
accuracy by iteratively executing the AMCL algorithm
under specific conditions. While the original IAMCL work
emphasized qualitative success rates, our implementation
provides a quantitative evaluation of its performance in
terms of MAE in both X and Y directions. Overall, EKF-

Fig. 8. Experimental environment

Fig. 9. Comparison of localization results for Ubot at test
locations. The actual positions (green points), esti-
mated positions from the EKF-based method (yellow
points), and estimated positions from the IAMCL-
based method (blue points) are shown at Locations
(a) A, (b) B, (c) C, and (d) D.

based localization technique achieves higher accuracy than
both AMCL and IAMCL. Irrespective of the local-ization
accuracy, AMCL and IAMCL are prone to failure in envi-
ronments with similar terrains (Chung and Lin, 2022).

5.2 Computation Time and Robustness

We also evaluate the computation time of our method
and compare it with that of AMCL and IAMCL. Ta-
ble 2 presents the mean computation time of different
algorithms. Computation time refers to the total time
required to process from the initiation of feature extraction
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Fig. 10. Comparative analysis of Ubot localization errors
in X and Y positions using EKF, AMCL, and IAMCL,
with standard error bars.

Table 2. Configurations for the AMCL and
IAMCL Method

Algorithm Time (s)

EKF-Based (Ours) 0.036

AMCL 0.112

IAMCL 2.09

to the final output of estimated odometry. Our method
demonstrates superior efficiency with a computation time
of only 0.036 seconds, highlighting its efficiency for real-
time applications. In contrast, the AMCL algorithm has a
longer computation time of 0.112 seconds. This increase is
due to its particle filter-based mechanism, which requires
extensive simulations of multiple particles for position
estimation. IAMCL, an extension of AMCL designed for
enhanced accuracy, necessitates an even longer computa-
tion time of 2.09 seconds due to its iterative approach,
where multiple AMCL processes are executed. Given these
results, AMCL and IAMCL may not be suitable for time-
critical or real-time applications if their computation times
exceed acceptable performance or latency requirements.

The experiments demonstrated that the depth value of the
recognized QR code varies slightly (0− 40mm) depending
on the viewing angle of the RGB-D sensor, indicating
that depth estimation is not robust to changes in the
orientation of Ubot. This depth error may result from
inaccurate surface normal estimation, depth data com-
pletion artefacts, or changes in illumination. Additionally,
irrelevant corners were extracted from the LiDAR data due
to multiple adjacent corners (combination of L shapes) in
the scenario, as shown in Fig. 11. The unrelated corners

Fig. 11. Sensors malfunctioning at location C

Fig. 12. Fusion weights at location C

are close and do not significantly affect the localization’s
accuracy. However, to evaluate the robustness of the state
vector fusion, we considered the worst-case scenario, where
the Ubot was placed near location C, as shown in Fig. 11.
The proposed fusion method automatically rejected the
failed measurements by switching the weights for either
sensor at different time instances, as shown in Figure 12.

5.3 Dissecting Sensor Effects on EKF Accuracy

This section demonstrates the individual and synergistic
effects of various sensor inputs on the accuracy of our
method. We compare three sensor configurations: (1) IMU
and encoder data (IMU+Enc), (2) IMU, encoder, and
RGB-D feature measurements (IMU+Enc+RGB-D), and
(3) IMU, encoder, and LiDAR data (IMU+Enc+LiDAR).
Each configuration is evaluated through the roundtrip
experiments discussed in Section 5.1, and the results are
presented in Figure 13. The first configuration, IMU+Enc,
demonstrates increased X and Y errors across all locations
due to the limitations inherent in Encoder and IMU data,
such as drift over time and lack of environmental inter-
action, which hinder accurate localization results. While
the IMU+Enc+RGB-D configuration significantly reduces
localization errors, it still faces challenges in depth percep-
tion, resulting in large errors compared to those presented
in Figure 10. Conversely, the IMU+Enc+LiDAR setup
illustrates improved localization accuracy due to LiDAR’s
superior range measurement capabilities. However, this
setup lacks detailed feature recognition and fails to provide
precise measurements at location C. As discussed in Sec-
tion 5.2, these observations indicate that isolated sensor
configurations cannot fully compensate for each other’s
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Fig. 13. Results of the sensor ablation study - analyzing
the impact of different sensor configurations on local-
ization accuracy, with standard error bars.

limitations, underscoring the necessity for a collaborative
multi-sensor approach to achieve optimal performance.

6. CONCLUSION

This work aimed to improve the performance of a mobile
robot’s localization in terms of accuracy, computational
complexity, and robustness by using distinctive features.
Specifically, we used QR codes as artificial landmarks
and corners as natural landmarks in the lab environment.
Our framework extracted the QR codes from RGB-D
and corner features from the LiDAR data by reducing
the computational complexity compared to the existing
feature-based techniques. Furthermore, we developed a
measurement model that takes these features as input
and returns the estimated global pose of the mobile
robot. Finally, we performed robust state vector fusion
by considering the sensor malfunctions, minimizing the
features’ uncertainty. Experimental results in accuracy,
computational complexity, and feasibility demonstrate the
presence of the presented EKF-based localization system
over the AMCL and IAMCL algorithms.

Despite the sophistication of IAMCL, the results demon-
strate that our EKF-based localization method outper-
forms IAMCL in critical aspects, i.e. accuracy and compu-
tation complexity. These results highlight the limitations
of both existing methods for time-critical or real-time
applications when computation time exceeds the desired
performance or latency requirements. Ultimately, the pre-
sented technique showcases the efficacy and practicality of
the developed system, paving the way for enhanced perfor-
mance in various real-world applications. By introducing

an EKF-based localization system, we provide a solid
foundation for advancements in mobile robot localization.
This novel approach can inspire researchers to explore
new possibilities in optimizing mobile robot navigation,
control, and path-planning strategies.
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