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Abstract—Wireless positioning and ranging methods are being
worked upon for traditional indoor locations. We apply WiFi
and Bluetooth (BLE 4.0) tracking, categorically for industrial
applications, by utilizing handheld mobile devices. Both are
tested and evaluated in industrial environments varying in diffi-
culty level. A 2D-positioning is performed using trilateration on
WiFi signal transmitters. For Bluetooth tracking the fingerprint
method on Received Signal Strength (RSS) is used. Fingerprinting
of Bluetooth signals outperforms trilateration of WiFi signals
by reducing latency, and enhancing accuracy, confidence on the
system and flexibility to place the transmitters with a little
economical cost.

Keywords—BLE 4.0 beacons, Fingerprint, Industrial environ-
ment, Kalman filter, Signal processing, Smart search, WLAN

I. INTRODUCTION

Industrial locations vary in difficulty level from being vacant to
heavily loaded with huge and moving metallic machine parts.
A localization method is suitable only if it is robust in the given
environment for applications which require precise and high-
frequency data. Automation is evolving and data is not only a
production resource but has become a production result, too.
It is possible to access the machine status and sensor values in
real-time. Digital engineering enables to collect and provide
documentation and structural data over the life cycle of the
machines. This knowledge-base, up to the digital twin of a
machine described by Eisenträger et al. [1], enables advanced
operation and maintenance service but requires methods to
select situation-specific data.
To provide assistance to an industrial worker not only depends
on user’s role, but also on the user’s location. For example,
data to describe machine parts closest to the user, or to
provide safety information for the user’s current location
etc. Therefore, there is an increasing demand to localize, or
even track, the user position in industrial environments. An
accurate user location estimation allows to serve location based
information like safety regulations in the working area, or to
guide the user to a workplace, or to a safe area in the case of
an evacuation.

Indoor localization methods have to be robust and reliable in
challenging, static and dynamic environments. In contrast to
static environments, dynamic environments consist of multiple
assemblies in motion. The environment of primary, secondary
and some tertiary industries [2] is mostly dynamic (i.e. con-
struction sites, manufacturing plants). The rest tertiary and
quaternary industries [2] come under the category of static
environment.
In the presented work we focus on wireless tracking meth-
ods that are cable-free, economical, hardware has a minimal
weight and they do not have a line of sight condition, also
termed as NLOS by Jeffrey [3]. However these tracking
methods suffer with the signal loss attributed to propagation of
radio waves. We elaborate and address the factors contributing
to the inaccuracies. Two different approaches are tested and
evaluated in the secondary and quaternary industrial environ-
ment. The proposed method of using Bluetooth tracking, with
smart search and Kalman filtering, tracks the position of a
user walking at a steady pace with an accuracy of 1.5m and
reliability of 85% in secondary industrial environment.

II. LITERATURE REVIEW

A. WiFi Tracking

The WiFi technology is extensively worked upon due to an
increase in the installed WiFi Access Point (AP) and mobile
phone usage.
Available solutions vary from simple prototypes catering small
area, to advanced approaches stretching over larger area.
An early solution is the system called RADAR [4]. It is
known to provide the position estimation in the range of 2-
3m by adopting triangulation of the radio waves. Youssef
and Agrawala [5] with HORUS, follow the method of RSS
fingerprinting and present an average 82-89% better accuracy
than RADAR. Pu, Pu, and Lee [6] provide another solution
and elaborate the ranging technique of lateration in detail,
which is adopted in our approach (section III-A) too. Another
fingerprinting based method, is presented by Kothari et al. [7]
with an accuracy of 5m. Their final solution is the hybrid of
dead reckoning and fingerprinting the WiFi signals using a
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mobile phone. An approach adopted by Omkar and Koul [8]
claims to accurately track a user’s position with the help of an
admin. The user scans a QR code to select a room to navigate.
The admin builds a map of all the possible paths between
different places in the selected room. The user with the help
of the WiFi signals and the map estimates the position.
There are more advanced systems which do not need much
manual work for deploying the approach. Wu et al. [9] present
WILL, using an approach that does not require any prior
knowledge of the location or site survey. LaMarca et al. [10]
using signal fingerprinting present the graph based algorithm
to self map the radio signal from Access Points (AP).

B. Bluetooth Tracking

Zhao et al. [11] have proven Bluetooth tracking (RMS error
3.8m) to be 27% more accurate than WiFi (RMS error 5.2m)
under same circumstances. Cheung, Intille, and Larson [12]
present their solution as an inexpensive hack to estimate the
position to the room level resolution. Differential Time Differ-
ence of Arrival (DTDOA) [13] is used to find the position with
an accuracy of 1m. Triangulation method combined with least
square estimation is used to predict the position of a terminal
in a 46m2 room by Feldmann et al. [14].
The concept of machine learning has also been introduced
to correct the position estimation. A neural network based
Bluetooth tracking has been proven to correct the orientation
change of receiver and transmitter, and the signal absorption
effect [15]. An approach similar to our proposed approach
is presented by Röbesaat et al. [16] with position accuracy
less than 1m. While our system is economically efficient by
using only 3 beacons as compared to 8. The accuracy of our
approach for larger area and complex environment is 1m. For
even stricter industrial environment the accuracy is less than
1.5m and required time for position estimation is 1.5s only.

III. MATERIAL AND METHOD

To access situation specific data, we test two wireless tracking
methods to localize service personnel in industrial environ-
ments. The required data is accessed by mobile systems which
are equipped with Bluetooth an WiFi receivers too.
In the presented work we have evaluated our approaches
in different scenarios. First we use a corridor as quaternary
industry environment [2] to estimate the position by WiFi and
Bluetooth protocol. Promising results of Bluetooth tracking are
additionally evaluated in a factory building close to operating
machines. This represents a scenario for secondary industry
with real disturbances of moving machine parts and workers.

A. WiFi Tracking

The long range WiFi signals [17] are radio waves that suffer
with signal strength loss due to the multi-path reflections and
small and large scale fading [18, 19]. The signal strength is
observed to be between -25dB (good) to -99dB (bad).
Lateration [3] can be performed indoors with the help of WiFi
Access Points (AP), working as radio signal transmitters. The

lateration technique is tested in a corridor which is a demon-
stration of quaternary industry. It contains wooden furniture,
metallic objects, 6 WiFi APs, and walking people. Only three
WiFi routers, which are according to the configuration (Fig. 1)
are deployed as reference points. Like most industrial set-ups,
WiFi APs are fixed and can not removed. Bluetooth beacons
are placed to maintain the similarity in the environment for the
Bluetooth tracking evaluation. Because Bluetooth and WiFi
signal share the 2.4GHz frequency range and are known to
cause signal interference. This is our first evaluation set-up.
For a 2D localization, trilateration requires coordinates of at
least three APs/reference nodes R1−R3 and distances d1−d3
between the reference nodes and the target (Fig. 1).

FIGURE 1: Trilateration configuration based on Pu [20]

Collected signal strength is converted into distance by using
the inverse-square relation, between the strength of the signal
and distance, of the radio waves [21]. To compute the distance
from signal strength we adopted the free space path loss model
by Jarvis et al. [22] as shown by Eq. 1.

d = 10
Po−Fm−PRSS−10·η·log10f+30·η+27.5

10·n (1)

In Eq.1, PRSS is signal strength collected at a target location.
For a better estimation of a location instead of using only
one RSS, total 10 RSS values are collected and averaged
to generate PRSS . f is frequency of signal waves. P0 is a
constant, the strength of signal measured at a distance of 1m
from the transmitter, in the mentioned environment it is -
35 dB. The loss of signal strength with the traveled distance
is environment dependent [6] and taken into account by the
path loss exponent η and fading margin Fm. Estimating them
requires intensive assessment of the environment [23]. η is
estimated to be 2.10 Pu [20] and fading margin is set at
22. After the averaged RSS from each AP is converted into
the distance, coordinates of APs and distances are used for
position estimation of the target. X and Y coordinates are
estimated with the relation, Eq. 2 and 3, adopted from Pu
[20].

~x =
u2 + (d21 − d23)

2u
(2)
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~y =
v2 + (d21 − d22)

2v
(3)

In the used arrangement of WiFi AP (Fig.2), the values of u
and v are 3.85m and 11m respectively.

FIGURE 2: Set-up for WiFi trilateration approach

Fig. 2 is the top view of the test area. The test area is divided
into 1m×1m grid. 10 RSS values are collected and averaged
to localize a user at every point shown in Fig. 2. The following
graph shows the average of collected RSS for all 36 locations,
where the user is moving towards R2 and away from R1 and
R3.

FIGURE 3: Measured WiFi-RSS for 36 locations

B. Bluetooth Tracking

Bluetooth signals transfer information over short distance by
using short range radio waves with the frequency range 2.4-
2.485GHz. Bluetooth tracking exhibits the same characteristics
as of WiFi, signals are radio waves and also suffer with signal
strength loss. However, this protocol has high advertising rate
(300ms-100ms), is battery efficient and cheap. To conduct
experiments, three battery powered Bluetooth beacons,
supporting BLE 4.0 are used as transmitters. They are
advertising data packets at the rate of 100ms which contains
Universally Unique Identifier (UUID) and RSS. The default
scan period of the Bluetooth receiver is 1.1s. Observed range
of RSS is -35dB(good) to -99dB (bad) while the range of
transmission (5-20m) is environment dependent.
The methodology of RSS fingerprinting is adopted. It has
three steps namely off-line phase, on-line phase and matching.

1) Experimental Set-up 1: The experiment is performed in the
same corridor as described in section III-A. The beacons are at
three fixed positions, approximately 4m apart from each other,
placed 8m above the floor level and on hanging tube lights.
Unlike lateration, there is no limitation to follow a certain
configuration, the beacons are placed horizontally aligned and

above ground where they have less interference with moving
objects and can cover larger area than WiFi APs.
In off-line phase, total 9 positions (L1 - L9) stretching over
a length of 21.6m are selected to store average of 10 RSS
(fingerprint) against each location. Table I shows the database
of generated fingerprints for first 3 locations. A Location is
directly associated to the collected RSS/fingerprint.

TABLE I: Fingerprint database

ID UUID RSS (dB)
Location1 VE-BLE1,VE-BLE2,VE-BLE3 -64.6, -71.7, -72.17
Location2 VE-BLE1,VE-BLE2,VE-BLE3 -72.7, -77.3, -79.4
Location3 VE-BLE1,VE-BLE2,VE-BLE3 -75.8,-80.5, -79.7

The locations are 2.7m apart from each other except for L4 -
L6. These three locations are 1.35m away to test the fineness
at a distance less than 1.5m. Red dots in the Fig. 4 represent
Bluetooth beacons while green are fingerprint locations.

FIGURE 4: Set-up for bluetooth signal fingerprinting

In on-line phase, 10 RSS are collected at every location.
To evaluate the accuracy of fingerprinting, target area is
converted into 1m x 1m grid. During matching phase, average
of collected RSS at every location is matched against saved
fingerprints. For matching we compared the euclidean distance
by Eq. 4.

d =

√√√√ n∑
i=1

(F ′i − Fi)2 (4)

Matching is optimized by selecting an Area of Interest (AOI).
RSS due to the signal loss is expected to deteriorate only. A
strong signal means the receiver is in the close proximity of
the respective beacon. For matching, the only fingerprints in
the database where the particular beacon has stronger values
are considered. This is termed as smart search (SS).

2) Experimental Set-up 2: For this experimental set-up ex-
treme settings i.e: stricter environment, reduced scan period
of receiver and signal processing through Kalman filter are
applied. Evaluation is done in a secondary industrial environ-
ment. We applied the localization for a water filter production
machine which is placed in a pilot plant. The plant has
heavy machinery and is filled with 10-15 people working on
the different machines. The experiment is conducted while
bringing the machine into operation. During evaluation, five
workers are working with the machine, freely moving and
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using metallic tools. The dimensions of the machine are 7.78m
x 14.14m and has 10 modules as well as submodules (Fig. 5).

FIGURE 5: Layout design of the production machine

During evaluation, already assembled modules i.e. 1-5 and 7,
covering an area of 5.5m x 7m, are selected for localization.
The red stars in the Fig. 5 show the position of the three
Bluetooth beacons. They are placed at the location 3, 5 and 7
(Fig. 7, left). The blue dots are the seven locations where
fingerprints are collected. The location 3 to 7 are 2.45m
apart, while location 1 to 3 are 1.5m away. Location 1-3
are selected to distinguish among the submodules of module
3. Location 4 divides module 2 and 3. Location 5 belongs
to module 1. Location 6 is selected strategically which not
only differentiates among module 2 and 4 but the user at this
location has access to emergency shut down button of module
6. Location 7 distinguishes module 7 from module 5.
Bluetooth protocol has no connection time latency, scanning
time of receiver is reduced from default 1.1s to 200ms.
Noise reduction through filtering is known to improve the
results [24]. With increase in the difficulty of environment,
Kalman filter is used too, for correcting the radio signals.
Kalman filtering is a noise processing method which represents
time evolution of signal as a combination of signal noise
(measurement noise) and signal dynamics laws (process noise)
[25]. Kalman filter uses feedback loop between predicting the
future state of the system and updating it with the measured
values. So it needs a number of RSS to establish its estimate.
We collect 10 batches of RSS and save the average of 11th
batch as the fingerprint, spending 10-15s time for 7 locations,
during off-line phase. In on-line phase, an average of 10
filtered values is taken and continuously compared with stored
fingerprints using Eq. 4 to update the change in position.

IV. ANALYSIS AND DISCUSSION

For evaluation, following four factors are considered.

1) Accuracy: Some industries may require the position
resolution of room level, while other operations like
fire evacuation, document search, and navigation to a
specific point may allow accuracy of ±2m or even less.

2) Confidence level: In industrial applications, confining
only to knowledge of the system can be critical. How-
ever, for less demanding services, a solution is reliable
if the confidence level of the system is at least 50%.

3) Latency: For industries, time is a vital resource. Some
domains, like firefighting and evacuation, are time crit-
ical. Average walking speed of a human is 1.4m/s.
For such services, a tracking system should be able to
provide the position value ideally with no latency at all.

4) Deployment: The effort to adopt an approach should be
minimum in terms of cost, labor and time.

A. WiFi Tracking

The environment of the experiment is not harsh and represents
quaternary industries.
Accuracy: The position inaccuracy is between 0.4m and
17.66m with an average inaccuracy of 5.92 as show in table II.

TABLE II: WiFi trilateration evaluation

Position Max. inaccuracy(m) Min. inaccuracy(m) Avg. inaccuracy(m)

X-axis 17.4 0.17 4.4
Y-axis 5.33 0.036 2.6

Position 17.66 0.40 5.92

Table II states inaccuracies in X and Y coordinate separately
to investigate further lapses. The most unfavorable outcome
noted is in X-axis with 17.4m. X position is dependent on u
(Eq. 2) which is the distance between router R1 (placed beside
a metallic plant) and R3 (behind a pillar). This position is
particularly selected to see the impact of metals and machin-
ery of industrial plants. In general, multiple factors such as
noisy signal, signal scattering, logarithmic relation between
signal strength and distance covered, restrict the accuracy of
trilateration method. In most practical cases, the three circles
do not intersect exactly at one point. They rather provide an
intersection area (Fig. 6), while formula calculates exact point.
For later referencing, it is termed as intersection probability.

FIGURE 6: Intersecting circles producing region

Confidence Level: The approach estimates the position with a
success rate of 66% within a circle of 5.43m and 75% within
a resolution of 6.45m.
Latency: At each location 30 seconds are spent to scan and
collect the 10 values. Minimum scan interval of the receiver
is observed to be 3 seconds to collect one RSS. Due to
connection time cost [26] scan time less than 3s does not
update the RSS value, in our scenario. Overall time taken to
find 36 locations is 18 minutes which is too long for any
industrial application. This latency is not encouraging enough
to extend the experiments for stricter environment.
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Deployment: If the production environment is already
equipped with WiFi routers and mobile devices are used
for maintenance then the approach requires no additional
investment. However, the relation between RSS distance com-
putation introduces a number of coefficients whose values
are environment dependent. Adopting this technique requires
to perform meta learning to tune the parameters in different
localities. This requires labor and time.

B. Bluetooth Tracking

1) Experimental Set-up 1: The smart search (SS) is tested by
comparing the collected RSS at 9 locations in on-line phase
against exact same 9 locations stored in off-line phase (Fig. 4).
Each location is tested for 6 batches of RSS (60s) and averaged
results are presented in table III.

TABLE III: Confidence level of bluetooth tracking with and
without smart search

Location Reliability(%) without SS Reliability (%) with SS
Location1 33 56
Location3 27 53
Location6 23 43

Over all Accuracy 66.2 75.7

A total 66.2% confidence is noted for detecting the locations in
the presence of walking humans and furniture in different con-
figuration than off-line phase. Then smart search is included
which improves the matching confidence by 9%. Location 1,
3 and 6 contribute to the improvement mainly. The deviation
in RSS changes with the slight difference in environment, like
an opened door is observed to change the standard deviation
from 3.62 dB to 7.02 dB at location 1 in beacon 1.
Accuracy: The adopted approach, tested in 1m× 1m grid, is
able to distinguish between two points which are 1m apart.
The average accuracies in X, Y and total positions are the
same i.e: 1m.
Confidence Level: The reliability of the location classification
(on-line phase and matching) to the nearest location is 83.88%.
Effect of orientation change of receiver is evaluated too. A
location which is at equal distance from two fingerprints is
selected for the purpose. The result of position estimation is
the location towards which the user is facing.
Latency: Each location classification takes almost 10s with a
scan period of 1.1s.
2) Experiment Set-up 2: Following are the test results for
Bluetooth fingerprinting of the experimental set-up explained
in section III-B2.
Accuracy: The positions which are only 1.5m apart are dis-
tinguished from each other. Increasing the number of beacons
is expected to increase the accuracy of the system.
Confidence level: Although the environment is stricter, the
reliability has improved to 85.7% by filtering the noise with
Kalman filter. All the locations are detected reliably except for
location 1 due to the new installation of a big rolling assembly
(Fig. 7, right) after off-line phase.

FIGURE 7: Machine with Bluetooth beacon (left) and added
assembly (right)

The confidence level is unaffected with an orientation angle
of 180◦ between transmitter and receiver. The user with the
receiver moving in the opposite direction from location 7 to
location 1 gets the correct position estimation too.
Latency: The time of position estimation is reduced to only
1.5s as compared to 10s of previous experiment, due to a
decrease in the scan period of user from 1.1s to 200ms.
Deployment: Fingerprinting can not cope up with the changes
in environment. Mostly, industrial layouts are well planned and
seldom require an upgrade. However, the need to periodically
update the fingerprints can not be denied. BLE beacons are
cheap and come with a minimal burden on financial cost.

C. Summary
Trilateration of WiFi signal provides 2D positioning with an
accuracy of 6.45m and a confidence level of 75%. The latency
of 30s at every position calculation is too high to consider it for
a steadily walking user. The results are acceptable for trivial
industrial applications but not satisfactory for consequential
industrial services.
The fingerprinting of Bluetooth RSS provides an accuracy of
1m for a moderate environment and 1.5m in more dynamic
environment. While the latency is 10s and 1.5s respectively.
Unlike WiFi, Bluetooth protocol do not suffer with connection
time cost. So, latency is decreased by reducing the default
scan period of the receiver from 1.1s to 200ms. The proposed
method includes using the smart search which has improved
the confidence level by 9%. Signal processing through Kalman
filter, further improves the confidence level by 1.89 % in
dynamic and harsh industrial environment, where it is expected
to get worse. Table IV gives an overview of the results.

TABLE IV: Evaluation

Method Accuracy Confidence Latency Deployment

WiFi 6.46m 75% 30s minimal
Bluetooth 1 1m 83.88% 10s moderate
Bluetooth 2 1.5m 85.7% 1.5s moderate

Last row of table IV show the experiment conducted in
practical industrial environment. A user walking at normal
pace is able to localize himself within a resolution of 1.5m.
Or standing at a position for 1.5s is enough to know the exact
location.

V. CONCLUSION

WiFi tracking due to connection time cost [26] has been
observed to have an unavoidable latency of 30s; for Bluetooth
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it is only 1.5s. Fingerprinting allows to avoid the inaccuracies
associated to lateration i.e. RSS to distance estimation and
intersection probability. Processing the signal using Kalman
filter reduces the signal scattering effect. So, fingerprinting
the Kalman filtered Bluetooth RSS has shown exceptional
accuracy and confidence level with reduced latency.
This makes Bluetooth tracking suitable to be used in indus-
trial applications like resource allocation, fetching documents
belonging to a module and providing with probable hazards
pertaining to an area for the user safety. But only relying on
the system is not suited for the critical services like firefighting
and evacuation where a human life can be at stake.
Bluetooth tracking with a small trade off of cost brings better
accuracy and user is able to track the position at normal pace
within a resolution of 1.5m. However larger changes in the
environment, like the installation or removal of machine parts,
will influence the system confidence. So a periodic update in
fingerprints to maintain the confidence level is undeniable.
BLE 5.0 has an extended range and twice the signal speed
compared to BLE 4.0. In future research, deploying beacons
supporting BLE 5.0 is expected to improve the Bluetooth
tracking results exceedingly.
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