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Abstract—This paper discusses several features of 5G position-
ing in the context of applications for the Industrial Internet of
Things (IIoT) which demand high accuracy of position informa-
tion. The main opportunities to come with 5G networks, such
as huge available spectrum, small cell networks, Multiple Input
Multiple Output antennas and beamforming are summarized,
and the challenges in the context of robot 5G positioning are
pointed out. A case study for the localization of an indoor
robot in a multi-wall multi-floor scenario is presented, based
on various carrier frequencies and access node densities. We
find out that sub-meter positioning accuracy required for most
of the future industrial applications is theoretically achievable
via a combination of small cell networks, mmWave carriers and
antenna arrays, but practical issues such as node synchronization,
connectivity and ultra dense network deployment costs have to
be tackled.

I. INTRODUCTION

With the fast advances of 5G standardization, several
new opportunities are brought along, such as Augmented
Reality (AR), eHealth, telepresence and Industrial Internet
of Things (IIoT). Among those, in our opinion it is the IIoT
that can benefit the most from the positioning capabilities
of 5G networks, because position information can help to
optimize and to automatize the processes in various vertical
sectors, ranging from logistics and manufacturing to mining
and transportation. It is usually understood that there are
three main segments within the IIoT, namely the industrial
control, the factory automation, and the process automation.
Especially within the industrial control and factory automation
segments, the positioning information is highly beneficial at
both communication sides: for the (mobile) terminals (or robots)
to accomplish their tasks and for the network to allocate and
control the resources and to increase the processing efficiency.

IIoT applications are characterized by stringent requirements
in terms of the quality, latency and reliability of the commu-
nication link as well as of the accuracy and precision of the
positioning. These demands need to be met both indoors and
outdoors, and typically over large coverage areas. Moreover,
additional information about the surroundings, e.g. from sensor
networks or maps, might be required such that, for example,
the unmanned robots can navigate in a dynamic environment
and autonomously accomplish their critical tasks within a
manufacturing process. This paper outlines how different
features of the 5G networks can improve the 5G positioning
and it assesses their trade-off in the context of IIoT robot
localization.

The goal of this paper is three-fold: first to present a survey
of the opportunities and challenges in the IIoT localization
based on 5G positioning; secondly, to present an analytical
model for indoor path losses, shadowing, and Time of Arrivals
(ToA) under Line of Sight (LoS) and Non Line of Sight
(NLoS) conditions; and lastly, to show a case-study based on
an indoor multi-floor multi-wall simulator for 3D positioning
of a robot within cmWave and mmWave spectra. We will show
the impact on the positioning accuracy of the indoor robot if
we use mmWave signals, if we increase the AN (Access Node)
density, and if we make use of MIMO antenna gains through
beamforming.

II. 5G POSITIONING

In this section, we discuss the benefits of various 5G
network features in terms of achieving accurate and robust 5G
positioning of the robots.

A. mmWave and beyond

The first benefits in 5G networks is the availability of a
rich spectrum by utilizing the abundant mmWave band (i.e.,
spectrum larger than 30GHz) which is not used in previous
wireless communication system (i.e., 2G, 3G and 4G LTE).
At mmWave, we have higher path loss and higher sensitivity
to the atmosphere (absorption and penetration) [1] than at
cmWave. The mmWave spectrum is therefore widely recognized
to be used for short distance communications [2]. Certain
transformations of the structure of networks have to be made
to make use of mmWave at its full potential, and these will be
discussed in the next subsections.

In terms of positioning benefits of the mmWave, higher
accuracy and lower latency positioning of robots are made
possible, due to more available signal bandwidth compared
with cmWave spectrum. Specifically, a more accurate ToA
(Time of Arrival) estimation in 5G positioning is enabled
because of a finer delay domain resolution brought by the
larger bandwidth, which at its turns leads to a more precise
range estimation. Secondly, by leveraging the sparsity of the
mmWave channel, the robot can in theory be localized with
only one AN because multipath components can be converted
to virtual anchors that contributes to the position estimate [3],
[4].

However, a few challenges are incurred at the same time.
Firstly, the positioning methods in 5G mmWave systems are
quite opportunistic, especially with high mobility, i.e., the
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communication quality as well as the positioning accuracy
are closely tied to the environment, thus, the link reliability
is highly context based. Also, several factors such as a poor
geometry w.r.t. the ANs in view or temporary blockage of the
LoS can have severe negative impact on the radio link.

Research beyond 5G also focuses on sub-mmWave band
or TeraHertz (THz) bands, where the signal bandwidth will
become even larger, antenna array size become even smaller
(half-wavelength of 1THz is only 150µm which means,
e.g., that a 128 elements antenna array only possesses a
physical length of 19.2mm). Therefore, massive MIMO will
be enhanced to achieve further larger bandwidth and to reduce
the interference. Moreover, the backhaul link of a network
can take advantage of THz band in order to provide higher
backhaul data rate than fronthaul [5]. Some of the challenges
in THz bands (also sometimes referred to as ”THz gap”) are:
extremely high path losses and atmosphere sensitivity, as well
as large heat dispersion at antennas.

B. Small cell networks (SCNs)

The advantage brought in by the SCNs concept into the 5G
positioning comes mainly from the fact that the SCNs can
compensate the mmWave propagation loss. The severe path
loss problem of mmWave can be addressed if the maximum
distance between AN and robots (or terminals) within a single
cell become shorter. Network densification is the key solution
as it is much more easier for one AN to track a few (e.g.,
less than 10) robots than tens or hundreds of robots as in a
conventional network (2G-4G). As such, the direct benefit to
positioning brought by network densification is the potential
to higher accuracy. The frequency reuse factor is also raised
by using SCNs, yielding a high spectral efficiency. In addition,
SCN can provide better cell-edge communication quality than
conventional AN deployment, because the interference coming
from adjacent cells is minimized due to high attenuation of
mmWave signal.

In terms of positioning, SCNs enhance communication
reliability and quality to any robot in indoor and urban
areas, because when the mmWave signal from one AN is
blocked, the robot can simply switch to a nearby ANs which
has a better link quality. Thus, also the LoS probability
increases in SCNs, which is considered as crucial in order
to achieve sub-meter positioning accuracy. Moreover, SCNs
can lead to a better positioning accuracy from the upper bound
perspective: the radius of cell coverage defines a upper bound
of absolute positioning error, therefore, small cells possess
generally smaller radius that yields a smaller upper bound. In
our simulator (Section IV), we model LoS probability according
to the walls and the floors present in the propagation path and
we investigate the average number of LoS connections per
robot in a realistic multi-floor multi-wall scenario.

The main challenge coming with SCNs is the cost of
backhaul communications and the backhaul routing algorithm
among the ANs, further discussion of SCNs can be found
in [6].

C. Massive MIMO

A third feature in 5G networks is the concept of massive
MIMO, which lays the foundation of a high directional
communication system by employing large antenna array
techniques at both sides of the transmission chain. Massive
MIMO provides a high energy efficiency thanks to a high
directivity of the antenna arrays,a high spectrum efficiency due
to large multiplexing gain, and a high reliability or robustness
due to large diversity gain [7], [8]. The large multiplexing gain
between the AN, on one hand, and the robot on the other hand,
would enable the ultra high mobile broadband connection that
4G LTE cannot currently provide. Regarding to its benefits to
positioning, massive MIMO offers a high directional beam
which translates into a high SINR (Signal to interference
noise ratio), which at its turn reduces the uncertainty of the
ToA estimation. The highly directional link improves further
the positioning and communications, by reducing the average
number of multipath components received by the robot [8].

A challenge in massive MIMO is the signal processing
algorithm complexity, due to the large number of antennas at
both sides. Additionally, the acquisition of the channel state
information (CSI) at AN on the downlink is rather difficult,
as each robot has to estimate an amount of channel responses
that is proportional to the number of AN antennas. This
can be avoided if location-based beamforming (or geometric
beamforming) is used [9].

D. Beamforming

Associated with massive MIMO, the beamforming (BF)
technique, which is an array signal processing technique, makes
the communications more efficient based on the awareness in
the angular domain. Without antenna array and BF, the access
nodes and the robots would acquire the signals in an omnidi-
rectional (’blind’) manner. This would make the multipaths to
be a troublesome. As a result, the ToA measurements would
be corrupted by multiple delays and the direction of arrival
(DoA) estimation would not be possible. On the other hand,
with BF, the high directional beam radiated by antenna array
can be steered towards certain directions, forming dedicated
transmission and reception at both sides. Not only can the
high path loss and the interference coming from inter-cell and
intra-cell be minimized, but also the ToAs from different paths
become distinguishable. Thus, the DoA can be also estimated.
As a consequence, with the ToA and DoA estimates, positioning
can be carried out with a lower number of ANs compared to
what is required by the RSS-based or ToA-based positioning
system.

If also the robot is equipped with a BF capable multi-antenna
system, the DoA and the Direction of Departure (DoD) can be
estimated, facilitating the estimation of the robot’s orientation
with respect to the AN. By taking advantage of the sparsity of
mmWave propagation channel, compressive sensing theory [4]
can be used to efficiently estimate DoD and/or DoA which
in turn contribute considerably to the positioning accuracy.
Articles regarding BF based positioning application can be
found in [9]–[12].
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III. POSITIONING-RELATED REQUIREMENTS AND
CHALLENGES IN INDUSTRIAL APPLICATIONS

Table I summarizes the needed positioning-related features
in various IIoT applications, according to the authors’ view.
Sub-m positioning accuracy is expected for the robot to be able
to operate safely and reliably. A higher latency in positioning
estimation is expected to be tolerated at smaller robot speeds.

The challenges related to positioning in industrial environ-
ments include:

• Device heterogeneity: many sensors and robot types
available, some supporting only Received Signal Strength
(RSS) measurements and some other supporting also ToA
or DoA measurements.

• NLoS and multipath propagation: such situations introduce
positioning errors in ToA and DoA estimates; solutions
are, for example, to combine ToA/DoA information with
other available information (e.g., visual reality, building
maps, etc.).

• Synchronization issues: ToA-based positioning estimators
typically rely on the assumption that the ANs are synchro-
nized. Such synchronization is not always easy to achieve,
especially with heterogeneous devices.

• Bandwidth and carrier frequency: the higher the available
bandwidth, the more accurate positioning solutions can
be found. For carrier frequencies above 30GHz, currently
more than 500MHz contiguous bandwidths are available,
while for carriers around 1–5GHz, the available band-
widths are typically below 100MHz. This points towards
the advantage of employing mmWave signals for accurate
positioning. On the other hand, the path losses are much
higher at mmWave than at cmWave, which means that
accurate positioning solutions are likely to be achieved
only with a high AN density.

TABLE I
POSITIONING AND NAVIGATION TARGET REQUIREMENTS IN INDUSTRIAL

APPLICATIONS

Application
Indoor

accuracy
(cm)

Outdoor
accuracy

(cm)

Obstacle
detection

Availability
(%)

Latency
(ms)

Indoor
robot
control

< 10 – Yes 100 < 50

Outdoor
robot
control

– < 30 Yes 100 < 10

Indoor
item
tracking

< 50 – Yes 99 < 200

Outdoor
item
tracking

– < 100 Yes 99 < 100

Remote
control
with AR

< 10 < 10 Yes 100 < 1

IV. ANALYTICAL MODELLING FOR INDOOR POSITIONING

In this section, we introduce our indoor multi-floor multi-
wall simulator that is based on a real building map with three
floors. Two types of measurements are generated based on
reasonable parameters and the geometry of the map, followed
by a brief summary of the positioning method.

A. RSS-based positioning

The first positioning method is a RSS-based non-linear least
square (NLS) estimator. The RSS Pa,i from the a-th AN to
the i-th robot is modelled according to a frequency-dependent
multi-wall multi-floor model as follows,

Pa,i =



PTa − 20 log10(fc[Hz])

− 20 log10(da,i)

− 20 log10
(
4π
c

)
+ ηLOS if LOS

PTa
− 20 log10(fc[Hz])

− 20 log10(da,i)

−Niwa,i
Liw −Nfa,i

Lf

− 20 log10
(
4π
c

)
+ ηNLOS if NLOS

(1)

where PTa
is the “apparent” transmit power of the a-th AN, (i.e.,

’apparent’ means here that we take into account all the cable
losses and antenna gains at both ends), fc[Hz] is the considered
carrier frequency, Liw = 10 dB and Lf = 20 dB are the losses
due to wall and floor attenuation (assumed constant within the
building), da,i, Niwa,i

and Nfa,i
are the distance, the number

of walls and the number of floors between the a-th AN and
the i-th robot, respectively. The speed of light is denoted by c,
and ηLOS and ηNLOS express the shadowing for LoS and NLoS
cases. The shadowing was modelled as a Gaussian-distributed
variable with zero mean and standard deviation 2 dB for LoS
cases and 6 dB for NLoS cases. The LoS cases were identified
based on the building map, shown in Fig. 1: if there was no
floor and no wall between the AN and robot, then we were in a
LoS situation; if there was at least one floor or one wall on the
AN–robot path, then we were in a NLoS situation. A receiver
sensitivity of −110 dBm was assumed, meaning that signals
received below this value are not heard, therefore, measurement
from that specific AN will be discarded. We remark that our
proposed model in eq. (1) is also similar to the indoor 3GPP
channel models proposed for mmWave propagation [13].

B. ToA-based positioning

Here we assume perfectly synchronized ANs and robots and
that the channel between ANs and robots is LoS-dominant
(i.e., any multipath can be distinguished). Then, the ToA
measurements from any arbitrary AN to any given robot
(indices a, i have been dropped here for clarity) is modelled as

τobs = τtrue + b+ v, (2)

where τtrue = ‖pr−pAN‖/c, pr and pAN are the position vector
of the robot and AN and v is a normally distributed random
variable, v ∼ N

(
0, σ2

ToA

)
. The term b reflects the NLoS bias

(see fig. 2), which is related with the thickness of the obstacle,
γ, as well as the relative permittivity, εr, [15]:
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Fig. 1. The building map used in the simulator. Red circles show examples
of AN location and blue crosses show examples of robot locations

Fig. 2. LoS path blocked by an obstacle

b = (
√
εr − 1) γ/c (3)

If the signal passes through Niw walls and Nf floors to reach
the robot, the whole bias is expressed as

b =

Niw∑
k=1

(√
ε
(w)
r,k − 1

)
γk/c+

Nf∑
j=1

(√
ε
(f)
r,j − 1

)
ξj/c, (4)

where ε(w)
r,k is the relative permittivity of the walls, γ refers to

the thickness of the walls, ε(f)r,j is the relative permittivity of
the floors, and ξ refers to the thickness of the floors. The table
of relative permittivity of typical construction materials can be
found, for example, in [15], [16]. In our case study, the walls
are assumed to be made of dry walls and the floors ceilings
of solid concrete. It’s worth pointing out that different choices
of the materials lead to larger or smaller bias b, which affects
the final positioning accuracy.

The last term in eq. (2) refers to the uncertainty of the ToA
measurement which is caused by the noise v. To model the
variance of the ToA, σ2

ToA, we start with a typical multi-tap
channel impulse response of a wireless channel, given as

h (t) =

L−1∑
i=0

αiδ (t− τi) . (5)

Let the transmit passband signal be s(t) = Re
{
sb(t)e

j2πfct
}

,
where sb(t) refers to the baseband signal, the received passband
signal y(t) can be expressed as

y(t) = Re

{
L−1∑
i=0

αisb(t− τi)ej2πfc(t−τi)
}
. (6)

The baseband receive signal yb(t) is therefore [17]:

yb(t) = Re

{
L−1∑
i=0

αisb(t− τi)e−j2πfcτi
}
. (7)

All L taps are resolvable if we have a wide enough bandwidth
available; and with known pilot signal and appropriate match
filter, the attenuation factors αi, i = 1, . . . , L are omitted;
therefore, ToA of each path is enveloped in the phase of the
channel phasor e−j2πfcτi that is corrupted by AWGN only.
The phase noise added on the channel phasor is modelled as a
zero mean Gaussian random variable with variance [18]

σ2
θ =

[
1

2SNR

(
1 +

1

2SNR

)]
/ (2π)

2
. (8)

Hence, the noise statistics of the ToA, σ2
ToA, is obtained by

dividing eq. (8) by f2c , yielding

σ2
ToA =

[
1

2SNR

(
1 +

1

2SNR

)]
/ (2πfc)

2 ≈ 1

8π2f2c SNR
.

(9)
It’s worth pointing out that the approximation in eq. (9) is
equal to the CRB (Cramér-Rao Bound) of the variance of ToA
estimate [19] if the product BTs is close to 1. The signal
bandwidth is denoted by B and Ts is the signal duration.

The SNR (in log-scale) in eq. (9) was computed as

SNR = Pa,i −N0, (10)

with Pa,i given in eq. (1). The thermal noise power spectral
density N0 is given by N0 = −174 + 10 log10(B) +NF , and
NF the receiver noise figure. We assumed that the available
bandwidth B was equal at all carrier frequencies for a fair
comparison, i.e., B = 100 MHz.

C. Positioning method

The positioning method applied here is based on NLS
method [14]

p̂ = argmin
p
‖m− h (p) ‖22, (11)

where m represents the measurements (RSS from eq. (1) or
ToA from (2)) received by robots from a set of heard ANs and
p = [x, y, z] is the robot position. The function h(·) refers to the
deterministic part (including the corresponding bias) in eq. (1)
for RSS measurements and eq. (2) for ToA measurements.
Initial values for the NLS algorithm are computed with the
centroid localization method [10], i.e. the initial position
estimate of each robot is the centroid of all the heard ANs.
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V. SIMULATION RESULTS

Fig. 3 shows the average number of LoS connections in
function of the total number of ANs in the building, distributed
uniformly on each floor of the considered three-floor building.
We used 1000 uniformly distributed random robot placements
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Fig. 3. Average number of LoS connections with different number of ANs

to compute this statistic. A LoS situation was counted when
there were no walls and no floors between an AN and a robot.
Clearly, if only 5 ANs are available in the whole building (three
floors, with a floor surface equal to 183×163 = 29.8 ·103 m2),
there are rather few LoS connections. However, if we have 50
or more ANs distributed uniformly in the building, we notice
an average of around 2 LoS connections or more for each
robot, which is the typical assumption of SCNs.

Fig. 4 shows the RMSE of the RSS-based and the ToA-based
positioning methods at different carrier frequencies in cmWave
and mmWave spectra and for three AN densities; namely i)
when 5 ANs are available in the whole building (i.e., density
about 55 ANs per km2), ii) when 100 ANs are available in the
whole building (i.e., density about 1113 ANs per km2), and iii)
when 500 ANs are available in the whole building (i.e., density
about 5567 ANs per km2). RSS-based estimates are rather
independent of the carrier frequency and they do not achieve
sub-meter accuracy, even with a very high density of ANs. On
the other hand, the ToA-based estimators are becoming more
accurate, both with an increased carrier frequency (explained
by a lower variance in ToA estimates due to a higher root
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Fig. 5. RSS-based and ToA-based positioning accuracy under different AN
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mean square bandwidth at high carrier frequencies) and with
an increased AN density. Nevertheless, in order to achieve a
sub-meter accuracy needed for industrial applications, a very
high AN density is required. In our case study about 500 ANs
are required to yield sub-meter accuracy.

Fig. 5 shows the RMS of the positioning error versus the
carrier frequency at two different apparent transmit powers, with
RSS-based estimator and ToA-based estimator, respectively.
In our study, there were 40 dB difference of apparent Tx
power indicating an antenna array gain (i.e., MIMO gain). The
obtained result reveals that even under a 40 dB MIMO gain,
the accuracy of RSS-based estimates remains unchanged on
average; whereas, the ToA-based estimator’s accuracy improves,
especially in dense network scenarios (i.e., higher than 100
ANs over 3 floors). A positioning accuracy of 2.3 mm, at
120 GHz, proves the benefits of 5G positioning, brought by
the rich spectrum, MIMO, and SCNs. As seen in the bottom
plot of Fig. 5, with the exception of the case with a very
low number of ANs (i.e., 5), the ToA performance is highly
improved with an increased antenna gain. We also remark that
a similar positioning accuracy is achieved by either applying a
high apparent Tx power (e.g., 54 dBm, i.e., high MIMO gain)
and a moderate number of ANs (e.g., 100), or by applying
a low apparent Tx power (e.g., 14 dBm) but increasing the
number of ANs (e.g., 500). The tradeoff between the Tx power
and AN density is an interesting future research direction, in
order to estimate the overall costs of the network.

Finally, Fig. 6 presents the positioning performance of both
RSS-based and ToA-based estimators as a function of the
number of ANs deployed in the building. An apparent Tx
power of 54 dBm was used (i.e., MIMO gain of 40 dB was
included). Fig. 6 shows that, with increasing number of ANs,
the error of the RSS-based estimator decreases only slightly,
while the error of ToA-based estimator decreases significantly.
An error threshold of 50 cm is plotted, in accordance with
Table I. We see that in our case study we would need about
200 ANs to achieve 50 cm accuracy at mmWave and 100 ANs
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TABLE II
OPPORTUNITIES AND CHALLENGES OF 5G FOR WIRELESS POSITIONING IN

INDUSTRIAL APPLICATIONS

5G feature Opportunity Challenge

mmWave Accurate ToA estima-
tion node synchroniza-
tion

Link reliability

SCN High LoS probability Deployment cost

Massive MIMO High SINR, i.e., less
ToA uncertainty

Algorithm complexity

Beamforming Accurate DoA/DoD
estimation

Beam alignment cost

to achieve a similar accuracy at cmWave (assuming similar
antenna gains, bandwidth and transmit powers). This is due to
a higher path loss at higher carrier frequencies. Nevertheless,
when SCNs and massive MIMO are exploited, positioning in
mmWave spectrum promises higher accuracy than in cmWaves
spectrum.

VI. CONCLUSION

In this paper we analyzed the opportunities and challenges
for IIoT applications from different specific perspectives of 5G
positioning and we presented a case study for 5G positioning
of robots placed indoor in a multi-wall multi-floor building. A
summary of this analysis is given in table II.

Our case study for indoor robot positioning showed that
with SCNs (i.e., high AN density) and MIMO gain, a ToA-
based estimator is able to achieve the sub-meter positioning
accuracy needed for IIoT; additionally, an accuracy tradeoff
between the apparent Tx power and the AN density was pointed
out. Several technical challenges remain to be tackled, such
as the AN–robot synchronization, attitude determination of
robots, connectivity limitation, deployment costs of high density
ANs. Future research will focus on ToA/DoA modelling and
hybridization approaches for more accurate positioning with a
moderate AN density.
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