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ABSTRACT Determining the real-time and accurate location of mobile robots within indoor environments
is crucial for a wide range of applications. Due to the limitations of GPS signals, alternative localization
techniques are needed to determine the real-time location of mobile robots in indoor environments. This
paper investigates the accuracy of Odometry and Ultra-Wideband (UWB)-based localization methods for
detecting the location of mobile robots navigating complex trajectories. Odometry relies on wheel rotations
or movement sensors to estimate a robot’s position relative to its starting point, while UWB technology
utilizes short-range radio waves to achieve precise distance measurements between UWB-equipped devices.
We propose an adaptive localization method inspired by the weighting concept of Kalman filtering. Unlike
a classical Kalman filter, the proposed method does not implement an explicit prediction-correction state
cycle. Instead, it adaptively updates the contribution of UWB and Odometry according to their estimated
error margins and the discrepancy between their reported coordinates. The method dynamically adjusts the
contribution of each system based on their estimated error rates, relying more on Odometry when UWB
experiences temporary interference, and shifting weight toward UWB as Odometry drift accumulates over
time. To evaluate the accuracy of the proposed method, we conducted various experiments in a testbed
environment with six UWB nodes and mobile robots equipped with Odometry sensors. Various trajectories,
including circles, squares, triangles, and complex shapes, were tested. To evaluate the localization accuracy,
combined coordinates were generated by integrating different proportions of Odometry and UWB outputs.
The results indicate that the proposed method determines the location of the mobile robot with between
13.06% and 33.59% lower average error compared to UWB, Odometry, and their different combinations.

INDEX TERMS Autonomous mobile robots, indoor localization, odometry, ultra-wideband.

I. INTRODUCTION
Mobile robots are increasingly used in various fields, partic-
ularly for indoor tasks that require continuous and precise
navigation. These robots are capable of performing a range
of activities, such as delivering heavy objects, disinfecting
rooms, conducting surveillance tours, collecting garbage,
and cleaning floors. However, several significant challenges
must be addressed effectively before these robots can be
deployed for real-world tasks. One of the key challenges
of using mobile robots in indoor environments is accurately
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determining their real-time location. In the absence of GPS
signals, indoor localization becomes a critical requirement for
unlocking the full potential of autonomous mobile robots [1].

Generally, indoor localization refers to the process of deter-
mining the position of a robot within enclosed spaces, where
traditional GPS systems often fail to provide accurate results
due to signal attenuation [2]. This challenge has spurred
the development of alternative localization techniques using
various methods including Odometry, vision-based, and
radio signal-based approaches. In the radio signal-based
approaches, the location of the mobile robots is determined
using different kinds of radio signals including Bluetooth
Low Energy (BLE), WiFi, Ultra-Wideband (UWB), and
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Wireless Sensor Networks (WSNs). In the Odometrymethod,
the location of the robot is determined based on the wheel
rotation speed and movement sensors.

UWB technology operates by transmitting short-range
radio waves over a wide spectrum, enabling highly precise
distance measurements between UWB-equipped devices.
UWB systems generally utilize Time-of-Flight (ToF) mea-
surements to calculate distances between devices. By pre-
cisely measuring the time it takes for electromagnetic
waves to travel between UWB-equipped devices, accurate
distance estimations can be obtained. This approach enables
UWB systems to achieve high accuracy in determining the
range between devices, leading to precise localization. The
wide bandwidth of UWB allows for more accurate time
measurements, as the pulses can be accurately distinguished
even in noisy environments. The very short length of signals
allows the UWB receivers to mitigate multipath effects,
where signals reflect off surfaces and arrive at the receiver
at slightly different times.

However, UWB-based localization is susceptible to mul-
tipath interference and non-line-of-sight (NLOS) condi-
tions caused by obstacles and walls, which can introduce
temporary errors in the estimated position. Furthermore,
UWB systems require a fixed infrastructure of anchor
nodes, and their accuracy may degrade near the boundaries
of the anchor coverage area. These limitations motivate
combining UWB with Odometry, which provides continuous
and infrastructure-free position updates, to achieve more
robust localization.

On the other hand, Odometry relies on the measurement
of wheel rotations or movement sensors to estimate a robot’s
position relative to its starting point. While Odometry offers a
cost-effective and reliable solution for short-term navigation,
its accuracy tends to degrade over time due to wheel
slippage, uneven terrain, or cumulative errors. However,
when combined with other localization techniques like
UWB, Odometry can compensate for short-term inaccuracies
and provide continuous real-time updates on the robot’s
position.

In this paper, we propose a new method to combine
the received coordinates from UWB and Odometry and
generate more accurate location estimation. We compare the
performance of the proposed method with the accuracy of
Odometry and UWB-based localization methods and their
different combinations for detecting the location of mobile
robots on complex trajectories. The main contributions of the
paper are listed as follows:

1) This study proposes a newmethod that uses bothUWB-
and Odometry-based systems to find more accurate
location of mobile robots.

2) In addition to the proposed method, we evaluated
different combinations of UWB and Odometry coor-
dinates and compared them with the proposed method.

3) We evaluated the proposed methods over complex
trajectories on a testbed of mobile robots and UWB
devices.

4) The experimental results show that the proposed
adaptive method can generate more accurate coor-
dinates with between 13.06% and 33.59% lower
average error than UWB, Odometry, and their different
combinations.

The remaining parts of this paper have been organized as
follows; Section II provides a short survey about the existing
approaches. Section III provides the details of the proposed
algorithm. Section IV describes the details of implemented
platform for evaluation. Section V includes the performance
evaluation result and finally Section VI draws the conclusion.

II. RELATED WORKS
Indoor localization of mobile robots is a fundamental task in
most multi-robot systems because the appropriate working
of high-level applications mostly depends on the accurate
localization of robots. Without knowing the correct location
of robots assigning the tasks and making correct decisions
by the robots can be very complicated. Hence, a wide range
of research is in progress to improve the accuracy of indoor
localization methods for mobile robots.

For many years, the Odometry method was the main
localization technique for mobile robots [3]. In this method,
the location of the robot is calculated using the previous
location and the received data from wheel encoders. The
robot’s position is detected by tracking the distance and
direction of wheel rotations. However, the accuracy of the
Odometry method is reduced over time due to wheel slippage
and errors from wheel encoders. To improve the accuracy
of Odometry, different methods have been proposed by the
researchers. Using redundant complementary localization
techniques such as wireless sensor networks [4], [5],
Bluetooth low energy (BLE) [6], WiFi signals [7], and visible
light [8] are some of these methods.
In recent years the UWB technology has been considered

as one of the most promising technologies for indoor
localization. The very short length of UWB signals allows
the receiver to distinguish the direct and reflected signals
and calculate the distance to the sender more precisely.
Many approaches have been proposed in the literature to
utilize the UWB signals for locating mobile robots in indoor
environments. In [9] different localization algorithms have
been evaluated using UWB signals for locating the mobile
robot in line-of-sight and non-line-of-sight environments.
However, the dimensions of the environment are less than
80 cm which is relatively small for most applications.
The authors of [10] have proposed a cooperative relative
localization method for autonomous aerial vehicles using
UWB signals and Odometry data. In the proposed method,
each node can estimate the relative positions of its neighbors
using UWB-based distance detection and Odometry data.
Similarly, the authors of [11] have proposed another method
to combine the Odometry and UWB localization data to
minimize the error rate of both methods. They have provided
probabilistic and experimental analysis for their proposed

VOLUME 14, 2026 87497



M. Khoshrangbaf et al.: High Precision Localization of Mobile Robots in Indoor Environments

method. The experimental results show that their proposed
method may limit the maximum error to 20 cm with a
probability of 90%.

To locate multiple robots at the same time, a UWB-based
clock synchronization scheme has been proposed in [12]
which allows the robots to determine their location by mea-
suring the time difference of signal arrivals. This method only
depends on the UWB signals and does not use the Odometry
data. Using Kalman filters [13], [14], [15], minimizing the
residual error of the UWB ranging measurements [16],
feature extraction and landmark detection by visual-inertial
Odometry [17], [18], using a probabilistic model and particle
filter [19], [20], merging with 3D point-clouds using RGB-
D sensors [21], minimizing the UWB ranging measurements
taken at different positions [22], random particle generation
and adaptive Monte Carlo localization [23] are some of
the other proposed methods in the literature that combine
the Odometry and UWB positioning data with different
techniques.

Lin and Yeh [24] proposed a drift-free visual SLAM
method for mobile robot localization by integrating UWB
technology. However, their approach relies on visual features
and camera-based sensing, which is sensitive to lighting
conditions and textureless environments. Magnago et al.
[11] combined Odometry and UWB localization data to
minimize the error rate, providing stochastic guarantees with
a maximum error of 20 cm at 90% probability. However, their
method uses fixed fusion weights and does not adaptively
adjust the contribution of each system based on real-time
error estimation. Brunacci et al. [25] developed and analyzed
a UWB relative localization system, demonstrating its effec-
tiveness for short-range applications. However, their method
does not incorporate Odometry data, and the localization
accuracy degrades in the absence of a sufficient number of
anchor nodes. In contrast to theseworks, the proposedmethod
combines UWB and Odometry using an adaptive Kalman
filter-based approach, which addresses both the cumulative
drift of Odometry and the temporary position spikes of UWB
without relying on visual sensors or fixed fusion weights.
We compare the accuracy of the proposed method with the
Odometry and UWB-based localization to find the location
of mobile robots on complex trajectories. Also, we evaluate
different merging schemas to combine the incoming position
data from Odometry and UWB channels.

III. PROPOSED METHOD
Most UWB-based localization systems usually offer up to
50 cm accuracy which is acceptable in many applications [2],
[26]. By homogeneous distribution of UWB anchors in the
environment, wemay expect bounded error margin regardless
of passed distance by the robots. On the other hand, the
initial error ratio of Odometry system is very low but,
it usually increases steadily while the robot moves around
the environment. Integrating the estimated location from the
UWB and Odometry systems reduces the error margin of the
localization system.

Let (xot , y
o
t , θ

o
t ) be the reported location and direction

from Odometry system at time t . If we receive (xut , y
u
t , θ

u
t )

estimated location fromUWB at time t , we canmerge the two
coordinates to get more accurate estimation. As the simplest
method we can take the average of the received positions:

(xt , yt , θt ) = (
(xot + x

u
t )

2
,
(yot + y

u
t )

2
,
(θot + θut )

2
) (1)

However, since positioning systems have different error
margins, the accuracy of the detected position can be
increased by giving more weight to the system with a lower
error.

To find more accurate coordinates, we propose an adaptive
localization method inspired by the weighting concept
of Kalman filtering. This method works based on the
information received from the UWB sensor and Odometry.
The Kalman Filter is one of the most widely used methods
for data fusion. This method is used to combine absolute
and relative positions in robot localization. The basic idea
of the Kalman filter is to use a model of the system
being measured and update the model as new measurements
become available. It updates the current state using weighted
combination of the previous measurements. In our case, the
weighting coefficient can be calculated from the error rates
as follows:

a =
euwb

etodo + euwb
. (2)

where etodo is the estimation error of Odometry at time t and
euwb is the error margin of the UWB system. We propose
a new adaptive method to adjust this weight based on
the estimated error of both Odometry and UWB systems
up to that point and the difference between the generated
coordinates by two system. In the proposed methods, the new
adaptive coordinate is calculated as follows:

x = (a× xodo)+ ((1− a)× xuwb)

y = (a× yodo)+ ((1− a)× yuwb) (3)

Let etodo > 0 and euwb = 0, which means that we
have some error in Odometry and no error in UWB systems.
In this case, we get a = 0 from (2) and ignore the received
coordinate from Odometry in (3). If we have etodo = 0 and
euwb > 0 then we get a = 1 and the resulting coordinate in
Equation 3 is set to Odometry coordinate. Themain challenge
is estimating the updated error ratios etodo and euwb as we do
not have real coordinate of the robot to measure these error
ratios. To solve this problem we propose an adaptive method
that estimates the error ratios of both methods using previous
coordinates.

The main idea is to estimate the average error based on the
distance between previous and current coordinates and also
the difference between received coordinates from UWB and
Odometry channels. The steps of the proposed algorithm are
presented in Algorithm 1. Since the error margin of Odometry
system is low at the beginning of movement, we set the initial
error margin of Odometry (eodo) to 1 (line 1). The error
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margin of UWB system is not affected by the passed distance
by the robot. The accuracy of UWB system initially depends
on the current location of the robot and anchor nodes. Hence
we set the initial error margin of UWB system (euwb) to an
expected error ω. The initial distance of both system and also
the number of received coordinates is set to 0 (line 2). The
estimated coordinate for robot is stored in c which initially is
set to the robot’s starting position.

Algorithm 1 Adaptive Localization
1: euwb← ω, eodo← 1.
2: uwb← 0, odo← 0, n← 0.
3: c← initial coordinates of robot’s location.

4: upon receiving new coordinates cuwb and codo
5: uwb← uwb+ dist(cuwb, c)
6: odo← odo+ dist(codo, c)
7: n← n+ 1
8: muwb = uwb/n
9: modo = odo/n

10: if muwb > modo then
11: eodo← eodo + 1
12: euwb← min(ω, euwb + 1)
13: else
14: eodo← eodo + σ

15: euwb← max(5, euwb − σ )
16: if dist(cuwb, codo) < 100mm then
17: eodo = eodo − σ

18: if dist(cuwb, codo) > 500mm then
19: a = 1
20: else
21: a = euwb/(eodo + euwb)
22: c = a× codo + (1− a)× cuwb

When the robot moves, the algorithm adjusts the error
margins of the Odometry and UWB systems based on
the distance between the robot’s previous and current
locations. Upon receiving new coordinates from the UWB
and Odometry systems (line 4), the distance between new
coordinates and current position is calculated (lines 5, 6).
The average distance between the coordinates reported by the
UWB and Odometry systems is calculated and stored asmuwb
andmodo, respectively (lines 7-9). If the Odometry system has
a lower average distance, the error margin of the Odometry
system is slightly increased by 1. We also increase the error
of UWB system by 1, if it is lower than the expected value ω

(lines 11, 12).
If the average distance of the UWB system is lower

than that of the Odometry system, the error margin of the
Odometry system is increased by a larger value, denoted as
σ , while the error margin of the UWB system is decreased
by the same value (lines 14,15). In this way, the algorithm
increases the weight of the UWB system for estimating the
coordinates of the robot.

If the difference between the coordinates reported by the
UWB and Odometry systems is less than 10 cm, we can
assume that the robot’s actual location is very close to
the reported coordinates. Consequently, the error margin
of the Odometry system is decreased by σ (lines 16,17).
On the other hand, if the difference between the reported
coordinates exceeds 50 cm, we can conclude that the most
recent coordinate reported by the UWB system is temporarily
inaccurate. In this case, we set a = 1 to ignore the UWB
system’s coordinate (lines 18,19). Otherwise, we calculate
the weighting coefficient based on Equation 2 (lines 20,21).
Finally we estimate the new coordinate of robots based on
Equation 3 (line 22). In the evaluations, we set σ to 20 and ω

to 80. The parameter ω = 80 represents the initial expected
error margin of the UWB system in millimeters, which was
set based on the manufacturer’s specified accuracy range
of 10–30 cm for the POZYX system. The parameter σ =

20 controls the rate at which error margins are updated and
was determined empirically to provide a balance between
responsiveness and stability. The threshold of 100mm was
chosen as the boundary below which the two systems
are considered to be in agreement, reflecting the typical
accuracy range of the UWB system. The threshold of
500mm was set as the upper bound for detecting UWB
outliers, since a discrepancy larger than 50 cm between UWB
and Odometry readings most likely indicates a temporary
UWB measurement error. The minimum value of 5 in
line 15 prevents the UWB error margin from reaching zero,
ensuring that the Odometry system always retains a minimum
contribution to the estimated position.

To evaluate the performance of the proposed algorithm,
we implemented all the methods described in this section on a
testbed of mobile robots, which is detailed in the next section.

IV. IMPLEMENTED PLATFORM
We developed a mobile robot localization platform that
provides high-level controlling and monitoring functions to
manage themobile robots. In this section, we explain themain
components and general architecture of the implemented
platform.

A. ROBOT
As mobile robots, we used Kobuki robots which are widely
used in research, education, and industrial applications [27].
Kobuki is compatible with the Robot Operating System
(ROS), a widely used open-source robotics middleware,
and provides ROS drivers and software libraries. The
base of the robot is equipped with sensors, actuators,
and interfaces necessary for autonomous navigation and
interaction with the environment. The robot utilizes wheel
encoders to measure the rotation of its wheels, enabling
Odometry-based localization andmotion control. By tracking
the distance and direction traveled by each wheel, the robot
can estimate its position and orientation relative to a starting
point. An Internal Measurement Unit (IMU) consisting of
accelerometers and gyroscopes provides information about
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the robot’s acceleration and angular velocity. Kobuki is
equipped with Cliff and Bumper sensors to perceive its
surroundings and interact with the environment effectively.
It also provides 5V and 12V power sources for other devices.
We used a Raspberry Pi 3B as a gateway between the robot

and a web application. A Raspberry Pi is connected to the
robot via a USB port to send control commands and receive
real-timeOdometry data from the robot. Additionally, an HC-
SR04 Ultrasonic Distance Sensor is positioned at the front of
the robot and connected to Raspberry Pi via GPIO pins to
continuously measure the distance to the obstacles. Kobuki
Robot has its battery, and it can provide power for Raspberry
Pi via its 5V power outputs.

As the robot moves in the environment the accuracy of the
calculated coordinates from Odometry decreases. Different
factors such as friction and wheel encoder precision may
increase the error margin of the Odometry over time. Kobuki
robots also have factory-calibrated built-in 3-axis Digital
Gyroscopewith ameasurement range of±250deg/s.We used
Odometry readings for position updates at the x and y axes
and utilized the gyroscope data to determine the Yaw axis
angle.

B. ULTRA-WIDE BAND
UWB technology has emerged as a promising wireless
communication technique, characterized by its ability to
transmit data over a wide spectrum of frequencies, with low
power and high precision. UWBoperates by transmitting very
short pulses of electromagnetic energy across a broad range
of frequencies, ranging from 3.1 GHz to 10.6 GHz. These
pulses are extremely short in duration, often in the picosecond
range, resulting in signals that occupy a large portion of the
frequency spectrum.

UWB systems measure the time-of-flight of signals
between transmitters and receivers to calculate the distance
between them. In indoor environments, UWB-equipped
devices (beacons or anchors) are deployed at known loca-
tions. The anchors emit UWB pulses, which are received by
tags. Each tag measures the time-of-flight of the received
signal, allowing them to calculate the distance to the anchor.
By combining distance measurements from at least three
anchors, the tag’s position can be determined through a
Multilateration process. UWB signals exhibit robustness
against multipath interference, which commonly occurs in
indoor environments due to signal reflections off walls,
furniture, and other objects. Unlike narrowband signals,
UWB pulses have very short durations, making it easier
to distinguish between direct and reflected signals. UWB
systems can achieve centimeter-level accuracy in determining
the position of tags within indoor spaces.

The POZYX system used in this work supports two
positioning protocols: Two-Way Ranging (TWR) and Time
Difference of Arrival (TDOA). In TWR, the tag initiates
communication with each anchor one by one, sending a
packet back and forth. The round-trip time of this exchange is
used to estimate the distance between the tag and the anchor.

FIGURE 1. (a) A UWB tag device attached to mobile robot (b) a UWB
anchor device and (c) a NodeMCU-ESP32 device.

Once the tag has ranged with at least three, ideally four
anchors, its 2D position is computed through multilateration.
In multilateration, if the distances from the tag to anchors
A1,A2, . . . ,An are d1, d2, . . . , dn, the tag position (x, y) is
estimated by solving the following system of equations:

(x − xi)2 + (y− yi)2 = d2i , i = 1, 2, . . . , n (4)

where (xi, yi) are the known coordinates of anchor i.
Since measurements contain noise, in practice the system
minimizes the residual error across all anchor measurements
using a least-squares approach. Fig. 1a shows the used tag and
Fig. 1b shows the used anchor devices in the experiments.
The detected coordinates by the tag devices are sent to

the Raspberry Pi over the USB port. Using the provided
middleware the received data from the driver is forwarded
to an MQTT TOPIC over port 1883. We used Mosquitto
broker on the Raspberry Pi to receive MQTT messages and
forward them to a web server. The developed Python and
C++ programs and also sample videos are available on the
project GitHub page at https://github.com/vahidka/Kobuki

C. BLUETOOTH AND WIFI
To compare the accuracy of the proposed method with
BLE and WiFi based systems, we developed a BLE
and a WiFi-based system using NodeMCU-ESP32 devices
(Fig. 1c). The same testbed environment and trajectories used
for UWB and Odometry experiments were also used for
BLE and WiFi evaluations, ensuring a fair comparison under
identical conditions. We used 9 NodeMCU devices to probe
the broadcasted BLE or WiFi signals from the mobile target
(Raspberry Pi). The NodeMCU-ESP32 device has both WiFi
and BLE modules and an Xtensa 32-bit LX6 microprocessor.
Fig. 1a shows a NodeMCU device that we used in BLE and
WiFi based experiments.

We implemented an embedded program to run on the ESP
nodes and a NodeJS based web application to collect the
information and monitor the real time location of mobile
robots. The embedded program in the ESP nodes sends
the received signal strength indicator (RSSI) of the BLE
and WiFi signals to a web server over HTTP protocol.
The server collects the received data from all ESP nodes
and determine the location of mobile robot using weighted
averaging method. This method estimates the location of the
target robot by taking the weighted average coordinates of
the surrounding anchor nodes. The signals that are received
by closer anchor nodes to the robots will have higher RSSI
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FIGURE 2. General architecture of the implemented platform.

values than far anchor nodes. So we may estimate the
coordinates of a robot using the following formula:

pos =
∑
i∈A

(RSSIi × posi)/
∑
i∈A

RSSIi (5)

In this formula, A is the set of anchor nodes, RSSIi
is the received RSSI from anchor i and the posi is the
coordinates of anchor i. Many sophisticated variants of this
formula have been proposed in different studies [28], [29],
however, all of them depend on the RSSI values and the
averages of the anchor’s coordinates. The RSSI values are
sensitive to the reflections and obstacles hence if we do
not have line of sight between the anchors and the target
mobile object, the estimated location can be far from the real
location.

D. GENERAL ARCHITECTURE
The collected coordinates from Odometry UWB, and
BLE/WiFi channels are sent to a web server using HTTP
protocol. We used a local WiFi network to make the
connections between the robots and the web server. The
Raspberry Pi on the robot connects to the WiFi access point
and sends HTTP ping messages to the web server every
10 seconds. Besides the ping messages, location messages
are sent to the web server when new coordinates are received
from UWB or Odometry channels. We implemented a
NodeJS-based web server to record the received coordinates
from the robots. The web server provides an interface to
show the real-time location of the robots, their speed, and
other information. Fig. 2 shows the general architecture of
the implemented system.

After receiving the coordinates fromUWB, Odometry, and
WiFi/BLE channels we recorded the coordinates in a local file
and used these data to evaluate the accuracy of the methods.
Fig. 3a shows the robot used in the experiments and Fig. 3b
shows a screenshot of the POZYX UWB-based localization
system that contains the actual and detected movement
paths. Fig. 3c shows the testbed environment where the
robot and UWB anchors are marked with red rectangles.
In the next section, we present the results of experimental
evaluations.

FIGURE 3. (a) The robot used in the experiments, (b) the detected
positions in a sample trajectory, (c) testbed environment.

V. EVALUATION RESULTS
In the experiments, we developed a testbed environment with
six UWB anchor nodes positioned throughout the area, along
with a robot equippedwith anOdometry sensor, as depicted in
Fig. 3. Experiments were conducted across ten distinct paths
with different shapes and lengths. Circle, square, Z shape,
snake, and triangle are some examples of the designed
paths. Throughout these paths, coordinates generated by the
Odometry, UWB, WiFi and BLE were recorded. Fig. 4
illustrates sample trajectories traversed by the robot, where
the red points show the detectedOdometry and the blue points
show the UWB coordinates.

A. EXPERIMENTAL SETUP
The testbed environment consists of a room measuring
5.60m × 6.40m (approximately 35.8m2). Six UWB anchor
nodes were deployed along the walls of the room, with
consecutive anchors placed approximately 3.5m apart on
average to provide a sufficient coverage for the entire
area. Six anchor nodes were used as this number provides
sufficient geometric diversity for accurate multilateration
while maintaining a practical deployment density for the
room dimensions. This configuration provides overlapping
coverage across the room, allowing the tag to range with at
least four anchors at any position, which is the recommended
minimum for reliable 2D multilateration.

The actual path of the robot was defined as a set
of waypoints. The robot was moved manually along the
predefined path using the developed web application, which
provides real-time visualization of the robot’s position.
By real-time tracking and manual control of the robot,
we ensured that the robot followed the intended path as
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FIGURE 4. Sample trajectories of the robot where red points are the
Odometry and blue points are UWB coordinates.

closely as possible. Although real-time visualization allowed
the operator to follow the predefined path closely, the manual
control procedure may introduce human-induced deviations
from the intended trajectory. This deviation was not directly
measured by an external motion capture or vision-based
ground-truth system. Therefore, the reference path should
be interpreted as a practical approximation of the traversed
trajectory rather than an absolute ground truth. Based on the
grid resolution and visual tracking interface used during the
experiments, the expected manual deviation is estimated to
be within a few centimeters, however, this value was not
independently quantified.

B. ERROR DISTRIBUTION ANALYSIS
We evaluated three combinational strategies in addition to
the coordinates generated by the adaptive algorithm. These
strategies involved calculating the weighted average of the

FIGURE 5. Estimating the error of detected coordinates.

detected coordinates, which were obtained by integrating
different proportions of Odometry and UWB outputs as
20-80, 80-20, and 50-50 percent weightings. The computa-
tion for the 20-80 weighting model is as follows:

x = (0.2× xodo)+ (0.8× xuwb)

y = (0.2× yodo)+ (0.8× yuwb) (6)

In the above equations, (x, y) represents the new coordi-
nates, calculated using 20% of the Odometry output and 80%
of the UWB output. The computation for the 50-50 weighting
model, which assigns equal weights to both systems, is as
follows:

x = (0.5× xodo)+ (0.5× xuwb)

y = (0.5× yodo)+ (0.5× yuwb) (7)

In (7), the estimated location is calculated by simply
averaging the coordinates received from the UWB and
Odometry systems. The computation for the 80-20 weighting
model is as follows:

x = (0.8× xodo)+ (0.2× xuwb)

y = (0.8× yodo)+ (0.2× yuwb) (8)

To find the accuracy of the generated coordinates, we cal-
culated the minimum distance of each detected coordinate
from the closest point on the real path traversed by the robot
and considered this value as the estimation error. Fig. 5
shows how the accuracy of the detected coordinates has been
calculated. In this figure, the black line shows the actual
traversed path by the robot and the dashed blue line shows the
reported coordinates. The average error of each method is set
to the average error of e1 up to en where ei is the minimum
distance between detected coordinate and the actual path.

Fig. 6 displays the error of all methods across 8 sample
trajectories. The error is depicted relative to the path length,
where the path length and error are measured in centimeters
and millimeters, respectively. The figure shows that, in all
trajectories, the proposed adaptive algorithm generally has
a lower error margin than other methods. This is expected,
as the adaptive algorithm dynamically adjusts the weight of
each system based on their estimated error rates, allowing it
to rely more on the more accurate system at each step.

The box plot in Fig. 7 compares the localization errors of
different methods. Fig. 7a and Fig. 7g shows that UWB may
fail to find the correct location of robot with exceptionally
high errors. However, the median error for UWB is lower
than that of Odometry in Fig. 7b and Fig. 7c for Z shape
and circle trajectories. Fig. 7d illustrates the estimation error
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FIGURE 6. The error trends of detected coordinates using different methods over 8 sample trajectories.

for line trajectory where the interquartile range (IQR) of
the Odometry localization method is smaller than UWB
indicating more consistent performance. The results for the
other trajectories are shown in Figs. 7e to 7h, respectively.
Considering all trajectories, UWB shows a wider spread of
errors, demonstrating greater variability. In terms of median
error, the adaptive localization method consistently delivers
better performances than all other methods in all trajectories.
The wider spread of UWB errors can be attributed to
temporary multipath interference and NLOS conditions,
which cause occasional spikes in the estimated position.
In contrast, Odometry errors grow more gradually and
consistently due to cumulative wheel slippage and encoder
drift.

C. COMPARATIVE PERFORMANCE EVALUATION
To provide a comparative analysis of the methods across
various paths, the Average Error Percentage (AEP) of all

methods is computed for all trajectories as follows:

AEP =
AveErr × 100

N
. (9)

where:

AveErr =

∑N
i=1 ei
N

. (10)

N is the total number of samples or coordinates generated
by the methods and ei denotes the error in the i th coordinate.
Fig. 8 presents the results of all trajectories arranged accord-
ing to their respective path lengths. As depicted in the figure,
for the first two trajectories with path lengths of 433 cm and
628 cm, theAEP ofOdometry is higher than that of UWB. For
the remaining paths, the disparities in performance between
the methods are less pronounced. Across all trajectories,
except for two routes, the adaptive method has a smaller
AEP compared to both UWB and Odometry results. The
higher AEP of Odometry in shorter trajectories is likely due
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FIGURE 7. Error distribution of different methods for 8 sample
trajectories.

FIGURE 8. AEP of different methods against trajectory length.

to the robot making sharper turns, which amplifies wheel
slippage errors. For longer trajectories, the cumulative drift of
Odometry becomes the dominant source of error, while UWB
errors remain more bounded.

Subsequently, to assess the overall efficacy of the localiza-
tion methods, the average error of the detected coordinates

FIGURE 9. (a) Average error of the detected coordinates by the
algorithms, (b) Overall AEP of methods, (c) Comparison of the average
error of the detected coordinates by the proposed algorithm with BLE and
WiFi based methods.

(AveErr ) and the average of AEP is computed across all
traversed paths. As depicted in Fig. 9a, the average error
of the detected coordinate using UWB is 88.19 mm which
demonstrates better performance in comparison to Odometry
with a 90.99 mm average error. In terms of average AFP, the
coordinates generated by UWB exhibit a 17.96% lower error
compared to Odometry (Fig. 9b).
The fusion of UWB with Odometry yields more precise

localization compared to both Odometry and UWB methods.
This enhancement becomes more pronounced with an
increased contribution of UWB to the fusion process. In the
combinational coordinates, the results obtained using 20%
Odometry and 80% UWB outputs, denoted as O20-U80,
exhibit superior performance compared to the other methods.
Specifically, the O20-U80 combinational method enhances
localization accuracy by 23.23% and 4.96%, in comparison to
the Odometry and UWB methods, respectively. This trend is
consistent with the observation that UWB generally provides
more accurate absolute position estimates, and therefore a
higher UWB weight in the fusion results in better overall
accuracy.

On the other hand, the adaptive method with a 67.74 mm
average error of the detected coordinates overcomes all the
other methods. On average, the adaptive method presents
19.05%, 33.59%, and 13.06% lower AEP compared to
UWB, Odometry, and the O50-U50 combinational methods,
respectively. The superior performance of the adaptive
method can be attributed to its ability to dynamically
adjust the contribution of each system based on real-time
error estimation, rather than using fixed weights as in the
combinational methods.

Finally, Fig. 9c compares the average error of the detected
coordinates using WiFi and BLE-based methods with UWB,
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TABLE 1. Average Error Percentage (AEP) of all methods across different
trajectories.

TABLE 2. Mean and standard deviation of AEP and average error of
detected coordinates.

Odometry, and the proposed adaptive method. Generally,
the accuracy of BLE and WiFi-based systems is lower than
that of UWB-based systems. The average errors of the WiFi
and BLE-based methods in all trajectories are 2851 mm
and 1608 mm, respectively, which are higher than the other
methods. Specifically, the average error of the WiFi-based
system is 42 times higher, and the average error of the
BLE-based system is 23.7 times higher than the proposed
adaptive algorithm.

Table 1 presents the AEP of all methods across the
ten evaluated trajectories. As shown in the table, the
adaptive method achieves the lowest mean AEP of 5.99%,
outperforming UWB (7.40%), Odometry (9.02%), O80-U20
(7.88%), O20-U80 (6.93%), and O50-U50 (6.89%).

Table 2 summarizes the mean and standard deviation of
the AEP and average error of the detected coordinates for
all evaluated methods. The adaptive method achieves the
lowest mean AEP (5.99%) and the lowest mean average error
(67.75mm), outperforming all other methods. Furthermore,
the standard deviation of the adaptive method (4.14%
for AEP and 32.63mm for average error) is lower than
that of the Odometry-dominated methods, indicating more
consistent performance across different trajectories. The
Odometry method exhibits the highest standard deviation
(9.20% for AEP and 57.13mm for average error), reflecting
its sensitivity to trajectory length and cumulative drift.
In contrast, UWB shows a lower standard deviation than
Odometry, as its error is bounded by the anchor coverage
rather than accumulated over distance.

VI. CONCLUSION
Mobile robots equipped with advanced sensors are finding
increasing applications in various fields. Accurate indoor
localization remains one of the most challenging tasks, as it

directly impacts the efficiency and usability of autonomous
mobile robots. In this work, we proposed a new adaptive
algorithm that combines the reported coordinates from
Odometry and UWB-based systems to estimate the location
of mobile robots more accurately. We evaluated the accuracy
of the proposed method by comparing it with Odometry
and UWB-based localization methods while tracking mobile
robots along various complex trajectories.

The experiments demonstrated that the UWB method
is generally more reliable than the Odometry method.
On average, the coordinates generated by UWB exhibit
19.21% higher accuracy compared to the Odometry method.
Integrating UWB with Odometry provides a more accu-
rate approach that addresses the limitations of individual
localization techniques. A weighted averaging of UWB and
Odometry methods improved the localization accuracy of
the Odometry and UWB methods by 23.23% and 4.96%,
respectively. In contrast, the proposed adaptive method
achieved 19.05%, 33.59%, and 13.06% lower AEP compared
to the UWB, Odometry, and 50-50 combinational methods,
respectively. Among the combinational methods, O20-U80
achieved the best performance, while O50-U50 and O80-U20
improved over Odometry by 13.06% and 8.93%, respectively.
These results confirm that a higher UWB contribution in
the fusion leads to better localization accuracy. Lastly, the
experiments confirmed that WiFi and BLE-based methods
exhibit higher error margins than both the proposed adaptive
method and other UWB-based methods. Specifically, the
average error of theWiFi-based system is 42 times higher and
the BLE-based system is 23.7 times higher than the proposed
adaptive algorithm.

As the future work, we investigate how this adaptive
localization method can be empowered with the multi-agent
based coordination, planning and interaction towards the
formalization of an autonomous cyber-physical system (CPS)
[30], [31]. Mobile robots used in this study will be
equipped with various autonomous software components
to provide real-time proactive planning for more accurate
coordination with other peers. These required proactive
plans can be designed according to the well-known Belief-
Desire-Intention (BDI) agent architecture [32] which we also
adopted for mobile agent and robotic system implementa-
tions [33]. To facilitate the design and implementation emerg-
ing from the complicated nature of autonomy, distributedness
and openness of such CPS as well as deploying BDI entities
on Kobuki robots, our plan is to benefit from the system
modeling methods and tools [34], [35] that we previously
used for the creation of various autonomous agent systems
with varying capabilities and complexities on the industrial
scale. Furthermore, we plan to evaluate the effect of different
anchor configurations, including varying the number and
placement of anchors, on the localization accuracy of the
proposed adaptive method. Additionally, a formal analysis of
the latency, computational load, and deployment scalability
of the proposed method can be conducted in the future
work.
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