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Abstract—Robot localization is essential for successful
navigation, particularly in indoor environments where Global
Positioning System (GPS) devices are ineffective. Bluetooth Low
Energy (BLE) beacons provide a promising solution by
transmitting 2.4GHz signals that can be interpreted by nearby
robots. The trilateration method, utilizing Received Signal
Strength Indicator (RSSI) values from BLE beacons at
predefined locations, enables position estimation. However,
RSSI values are highly susceptible to fluctuations and
environmental interference, leading to significant errors. This
research addresses these challenges by developing a low-cost
beacon device using an ESP32 microcontroller and
implementing a Kalman filter to minimize RSSI fluctuations. A
curve fitting method is applied to convert filtered RSSI data into
distance estimates, offering improved accuracy compared to the
path loss model. The trilateration approach determines the
robot’s position based on three dominant BLE beacons, selected
for their signal strength. Results demonstrate that the proposed
localization system is effective, with the integration of the
Kalman filter and beacon selection mechanism significantly
enhancing positional accuracy. This study contributes to the
advancement of indoor localization by providing a robust and
cost-efficient system suitable for autonomous mobile robot
navigation.

Keywords—Indoor Localization, BLE, Trilateration,

Multilateration, RSSI.

I. INTRODUCTION

Amidst the advancements of the industrial era, the field of
robotics has advanced and is widely applied in various human
activities. Autonomous Mobile Robots (AMRSs) have been
extensively used in industrial environments and other
applications due to their high levels of efficiency and
productivity[1], [2]. Recently, AMRs with differential drive
wheels have gained increasing attention and have been
widely implemented due to their advantages, such as flexible
mobility, simple structure, and lower production costs [3].
AMRs, which are an evolution of Automated Guided
Vehicles (AGVs), have been utilized in modern industries as

tools for moving materials more flexibly compared to
conventional conveyors.

AMRs interact with their environment through sensors to
move and function autonomously. The robot's movement
cycle begins with perception and localization. Once the
robot's location is estimated and compared to a global map,
the next action to be taken is determined (cognition). The
robot then moves and navigates through the environment
until it reaches its target position (movement control) [4].
Localization is one of the most challenging problems in robot
motion research. The inability of Global Positioning System
(GPS) devices to function in indoor environments makes this
topic intriguing for ongoing research.

In essence, various studies on mobile robot localization
have been conducted to date. Odometry is one of the most
used localization mechanisms for mobile robots. Odometry
utilizes encoder data installed on the robot’s wheels to
determine the distance traveled by the robot (from its initial
position) by calculating the rotation and/or steering angle of
the robot’s wheels [5]. Odometry is often used because it is
simple, inexpensive, and easy to implement. However, this
method is highly prone to errors, both systematic and non-
systematic. Systematic errors can often be resolved by adding
error compensation, as error profiles tend to follow patterns.
For non-systematic errors, additional external sensors are
required to minimize these errors. In the study by Chen &
Zhang [6], an electronic compass was added to help the robot
minimize non-systematic errors.

Another method that can be used for localization is
through Bluetooth Low Energy (BLE) beacons. The process
of location identification is carried out by measuring the
signal strength emitted by BLE beacons installed along the
track. The signal strength values, or Received Signal Strength
Indicators (RSSI), are inversely proportional to the distance
between the transmitter and receiver. By using several BLE
beacons placed statically at various locations, the relative
position of the robot can be determined and used to establish
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the global location by utilizing the beacon location
information. One method that can be used to estimate the
robot's location is the trilateration algorithm [7].

However, RSSI values are highly susceptible to
fluctuations and environmental interference, leading to
significant localization errors [8], [9]. To address these
challenges, this study proposes the development of a low-cost
beacon device using an ESP32 microcontroller and the
implementation of a Kalman filter to minimize RSSI
fluctuations. A curve fitting method is utilized to convert the
filtered RSSI data into distance estimates, providing
improved accuracy compared to traditional path loss models.
The trilateration approach is further refined by selecting three
dominant BLE beacons based on signal strength, ensuring
more reliable position estimation.

This study aims to demonstrate the effectiveness of
integrating the Kalman filter and beacon selection
mechanism in improving positional accuracy for indoor
localization. By providing a robust and cost-efficient system,
this research contributes to advancing indoor localization,
particularly for autonomous mobile robot navigation in
challenging environments.

Il. METHOD

A. Localization Sustem Based on Bluetooth Low
Energy (BLE) Beacons

BLE is a Bluetooth 4.0 technology operating at a 2.4 GHz
frequency band. Similar to classic Bluetooth technology,
BLE is also used as a medium for transmitting limited-
capacity data with very low power consumption. In this
study, BLE operates with an advertising event protocol,
which allows receivers to receive data packets and measure
RSSI values for localization mechanisms [10]. The robot's
location is determined using a trilateration mechanism
involving three dominant BLE beacons while ignoring others
with low RSSI values at a given position. In this study, four
BLE beacons are placed at all corners of the robot arena, as
shown in Fig. 1.
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Fig. 1. llustration of Localization System Based on BLE Beacon.

B. RSSI Data Preprocessing Mechanism

Data preprocessing focuses on improving data quality by
addressing noise during measurement. Several types of
filters, including the Median filter, EMA (Exponential
Moving Average) filter, and Kalman filter, will be
implemented and their performances compared in this study.
The Kalman Filter is an estimation algorithm used to predict
the true value of a measured variable. It employs the Linear
Minimum Mean Square Error Prediction (LMMSE) and
Linear Recurrence Updating system, aiming to minimize
estimation errors by optimally accounting for noise

distribution [11]. In the context of RSSI, the Kalman Filter
smooths signal variations caused by noise or fluctuations in
communication between beacons.

The EMA (Exponential Moving Average) filter is a signal
processing filter used to reduce fluctuations in RSSI values.
This filter assigns exponentially greater weights to recent
data, making it more responsive and effectively reducing
temporary fluctuations [12][13]. Another type of filter
implemented in this study is the Median Filter. In the research
titled “A Novel Distance Estimation Algorithm for Bluetooth
Devices Using RSSI”, the Median Filter is used to remove
outliers in RSSI caused by noise due to multipath fading in
indoor scenarios [8].

C. RSSI Data Conversion Mechanism

Data conversion is the process of transforming RSSI
values into distance values, which are then used as inputs in
position estimation equations. The first mechanism is the
Path Loss Model, a mathematical model used to estimate
attenuation or signal power loss occurring as a radio signal
travels through a medium or depends on environmental
conditions. The Path Loss Model employed in this study is
the Log-Distance model, which provides more optimal
attenuation estimation by incorporating an exponent factor as
an environmental factor value. The path loss exponent used,
based on the experimental environment, is 2.7 for Urban area
cellular radio conditions [9].

In addition to the Path Loss Model, another method
applied involves curve-fitting the average RSSI values at
each experimental distance to derive an equation better suited
to the system. Curve-fitting is performed using an
exponential system, as radio signals experience exponential
attenuation with increasing or decreasing distance from the
signal source due to multipath fading effects [14], [15].

D. Positioin Estimation Mechanism

Trilateration is a method for estimating a position by
utilizing distances measured from three reference points with
known locations [16][17]. The trilateration equation is
fundamentally based on the equation of a circle, as follows

.
cdn? = (x —x,)* + (v — y,)? @)

If all three beacons are used, the following three equations are
obtained.

d? = —x)%+ @ —y)? @
d? = (x —x,)% + (y — y,)? ®)
d32 =(x— x3)2 + - }’3)2 “)
Next, subtracting (3) and (4) from (2) results in:
Ay =—2(x; —x,) 5)
Ay = =2(x; — x3) (6)
B=d.*—d," — (2 + 3,2 + (2 + y,2) @
G =-2(y; —y,) ©)
C, =20y, —y3) )
D=d,”—d;*— (2 +y,2) + (2 + v, (10)

To find x and y, the solution is calculated using (11) and (12).
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Fig. 2. llustration of Position Estimation with Trilateration.

In multilateration, the concept is similar to trilateration.
However, in multilateration, the system can use multiple
measured position distances from reference points without
limitations [18]. The underlying equation is also based on the
circle equation to obtain the distance from the reference point.
Multilateration can be defined by the following equation.

(xl 1 xl+1) (yl 1 yi+1) (13)
A=2 (i — xl+2) (Yizt }’i+2)
(xizl - xn) (yl 1 )
gm0

[((di+12 —diy?) = Gy + D + Gy 2 + Yi=12))] (15

B = I((di+22 - di=12) - (xi+22 + yi+22) + (xi=12 + Yi=12))|
| ((dnz - di=12) — G2+ 9, + (2 + yi=12)) j
Matrix X is the result of the estimation and can be solved

using the following (16), utilizing (13) and (15).

X =(AT.A)"'A".B (16)

I1l. RESULTS AND DISCUSSION

The position estimation mechanism consists of several
stages including data acquisition, data preprocessing, data
conversion, and position estimation system.

A Data Acquisition

RSSI values will be measured against distance changes
from zero to 5 meters with an interval of 0.5 meters. At each
distance point, 500 data samples are taken for processing, and
the standard deviation is calculated. The RSSI sample data
for a distance of 1 meter is shown in Fig. 3 shows that the
measured RSSI data fluctuates due to noise. Table 1 shows
all measurement data with fluctuation levels represented by
the standard deviation of 500 data samples for each distance.
Based on the measurement results, it is observed that the data
is more stable at closer distances and tends to be more
fluctuating at greater distances.

Distance Lower RSSI  Upper RSSI Mean Std.
(m) (dB) (dB) Deviation
~0 -18 -16 -17.04 0.21
0.5 -59 -42 -44.80 3.13

1 -73 -47 -64.30 4.36
15 -81 -47 -69.48 6.66
2 -79 -71 -75.62 1.58
25 -83 -70 -76.92 3.39
3 -85 -73 -79.44 3.20
35 -83 -74 -79.60 2.10
4 -98 -74 -83.84 4.67
45 -98 -74 -79.45 5.38
5 -102 -79 -87.23 7.01
RSSI Values (1 meter)
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Fig. 3. RSSI value at 1 Meter.

This can also be observed from the standard deviation
values of every 500 data samples at each distance. Data
conditioning mechanisms are needed so that the data can be
used for the position estimation process.

B. Data Preprocessing

Fig. 4(a) shows the results of applying three types of
filters to the RSSI data for a distance of 1 meter, and Fig. 4(b)
shows the comparison of signal standard deviation values
from the three filters for all distance combinations.

Filtered RSSI
= ison of Standard Deviation for Filters
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Fig. 4. (a) Fllterlng Results, (b) Graph of Filters Standard Deviation

The results show that the Median filter produces the
largest and most unstable signal fluctuations, although it can
dampen some extreme signal spikes. The EMA filter
produces smoother signals compared to the Median filter.
This method gives exponential weights to historical data, thus
reducing signal fluctuations. However, some fluctuations are
still noticeable in some parts. The Kalman filter shows the
most stable and smooth results compared to the other two
methods. This filter works by predicting the signal value
based on a statistical model and correcting this prediction
using actual measurements, resulting in a smoother signal

TABLE I. RSSI AND STANDARD DEVIATION FOR DISTANCES 0-5 > ¢ v
METER with the highest standard deviation value of 1.092 and the
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lowest at 0.017. Fig. 4(b) shows that the system has
increasing standard deviation values as the distance
increases. In the Median filter, the standard deviation is
higher compared to the other two filters, and the best result is
obtained with the Kalman filter, which has a lower average
standard deviation value than the other two filters. Therefore,
the Kalman filter will be used in the position estimation
process to achieve results with smaller distance errors.

C. Data Conversion

At this stage, the use of the path loss model is compared
with the results of exponential curve-fitting using Matlab
software, with the RMSE (Root Mean Square Error) value for
the average RSSI values at distances from 0 to 5 meters, with
an interval of 0.5 meters. The path loss model, log distance,
has the following equation.

RSSI(d) = RSSI(d,) + 10nlog 10 (di) )
0
Thus, the RSSI to distance conversion equation is as follows:

d = d,10 (RSSI(du)—RSSI(d)) (18)
10n
In Fig. 5(a), the model has a pattern similar to the
measurement pattern. The RMSE for each point is 0.5945. In
the curve-fitting results, the equation and variable values are
as follows:

d = aebRssi@  (19)

a = 0.0165 (20)
b = —0.0662 (21)

In Fig. 5(b), the fitted curve graph pattern has a higher
degree of similarity compared to the path loss model in Fig.
5(a) proven by the RMSE value for each sample, which is
0.3427. The result shows that the fitted exponential curve
method is more optimal and will be used to generate input
data for the location determination process.

th Loss vs. Actual Data Points . Fitted Curve vs. Actual Data Points

Fig. 5. (a) Path Loss Model Graph, (b) Fitted Curve Graph

D. Position Estimation

Trilateration and multilateration methods are used for
location determination. In trilateration (after beacons
selection mechanism), the system will only use three of the
four beacons with dominant RSSI values for each iteration.
The results of the trilateration and multilateration estimation
are shown in Table 2 and 3 below.

(250,-250) (464.79,-273.57) 216.08
(0, 250) (0, 144.94) 105.06
(-250, 0) (-204.23, -38.77) 59.98
(0, -250) (-26.06, -111.22) 141.20
(250, 0) (150.11, 60.34) 116.70
TABLE III. RESULT OF MULTILATERATION
True Estimated Distance Error Distance Error
Position Position Multilateration Difference
x,yin Multilateration (cm) (Multilateration-
cm) (X, y incm) Trilateration)
(-281.68, -
0,0) 281.68) 281.68 281.68
(193.35,
(250,250) 159.39) 75.56 50.06
(-250, (-283.43, )
250) 181.58) 5385 9.53
(-250,- (-626.03, -
250) 596.28) 361.46 320.30
(250,- (433.61, - i
250) 257.98) 129.95 86.13
(0,250)  (-119.27, 25.67) 179.65 7459
(-250,0)  (-108.48, 56.98) 107.88 47.90
(0,-250)  (-97.29, 31.24) 21043 69.23
(250, 0) (129.99, 40.23) 89.49 -27.20

The trilateration result for position (0, 0) shows perfect
accuracy with a distance error of 0, while other positions
show varying errors, with the largest error being 216.08 cm
at position (250, -250). On the other hand, the multilateration
results show very large inaccuracies. This is because there is
no selection mechanism before the calculation. The smallest
distance error occurs at the point (-250, 250) with a value of
53.85 cm, and the smallest difference is -9.53. The largest
distance error occurs at the point (-250, -250) with a value of
361.46 cm, and the difference from trilateration is 320.30 cm.
The results show that the trilateration after beacons selection
system performs better than multilateration.

IV. CONCLUSION

Based on the experimental results, it was found that the
design of a robot localization mechanism in an indoor
environment using BLE beacons was successfully
implemented. The fluctuation of the measured RSSI signals
can be conditioned using filters, and in this study, the Kalman
filter showed the highest effectiveness in reducing signal
fluctuations. Furthermore, for the data conversion
mechanism, the exponential  curve-fitting  method
demonstrated better performance compared to the path loss
model.

The position estimation results indicated that the trilateration
method with a beacon selection system achieved higher
accuracy compared to the multilateration method. This
highlights the potential of using BLE beacons for position
estimation in robots, with further optimization possible in the

TABLE Il RESULT OF TRILATERATION future.
N Estimated ) ACKNOWLEDGMENT
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