
 

Journal of Future Artificial Intelligence  
and Technologies  

E-ISSN: 3048-3719 

 

 
DOI : 10.62411/faith.3048-3719-126 faith.futuretechsci.org 

Research Article 

Fusion of Wheel Encoded Data and RFID Signals using  
Kalman Filter for Robot Indoor Localization  

Mui D. Nguyen 1, Thang C. Vu 2, Vu T. Hoang 2, Dung T. Nguyen 2, Tao V. Nguyen 2, Long Q. Dinh 2, Son Q. 

Tran 1, Vinh Q. Tran 3, and Minh T. Nguyen 1,* 

1 Faculty of International Training, Thai Nguyen University of Technology, Thai Nguyen 24000, Viet Nam;   
e-mail: ducmui@tnut.edu.vn; tranqueson.ktdt@tnut.edu.vn; nguyentuanminh@tnut.edu.vn. 

2 Faculty of Engineering and Technology, Thai Nguyen University of Information and Communication   
Technology, Thai Nguyen 24000, Viet Nam; e-mail: vcthang@ictu.edu.vn; vuht.hgg@vnpt.vn; 
ntdungcndt@ictu.edu.vn; nvtao@ictu.edu.vn; dqlong@ictu.edu.vn. 

3 Department of communication engineering, School of Electrical and Electronic Engineering, Hanoi      
University of Science and Technology, Ha Noi 10000, Viet Nam; e-mail: vinh.tranquang1@hust.edu.vn. 

* Corresponding Author: Minh T. Nguyen 

Abstract: Indoor positioning technology plays an important role in improving efficiency and automat-

ing industrial processes such as warehouse management, production lines, and mobile robot naviga-

tion. However, existing RFID-based and odometry-only localization methods still suffer from limited 

accuracy, drift, and dependence on predefined infrastructure. To address these challenges, this work 

proposes a lightweight sensor fusion framework that combines wheel encoder data and phase-based 

RFID signals using an Extended Kalman Filter (EKF) for accurate indoor localization of mobile ro-

bots. The proposed method does not require prior knowledge of the tag map and enables convergence 

even when the robot starts outside the reader's range. Simulation results demonstrate that the fused 

method achieves an average positioning error of 5.4 cm and a final error of less than 8 cm. An ablation 

study comparing odometry-only, RFID-only, and fusion scenarios confirms the superiority of the in-

tegrated approach in terms of accuracy and robustness. The system is suitable for real-time implemen-

tation in cost-effective embedded platforms and has potential for deployment in smart warehouses and 

logistics environments. 

Keywords: Extended Kalman Filter; Indoor Localization; Mobile Robot; RFID; Sensor Fusion. 

 

1. Introduction 

Indoor positioning has added new features to various industrial IoT applications, includ-
ing production lines, warehousing, and mobile device navigation. The rapid acquisition of 
location information of objects will improve the efficiency of industrial processes, providing 
users with timely information and other services. The most common indoor positioning tech-
niques can be classified into the following categories: computer vision-based, inertial naviga-
tion-based, wireless communication infrastructure-based (e.g., WiFi, 4G/5G), dedicated 
wireless communication (e.g., Bluetooth, ZigBee, Infrared), and radio frequency identifica-
tion (RFID). Due to the advantages of system simplicity and no line of sight (NLoS), wireless 
infrastructure-based positioning and radio frequency-based positioning are gaining increasing 
attention [1]–[7].  

However, existing RFID-based positioning systems still face several limitations. First, 
RSSI-based approaches suffer from high variability due to multipath and environmental in-
terference, leading to unreliable estimates [8]. Second, phase-based RFID localization meth-
ods require complex antenna arrays or precise tag layouts to achieve acceptable accuracy [9]. 
Similarly, odometry-only localization methods are prone to cumulative drift over time due to 
wheel slip and the lack of external corrections [10]. SLAM-based methods using RFID often 
rely on predefined tag maps or large computational resources, which limits their practicality 
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in dynamic or unknown environments [11]. To overcome these limitations, our work pro-
poses a lightweight fusion framework using an Extended Kalman Filter (EKF) that combines 
RFID phase data and encoder odometry to estimate both the robot's pose and target location, 
even when the robot starts outside the RFID reader range. Unlike previous works, our ap-
proach does not require prior tag layouts or expensive antenna arrays and can robustly navi-
gate toward the target using minimal infrastructure. Furthermore, this work builds on recent 
advances in hybrid RFID localization [12], real-time RFID-based SLAM [13], and multi-sen-
sor fusion for mobile robots [14], thereby positioning our method as a practical and scalable 
solution for real-world robot navigation in indoor environments.  

This demand is particularly urgent in high-throughput environments such as Amazon 
warehouses, where Autonomous Guided Vehicles (AGVs) must navigate complex aisles to 
pick and deliver items with sub-decimeter accuracy. Similarly, in logistics centers and smart 
factories, mobile robots are increasingly utilized for pick-and-place operations, shelf inventory 
scanning, and product delivery, where precise localization is essential for ensuring safety, fa-
cilitating task coordination, and preventing collisions. These scenarios demand robust, infra-
structure-light, and real-time localization methods that can work reliably even in cluttered, 
multipath-prone indoor spaces where GPS is unavailable. 

Simultaneous acquisition of both location and ID information is expected for autono-
mous operation and data integration. Therefore, RFID technology with unique ID identifi-
cation will be more competitive. In addition, RFID achieves identification through NLoS 
wireless transmission and simultaneously reads multiple tags [15]–[21]. When attached to the 
surface of an object inside a package, it can be retrieved by the RF backscatter technique to 
read and locate the ID. This is superior to other positioning devices in its ability to integrate 
identification and positioning [22]. Due to the advantages of simultaneous identification and 
positioning, RFID-based techniques have attracted wide attention in both academia and in-
dustry. Positioning accuracy is affected by various parameters, including the transmitting and 
receiving antennas, as well as the surrounding environment of RFID tags [23]. RF signal pa-
rameters related to positioning may include received signal strength index (RSSI), time of 
arrival (ToA), and phase shift [24]. From the perspective of the object to be tracked, it can 
refer to techniques for locating stationary objects and moving objects, such as robots. The 
positioning results can be classified into absolute position and relative position [25]–[27]. In 
[28], a robot positioning solution using RFID was described. The reader is mounted on the 
robot, and the tags are fixed on the ceiling. The received signal strength index (RSSI) and the 
phase difference of the UHF-RFID signal are used to determine the robot's position. How-
ever, the requirement is to know the layout of the RFID tags in advance, and since the tags 
are passive, the power supply needed for the tag to operate must be noted. Another study 
combines the RSSI index and the link quality index (LQI) to determine the robot's position 
[29]. The signal strength distribution map is created, and the signal strengths of the transmitter 
and receiver are compared. The study did not address or resolve the issue of the robot oper-
ating outside the RFID range. 

Another solution is to perform RFID-based simultaneous localization and mapping (RF-
SLAM), as presented in [13]. RF-SLAM converts RFID measurements into relative tag posi-
tion constraints and uses the corresponding graph model to perform SLAM. Phase antennas 
and short-term distance measurement data are utilized as part of the end-to-end solution. 
Although this solution requires larger computational resources, it allows positioning in 3D 
environments with an accuracy of about 5-10 cm. Research [30] aims to address the issue of 
inconsistent robot speeds when locating them using RFID. A lightweight algorithm optimally 
utilizes the data to calculate positions in 2D and 3D space. In which the characteristics of the 
distance between tags and antennas are combined with phase data from multiple antennas to 
eliminate the unwanted effects of inconsistent velocity.  

The potential of RFID positioning is immense, but a gap still exists between research 
and practical application [31]. Moreover, recent studies such as [32] emphasize the importance 
of addressing path planning challenges as key aspects of deploying mobile robots in dynamic 
environments. This work involves positioning an object attached to a reader, and the estima-
tion of the object's position begins when the robot enters the operating range of the tag. The 
ability to move towards the target of the tagged robot is achieved using a Kalman filter [33], 
which combines the robot's distance measurement data [34] with the phase difference of the 
RFID signal.  
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The rest of this work is organized as follows. Section 2 introduces the kinematic model 
of the differential-drive robot and details the Extended Kalman Filter-based localization 
framework. Section 3 presents the simulation setup, performance analysis, ablation studies, 
and comparative evaluations with existing methods. Finally, Part 4 concludes and discusses 
some further research directions. 

2. Kinematic Model of Mobile Robot and Robot Position Estimation 

The simulation uses a mobile robot equipped with an RFID reader. To conduct the 
simulation, a robot model was developed and built to include the measurements received 
from the wheel encoder and the signals measured by the reader. 

2.1. Differential Drive Robot Kinematic Model  

The agent used in the paper is selected as a mobile robot based on the differential drive 
model. The geometry and kinematic parameters of TWMR are shown in Figure 1. 

 

Figure 1. Mobile robot TWMR geometry and kinematic parameters 

The posture vector (position/orientation) of the WMR (wheeled mobile robot) and its 
speed are respectively: 

𝑞 = [

𝑥𝑄
𝑦𝑄
𝜙
] , 𝑞̇ = [

𝑥̇𝑄
𝑦̇𝑄

𝜙̇

] (1) 

Suppose 𝑣𝑙 and 𝑣𝑟 are the linear velocities of the left and right wheels, respectively, 

and v is the velocity of the center point of wheel 𝑣𝑄 of TWMR. Then, from Figure 1 we 
have: 

𝑣𝑟 = 𝑣𝑄 + 𝑎𝜃̇, 𝑣𝑙 = 𝑣𝑄 − 𝑎𝜃̇ (2) 

Add and subtract 𝑣r and 𝑣l, we have 

𝑣𝑄 = 0.5(𝑣r + 𝑣l), 2𝑎𝜃̇ = 2𝑎𝜔 = 𝑣r − 𝑣l (3) 

We have 𝑣r = 𝑟𝜃̇r and 𝑣l = 𝑟𝜃̇l, where r is the radius of the robot wheel. The kine-
matic model can be obtained by expressing the TWMR velocity in terms of the linear velocity 
and angular velocity of the TWMR in the robot frame as follows. 

𝑝̇ = [

𝑥̇𝑄
𝑦̇𝑄

𝜃̇

] = [
𝑐𝑜𝑠(𝜃) 0

𝑠𝑖𝑛(𝜃) 0
0 1

] [
𝜈
𝑤
] (4) 

and non-global constraints 

−𝑥̇𝑄𝑠𝑖𝑛𝜙 + 𝑦̇𝑄𝑐𝑜𝑠𝜙 = 0 (5) 
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2.2 Robot Odometry Model 

To conduct the simulation, the Euler method is used to decompose the internal systems, 
resulting in: 

𝑥𝑘+1 = 𝑥𝑘 + 𝑣𝑘  𝑐𝑜𝑠(𝜃𝑘)∆𝑡,

𝑦𝑘+1 = 𝑦𝑘 + 𝑣𝑘  𝑠𝑖𝑛(𝜃𝑘)∆𝑡,
𝜃𝑘+1 = 𝜃𝑘 +𝜔∆𝑡

 (6) 

where ∆𝑡 is the integration step. The robot encoder readings are related to wheel displace-
ment, so the robot system measurement is modeled as follows: 

𝑢̂𝑅 = 𝑢𝑅 + 𝜂𝑅 𝑢̂𝑅 = 𝑢𝑅 + 𝜂𝑅  (7) 

where the noise is a Gaussian random variable with variance: 

𝜎𝑅
2 = 𝐾𝑅|𝑢𝑅| 𝜎𝐿

2 = 𝐾𝐿|𝑢𝐿|  (8) 

The variance is calculated as the value proportional to the actual displacement divided 

by the constant coefficients 𝐾𝑅 and 𝐾𝐿. This model of the measurement system was used in 
the development of the distance measurement model. An approximation for the wheel speed 
can be derived as in Equation (9). 

𝜔𝑅 =
𝑑

𝑑𝑡
𝜙𝑅 ≃

∆𝜙𝑅
𝛥𝑡
 𝜔𝑅 =

𝑑

𝑑𝑡
𝜙𝑅 ≃

∆𝜙𝑅
𝛥𝑡
   (9) 

where ∆𝜙𝑅 , ∆𝜙𝐿 are the angular displacements of the wheels. Substituting Equation (9) into 
the discrete model described in Equation 6, the resulting system can be expressed as follows. 

𝑥𝑘+1 = 𝑥𝑘 +
𝑅

2
(∆𝜙𝑅 + ∆𝜙𝐿)𝑐𝑜𝑠(𝜃𝑘) 

𝑦𝑘+1 = 𝑦𝑘 +
𝑅

2
(∆𝜙𝑅 + ∆𝜙𝐿)𝑠𝑖𝑛(𝜃𝑘)

𝜃𝑘+1 = 𝜃𝑘 +
𝑅

𝑑
(∆𝜙𝑅 + ∆𝜙𝐿)

   (10) 

The displacement of the wheel can be written as: 

𝑢𝐿 = 𝑅∆𝜙𝐿 𝑢𝑅 = 𝑅∆𝜙𝑅   (11) 

Considering the measurements of the quantities describing the position, the distance estima-
tion model is: 

𝑥̂𝑘+1 = 𝑥̂𝑘 +
1

2
(𝑢̂𝑅,𝑘 + 𝑢̂𝐿,𝑘)𝑐𝑜𝑠(𝜃𝑘)

𝑦̂𝑘+1 = 𝑦̂𝑘 +
1

2
(𝑢̂𝑅,𝑘 + 𝑢̂𝐿,𝑘)𝑠𝑖𝑛(𝜃𝑘)

𝜃𝑘+1 = 𝜃̂𝑘 +
1

𝑑
(𝑢̂𝑅,𝑘 − 𝑢̂𝐿,𝑘)

   (12) 

To keep it simple, set 𝑢̂𝑘 =
𝑢̂𝑅,𝑘+𝑢̂𝐿,𝑘

2
 𝜔̂𝑘 =

𝑢̂𝑅,𝑘−𝑢̂𝐿,𝑘

𝑑
 . 

The final pose estimation of the robot can be seen as described in Equation (13). 

𝑥̂𝑘+1 = 𝑥̂𝑘 + 𝑢̂𝑘𝑐𝑜𝑠 (𝜃𝑘) 𝑦̂𝑘+1 = 𝑦̂𝑘 + 𝑢̂𝑘𝑠𝑖𝑛 (𝜃𝑘) 𝜃𝑘+1 = 𝜃̂𝑘 + 𝜔̂𝑘 (13) 

2.3. RFID Model 

Radio Frequency Identification (RFID) is a technology that uses radio waves to transmit 
data between two main components: RFID tags and RFID readers. Readers have antennas 
that emit radio frequency signals, while tags have antennas that are responsible for receiving 
and retransmitting these signals. Typically, the tags are passive and only activate when they 
receive a signal from the reader. 

When a tag enters the reader's range, the reader sends a signal. The tag, upon receiving 
the signal, is powered by the energy from the incoming radio waves. The powered tag then 
transmits it back to the reader. The reader receives the signal and can measure the phase 
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difference between the signal sent and received. For a signal of frequency 𝑓, the phase of this 
signal over time is calculated as follows: 

𝜑 = 𝜔 ∙ 𝑡 , where 𝜔 = 2𝜋𝑓 (14) 

In this project, the phase measurement model at time step 𝑘 is considered as follows: 

𝜑 = 𝑚𝑜𝑑 (−
4𝜋

𝜆
∙ 𝜌𝑘 + 𝜂𝜑,𝑘 , 2𝜋) (15) 

where 𝜆 is the wavelength of the electromagnetic signal, 𝜌𝑘 is the unknown tag-to-reader 

distance, and 𝜂𝜑 is the average Gaussian noise, i.e. 𝜂𝜑~𝑁(0, 𝜎𝜑
2). Assuming the signal trav-

els from reader to tag and back, the distance between them will be: 

𝑑 =
1

2
𝑐 ∙ 𝑡𝑓 (16) 

where 𝑐 is the speed of light and 𝑡𝑓 is the time of flight. Therefore, the distance between the 
tag and the reader can be expressed as: 

𝑑 =
1

2
𝑐
𝜑

𝜔
=
1

2

𝑐𝜑

2𝜋𝑓
=
1

2

𝜆

2𝜋
(2𝑛𝜋 + 𝜑) (17) 

The main challenge encountered is that the reader can only measure 𝜑, which makes it 

impossible to obtain the number of wavelengths (𝑛) directly. This limitation therefore makes 
it difficult to determine the distance between the tag and the reader accurately. 

2.4. Locate Tags with EKF Filter 

The robot tag distance 𝜌 and the azimuth angle 𝛽 are two parameters used to deter-
mine the tag position relative to the robot position. 

𝜌 = √(𝑥𝑟 − 𝑥𝑇)
2 + (𝑦𝑟 − 𝑦𝑇)

2 (18) 

𝛽 = 𝜃𝑟 − 𝑎𝑡𝑎𝑛2(𝑦𝑇 − 𝑦𝑟 , 𝑥𝑇 − 𝑥𝑟) (19) 

After discretization, the dynamics of the variables 𝜌𝑘 and 𝛽𝑘 are expressed as functions of 

the wheel displacements 𝑢𝑅,𝑘 and 𝑢𝐿,𝑘. 

𝜌𝑘+1 = 𝜌𝑘 − 𝑢𝑘 𝑐𝑜𝑠 𝑐𝑜𝑠 (𝛽𝑘) (20) 

𝛽𝑘+1 = 𝛽𝑘 +𝜔𝑘(𝛽𝑘) (21) 

The goal is to retrieve the tag location using simple encoded reading and RFID signal 
phase measurement. A proposed solution is to implement a Kalman Filter to estimate the 

system state directly 𝜉 = (𝜌𝑘  𝛽𝑘  𝑥𝑘 𝑦𝑘  𝜃𝑘)
𝑇 of the problem. The measurement model is: 

𝑧𝑘 = (1 0 0 0 0 )𝜉 + 𝜂𝑘 (22) 

Assuming the maximum range 𝜌𝑚𝑎𝑥 over which the reader can detect the tag is known, 

each phase measurement can correspond to one of 𝑛𝑚𝑎𝑥 =
𝜌𝑚𝑎𝑥

𝜆/2
 different possible dis-

tances between the robot and the tag. Therefore, several Kalman filters are used to evaluate 
all these different hypotheses. The steps represent the procedure for the EKF. 

1) Initialization: The filter is initialized as soon as the phase measurement is available. 
Suppose the initial state of the EKF is as follows: 

𝜌̂0 = −
1

4𝜋
𝜆𝜑̂ + 𝑛

𝜆

2
  𝑛 = 1,… , 𝑛𝑚𝑎𝑥 (23) 

𝛽̂ = 0 (24) 
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𝑥̂0 = 𝑥𝑖  (25) 

𝑦̂0 = 𝑦𝑖  (26) 

𝜃̂0 = 𝜃𝑖  (27) 

𝜃̂0 = 𝜃𝑖  (27) 

and the initial covariance matrix of the estimate as 

𝑃0 =

(

 
 
 

𝜎𝜑
2 0 0 0 0

0 (𝜋/3)2 0 0 0

0 0 𝑐𝑜𝑣(𝑥𝑖
2) 𝑐𝑜𝑣(𝑥𝑖𝑦𝑖) 𝑐𝑜𝑣(𝑥𝑖𝜃𝑖)

0 0 𝑐𝑜𝑣(𝑦𝑖𝑥𝑖) 𝑐𝑜𝑣(𝑦𝑖
2) 𝑐𝑜𝑣(𝑦𝑖𝜃𝑖)

0 0 𝑐𝑜𝑣(𝜃𝑖𝑥𝑖) 𝑐𝑜𝑣(𝜃𝑖𝑦𝑖) 𝑐𝑜𝑣(𝜃𝑖
2) )

 
 
 

 (28) 

2) Prediction steps are: 

𝜌̂𝑘+1
− = 𝜌̂𝑘 − 𝑢̂𝑘 𝑐𝑜𝑠 𝑐𝑜𝑠 (𝛽𝑘) (29) 

𝛽̂𝑘+1
− = 𝛽̂𝑘 + 𝜔̂𝑘 +

𝑢̂𝑘
𝜌𝑘
𝑠𝑖𝑛 𝑠𝑖𝑛 (𝛽𝑘) (30) 

𝑥̂𝑘+1
− = 𝑥̂𝑘 +

1

2
𝑐𝑜𝑠 𝑢̂𝑘𝑐𝑜𝑠 (𝜃𝑘) (31) 

𝑦̂𝑘+1
− = 𝑦̂𝑘 +

1

2
𝑠𝑖𝑛 𝑢̂𝑘𝑠𝑖𝑛 (𝜃𝑘) (32) 

𝜃̂𝑘+1
− = 𝜃̂𝑘 +

1

𝑑
𝜔̂𝑘 (33) 

𝑃𝑘+1
− = 𝐹𝑘𝑃𝑘𝐹𝑘

𝑇 +𝑊𝑘𝑄𝑘𝑊𝑘
𝑇  (34) 

3) Calibration step: Assuming 𝑧𝑘+1 = 𝜑𝑘+1 + 𝜂𝜌 is the available measurement at time 

step 𝑘 + 1, the innovation rank is given by 𝜑𝑘+1 − 𝜑̂𝑘+1 , where 𝜑̂𝑘+1 = 𝑚𝑜𝑑(−
4𝜋

𝜆
∙

𝜌̂𝑘+1, 2𝜋) is the expected phase measurement at this stage. Therefore, the correction step, 
for the state and covariance matrices, is: 

𝜉𝑘+1 = 𝜉𝑘+1
− + 𝐾𝑘+1(𝜑𝑘+1 − 𝜑̂𝑘+1) (35) 

𝑃𝑘+1 = (𝐼 − 𝐾𝑘+1𝐻) 𝑃𝑘+1
−  (36) 

𝐾𝑘+1 = 𝑃𝑘+1
− 𝐻𝑇(𝐻 𝑃𝑘+1

−  𝐻𝑇 + 𝜎𝜌
2)−1 (37) 

is the Kalman gain, and the Jacobian matrix 𝐻 is given by: 

𝐻 = (−
4𝜋

𝜆
, 0, 0, 0, 0) (38) 

The EKF was chosen over alternatives such as the Unscented Kalman Filter (UKF) or 
Particle Filter due to a balance between computational efficiency and estimation accuracy. 
While UKF and Particle Filters are known for handling stronger non-linearities or multi-
modal distributions, they often require significantly more computational resources and are 
more complex to tune. Since the motion and observation models in this work exhibit mild 
non-linearity, the EKF provides sufficient accuracy while maintaining low computational 
cost, as shown in subsection 3.4 with a real-time update rate of 244 Hz. This makes EKF 
more suitable for embedded implementations, especially for low-power AGVs or mobile 
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robots. Moreover, among RFID signal features, phase difference offers better distance reso-
lution than RSSI, which is highly sensitive to environmental interference and multipath fad-
ing. Unlike RSSI, the phase shift contains deterministic correlation with path length in line-
of-sight (LoS) settings, enabling more accurate ranging. By fusing odometry and RFID phase 
via EKF, the system can combine the short-term accuracy of wheel encoders with the global 
correction ability of RFID phase, enhancing robustness against drift and providing reliable 
convergence even from outside the reader’s range. This hybrid approach leverages comple-
mentary strengths and has proven to reduce final position error to below 8 cm in our simu-
lation results, as shown in subsection 3.3. 

2.5. End-to-End System Flow Diagram 

To further illustrate the positioning process, an end-to-end system flow diagram is pro-
vided in Figure 2. The diagram describes the main stages of the method, starting from sensing 
inputs to position estimation and movement toward the target: Wheel encoder readings are 
used to compute odometry; RFID reader measures the phase shift between transmitted and 
received signals; Both sources of data are fused within the EKF to estimate the robot's pose 
and distance to the tag; and The estimated position is used to guide the robot toward the 
target in successive update steps. 

 

Figure 2. End-to-End system flow diagram of the proposed positioning method 

3. Simulation Results 

3.1. Simulation Configuration 

The simulation was implemented in MATLAB and used the following parameters and 
assumptions: RFID Frequency at 915 MHz (UHF band), corresponding to a wavelength of 
approximately 0.328 m; Wheel Radius: 0.05 m; Wheelbase: 0.3 m; and Integration Time Step: 

0.1 s. EKF Process Noise Covariance: 𝑄 = 𝑑𝑖𝑎𝑔([1𝑒−4, 1𝑒−4, 1𝑒−6]) for 𝑥, 𝑦, 𝜃. Meas-

urement Noise Covariance: 𝑅 = 𝑑𝑖𝑎𝑔([1𝑒−2, 1𝑒−2]) for distance and angle; Initial Pose 
Estimate: Randomized outside reader range; Phase Noise: Modeled as Gaussian noise with a 
standard deviation of 0.05 rad; and RFID Model: Assumes line-of-sight (LoS) operation with-
out multipath, environmental noise, and obstacles, which were not explicitly modeled in this 
version. Future work will investigate performance under multipath effects and dynamic envi-
ronments with physical obstacles. 

Wheel Encoder Odometry model 

Extended Kalman 

filter 

RFID Phase 

Measurement 

Pose Estimation 

Output 

Motion Toward 

Target 
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Table 1. Simulation Parameters 

Parameter Value Description 

RFID Frequency 915 MHz UHF RFID band 

Wavelength (λ) ~0.328 m Derived from the RFID frequency 

Wheel Radius 0.05 m Radius of each wheel 

Wheelbase 0.3 m Distance between left and right 
wheels 

Encoder Resolution 1024 pulses/rev Resolution of wheel encoders (as-
sumed) 

Integration Time Step (𝛥𝑡) 0.1 s Discrete simulation interval 

EKF Process Noise       

Covariance (𝑄) 
diag([1𝑒−4, 1𝑒−4, 1𝑒−6]) For x, y, and heading angle 

Measurement Noise       
Covariance (R) 

diag([1𝑒−2, 1𝑒−2]) For distance and azimuth angle 

Phase Noise Std. Dev. 0.05 rad Gaussian phase measurement noise 

Initial Pose Randomized outside a 2m range The robot starts outside the read-
er's range 

RFID Range 2 m Operating radius of the reader 

  
Table 1 serves as a reference for parameter values used in all simulation runs described 

in Subsection 3.2 

3.2. Analysis of Estimation Results 

The idea is to leverage the functionality of the Kalman Filter, merge the wheel encoder 
readings with the RFID signals, and then generate a certain number of EKF instances. Each 
instance is initialized on a different cycle corresponding to the initial phase measurement. 
Finally, one of these different instances is selected to estimate the distance between the robot 
and the tag. The robot will gradually move towards the reader's position, which is known in 
advance based on its position estimate. 

 

Figure 3. Set the initial position of the reader (Tag) and the RFID tagging robot 

During the initial setup, as shown in Figure 3, the card reader (blue square) is positioned 
at the coordinates [0, 0] with a circular operating range of 2m radius (green dashed line). The 
robot (blue diamond) has an arbitrary initial position but is outside the scanning range of the 
reader. At the 297th estimation step, the positions of the objects are as shown in the figure 
above. 
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At the estimation step 569 shown in Figure 4, when the robot performs the estimation 
through communication between the tag and the reader, it begins to be within the operating 
range of the Tag reader, with a radius of 2m. An estimated result of the tag's location has 
appeared (blue star). The robot will consider this estimated Tag location as the target to move 
to. As can be seen, the estimated Tag location is relatively accurate compared to the actual 
location of the tag in the coordinate system. 

 

Figure 4. Object positions at estimation step 569 

 

Figure 5. Location of objects at estimation step 838 

At update step 838 shown in Figure 5, the robot has moved closer to the estimated 
position of the tag. Now through the update and estimation steps. The estimated position of 
the tag has a small change compared to the previous steps. But this deviation is still acceptable 
and still very close to the actual position of the reader. 

At the estimation step 1168 shown in Figure 6, the RFID tag-carrying robot has come 
very close to the target, which is the reader. This indicates that the convergence speed of the 
Kalman filter when updating the robot's position and trajectory is excellent. At the same time, 
the new estimated position of the tag, compared to the actual position and previous positions, 
remains stable and changes only slightly. 
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The results show all the states of the robot from the start at position x = 2.29733 and y 
= 4.47681. The movement is performed by continuously updating the position and estimating 
the distance to the target using the tag reader. At the final update position (after 2500 update 
and estimation steps), the robot and the Tag reader have positions x = -0.0230681 and y = -
0.0756305. The error is small compared to the actual position that needs to be performed, as 
the initial target is x, y = [0, 0]. This result describes the effectiveness of locating and navi-
gating the robot to the target when using RFID positioning. 

 

Figure 6. Object positions at estimation step 1168 

At the estimation step 1168 shown in Figure 6, the RFID tag-carrying robot has come 
very close to the target, which is the reader. This shows that the convergence speed of the 
Kalman filter when updating the robot's position and trajectory is very good. At the same 
time, the new estimated position of the tag, compared to the actual position and previous 
positions, remains stable and changes only slightly. 

The estimation results, including the robot’s trajectory and final position relative to the 
RFID tag, are illustrated in Figure 7. The results show all the states of the robot from the start 
at position x = 2.29733 and y = 4.47681. The movement is performed by continuously up-
dating the position and estimating the distance to the target using the tag reader. At the final 
update position (after 2500 update and estimation steps), the robot and the Tag reader have 
positions x = -0.0230681 and y = -0.0756305. The error is small compared to the actual po-
sition that needs to be performed, as the initial target is x, y = [0, 0]. This result describes the 
effectiveness of locating and navigating the robot to the target when using RFID positioning. 

One critical challenge in using RFID for localization is its sensitivity to phase noise, 
which is caused by hardware instability, multipath reflections, and environmental interference. 
Even small fluctuations in measured phase can introduce distance estimation errors of several 
centimeters, especially when the tag-reader distance approaches integer multiples of the wave-
length. The nλ ambiguity problem further complicates this issue by making the measured 
phase periodic, resulting in multiple valid hypotheses for tag distance. To address this, the 
system initializes multiple EKF instances with different phase offset assumptions and selects 
the one that converges consistently. While this strategy improves robustness, it increases com-
putational load and requires reliable filter selection logic. Odometry data, despite its tendency 
to drift over time due to wheel slip or surface variation, provides smooth and continuous 
motion estimation. Its fusion with the RFID phase via EKF acts as a constraint and stabilizer, 
filtering out abrupt phase-induced deviations. However, in high-speed scenarios or environ-
ments with strong multipath effects, this approach may still suffer from temporary divergence 
or slower convergence. These insights highlight the trade-off between sensor accuracy, com-
putation, and robustness, and justify further investigation into adaptive noise modeling, IMU 
integration, and phase-unwrapping algorithms in future work.  
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Figure 7. The tag synthesizes the robot's states when it moves, positions, and approaches the target 
tag. 

3.3. Practical Interpretation of Results 

The final positioning error after 2500 update steps was approximately 2.3 cm in x and 
7.6 cm in y, resulting in a Euclidean distance error of roughly 7.9 cm. This level of accuracy 
is within the acceptable range for indoor navigation tasks. In typical warehouse environments, 
Automated Guided Vehicles (AGVs) are expected to operate with a positioning accuracy of 
less than 10 cm to ensure safe and efficient movement between racks, loading docks, and 
other structures [35]. Therefore, the simulation confirms that the proposed method, despite 
its low-cost and lightweight implementation, meets the precision demands for practical AGV 
deployments. Furthermore, the convergence behavior of the EKF, as demonstrated by the 
robot's progressive movement toward the estimated tag, illustrates the system’s robustness 
under sensor fusion, even when starting outside the detection range. 

3.4. Computational Performance and Real-Time Considerations 

The simulation was executed on a standard laptop with an Intel Core i5-1135G7 CPU 
at 2.40 GHz and 8 GB RAM, using MATLAB R2023a. The average computation time per 
update step of the EKF, including prediction and correction using encoder and RFID phase 
data, was approximately 4.1 milliseconds, equivalent to a processing frequency of about 244 
Hz. This latency is significantly below the typical control loop frequency of embedded robotic 
systems (for example, 10–100 Hz), indicating the method’s feasibility for real-time deploy-
ment. In terms of computational resource usage, the proposed method maintains a low 
memory overhead, as the EKF state vector is compact and does not require storing large 
maps or particle clouds, unlike in SLAM methods. Even when multiple EKF instances are 

initialized to resolve phase ambiguity (𝑛𝜆 problem), the number of filters remains small, typ-
ically less than 10, keeping total computation manageable. These results suggest that the al-
gorithm can be implemented efficiently on embedded platforms, such as the Raspberry Pi 4, 
NVIDIA Jetson Nano, or STM32-based robots, for real-time AGV localization tasks in in-
door environments. 

3.5. Comparison of Localization Strategies 

To evaluate the individual contributions of odometry and RFID, and to validate the 
effectiveness of combining them, we conducted a feature ablation study. This analysis helps 
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identify how each component impacts the system's overall positioning accuracy and robust-
ness. The results of three different scenarios: (1) odometry-only: Robot position is estimated 
purely from encoder data using standard kinematic equations; (2) RFID-only: Robot localizes 
based on RFID phase measurements without odometry fusion; and (3) odometry + RFID 
(EKF fusion): Full system using EKF to fuse odometry and RFID data (proposed method). 
They are compared below to confirm the benefits of multi-sensor integration. Each scenario 
was run for 2500 steps with identical initial conditions and measurement noise.  

The results in Table 2 clearly demonstrate that the EKF fusion of odometry and RFID 
significantly improves localization accuracy. The odometry-only approach suffers from accu-
mulated drift, especially due to wheel slippage. The RFID-only method improves accuracy 
but lacks motion continuity and is sensitive to phase noise. The fusion method balances both, 
leveraging the short-term stability of encoders and the long-range correction capability of 
RFID, resulting in a robust and accurate localization system suitable for real-world indoor 
mobile robots. The table below shows the average and final positioning error in cm for each 
case as follows. 

Table 2. Average and final positioning errors under different localization strategies. 

Method Average Error (cm) Final Error (cm) 

Odometry-only 16.7 28.2 

RFID-only 12.3 15.9 

Odometry + RFID (EKF) 5.4 7.9 
  

For real-world deployment, the EKF algorithm should be executed at a control loop rate 
between 10–50 Hz, which aligns with the sensing and actuation cycle of most indoor mobile 
robots. The key required sensors include: Quadrature encoders on the drive wheels, providing 
real-time odometry; and an RFID reader compatible with UHF tags, capable of reporting 
phase values. The system can be deployed on low-cost embedded platforms such as Rasp-
berry Pi 4, Jetson Nano, or STM32 MCUs, depending on power and real-time constraints. A 
lightweight embedded version of the EKF with fixed-size matrix operations can be imple-
mented in C++ or Python using libraries like Eigen or OpenCV. For initial testing, the sim-
ulation code in MATLAB can be ported to ROS-based environments using ros_control, ro-
bot_localization, and rfid_driver packages. This enables integration with real sensors and ro-
bot operating systems. 

4. Discussion 

The simulation results validate the feasibility and effectiveness of the proposed RFID-
based localization system in guiding a differential-drive mobile robot toward a predefined 
target location. By fusing wheel encoder readings with RFID phase measurements through 
the EKF, the system demonstrated the ability to maintain reliable localization, even when the 
robot initially started outside the RFID reader's detection range. The integration of multiple 
EKF instances effectively addressed the inherent challenge of resolving phase ambiguity, al-
beit with a trade-off in computational complexity. 

The convergence behavior observed in the simulation confirmed that the EKF could 
correct the odometry drift by leveraging the global positioning reference provided by the 
RFID phase measurements. The final positioning error—approximately 7.9 cm after 2500 
update steps—falls within acceptable bounds for industrial applications such as warehouse 
automation and AGV navigation, where sub-decimeter accuracy is often required. The com-
plementary characteristics of odometry and RFID were evident: odometry offered smooth 
and continuous motion estimation but suffered from cumulative drift due to factors like 
wheel slippage, while RFID provided absolute positioning cues but was sensitive to phase 
noise, multipath interference, and measurement ambiguity. 

Despite the advantages of combining wheel encoder data and RFID signals via an EKF, 
this approach also presents several inherent limitations. First, reliance on wheel odometry 
inherently exposes the system to drift errors caused by wheel slippage, especially on slippery 
or uneven surfaces. Second, the phase-based RFID distance estimation faces the classical 

𝑛𝜆 ambiguity problem, where the actual distance between the tag and reader cannot be 
uniquely determined from a single-phase measurement due to its periodic nature. Although 
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this limitation was mitigated by initializing multiple EKF instances with different phase hy-
potheses, this strategy introduced additional computational overhead. Third, at high robot 
speeds, rapid positional changes may exceed the update rate of the RFID system, resulting in 
phase mismatches or delays in sensor fusion, and consequently reducing localization accuracy. 
These limitations highlight the trade-offs between sensor accuracy, computational efficiency, 
and robustness, emphasizing the need for future work to investigate advanced sensor fusion 
strategies, adaptive EKF tuning, and machine learning-based phase unwrapping algorithms 
for enhanced performance in dynamic and complex environments. 

The discussion also highlights the potential benefits of integrating complementary sen-
sor modalities, such as inertial measurement units (IMUs), LiDAR, or vision-based systems, 
to enhance localization robustness. These additional sensors could address the identified 
shortcomings, particularly in scenarios with high dynamic movement, multipath-prone envi-
ronments, or non-line-of-sight conditions that compromise the integrity of RFID signals. 

5. Conclusions and Future Work 

This study successfully proposed and validated a sensor fusion framework for indoor 
localization of differential-drive mobile robots, combining wheel encoder odometry and 
RFID phase-based measurements using the EKF. The primary objective, which is to achieve 
accurate and robust robot localization without prior knowledge of RFID tag placement, was 
fully met through simulation experiments. The results demonstrated that the proposed ap-
proach can achieve sub-decimeter accuracy, maintain reliable convergence even when the ro-
bot starts outside the reader’s range, and operate within the computational constraints of real-
time embedded platforms. The significance of this work lies in its contribution to advancing 
lightweight and infrastructure-efficient localization methods suitable for practical applica-
tions, particularly in smart warehouses, logistics centers, and indoor robotic navigation sys-
tems. By eliminating the dependency on predefined tag maps and leveraging a computation-
ally efficient estimation algorithm, the proposed system offers a promising solution for de-
ployment in dynamic industrial environments. 

Future work will focus on transitioning from simulation to real-world implementation, 
addressing challenges such as environmental variability, multipath interference, and dynamic 
obstacles. Research directions include integrating additional sensors, such as IMUs, LiDAR, 
and vision-based systems, to enhance localization robustness. Furthermore, the development 
of adaptive filtering and machine learning-based phase unwrapping techniques will be ex-
plored to improve performance under varying operational conditions. The ultimate goal is to 
establish a scalable, accurate, and reliable localization framework that can be adapted to a 
wide range of industrial and service robot applications. 
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