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Abstract
Utilizing cellular signals for User Equipment (UE) positioning becomes appealing where accurate po-
sitioning through global navigation satellite systems (GNSS), such as indoors, is impractical. The 5G
New Radio (NR) standard, developed by 3GPP, has introduced advanced functionalities to facilitate the
precise positioning of user terminals. In this work, we present a proof of concept for a 5G NR positioning
system architecture based on OpenAirInterface (OAI) as well as a position estimation algorithm based
on Particle Swarm Optimization (PSO) using UpLink Time Difference of Arrival (UL TDoA) of Sounding
Reference Signal (SRS). TDoA is a widely used parameter for horizontal positioning that does not require
synchronization between base stations and mobile stations. The simulation in this work is carried out
on OAI RFsimulator. OAI is open-source software that includes UE and gNB implementations of 3GPP
Release 16. The results from OAI RFsimulator validate the PSO position estimation accuracy of 1m
with the minimum required number of Line of Sight (LOS) gNBs where there is no GNSS link or prior
information available.
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1. Introduction

Mobile device location information provides significant information that may be exploited to
create new applications and services, such as Industry 4.0 and the Internet of Things (IoT)[1].
This data might potentially be utilized to help wireless providers improve network performance.
However, precise location estimation using GNSS is not achievable in indoor conditions where
there is no Line of Sight (LOS) to a satellite. New capabilities in a 5G NR Stand Alone (SA) signal
in conjunction with the 5G NR positioning architecture, can be used to create an accurate indoor
positioning system [2]. The 5G NR positioning architecture from 3GPP release 16 is composed of
three major layers: 5G Next Generation Radio Access Network (5G NR-RAN), 5G Core Network
(5G-CN), and User Equipment (UE) [3]. The architecture is depicted schematically in Figure 1.
All the communications between 5G-RAN and 5G-CN have to go through Access and Mobility
Function (AMF) first. The location Management Function (LMF) in the 5G-CN estimates the UE
position, based on measurements acquired from gNBs. This information is transferred from
gNB to LMF by the New Radio Positioning Protocol Annex (NRPPA), an extension of the LTE
Positioning Protocol (LPP). gNB can measure several parameters of the received signal from
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Figure 1: 5G NR Positioning General Architecture

a UE to estimate its position. Received Signal Strength (RSS) measurements as in [4], [5] are
sensitive to rapid and gradual signal fluctuations, resulting in less precise localization estimates.
Time of Arrival (ToA) based positioning in [6] and [7] offers accurate horizontal coordinates (x,
y), but demands precise clock synchronization between the gNBs and the UE. In contrast, Time
Difference of Arrival (TDoA) systems overcome the need for clock synchronization at the point
of interest or UE by considering the differing arrival times of UE UpLink (UL) signals on multiple
gNBs [2]. However, it’s important to note that clock synchronization is still necessary among
all gNBs in TDoA-based positioning schemes. The selected measurements are transferred from
gNB to LMF to estimate the UE’s position.
The main contribution of this work is proposing a 5G NR positioning architecture prototype and
algorithm developed on OAI. In this work, TDoAs of UL Sounding Reference Signal(SRS) from
a nr UE to multiple gNBs are measured on OAI RFsimulator and transferred to an emulated
LMF on Matlab using MQTT protocol acting as NRPPA. In LMF, a new algorithm based on
Particle Swarm Optimization (PSO) is utilized to solve the set of non-linear and non-convex
positioning equations using TDoA measurements. This algorithm is a heuristic global minimum
search method that requires only the minimum number of LOS gNBs with fast convergence
and real-time UE position estimation. We evaluate the performance of the algorithm using the
RFsimulator on OAI with a hybrid geometry-based stochastic channel model. The results show
that PSO performs user positioning with 1m accuracy in 80% to 90% of the cases in FR1 and a
sub-meter (Root Mean Squared Error) RMSE with the minimum number of LOS gNBs. Also, a
link to the demonstration of this prototype is available at the end of the results section.

2. Related work

There are several options to solve the non-linear and non-convex positioning equations on LMF.
Maximum Likelihood Estimation (MLE) can handle non-linearity if the model and measurements
follow a known distribution which is not a practical assumption. However, it may struggle with
highly non-linear systems, and for complex models with numerous local minimums, it may
require optimization techniques to overcome the non-convexity as in Semi Definite Program-
ming (SDP)[8] and Second-Order Cone Programming (SOCP)[9] by relaxing the non-convex
equality constraints. Generally, in all SDP solutions, when the size of the problem increases, the
dimension of the matrix cone increases simultaneously and the number of unknown variables



increases non-linearly which makes it computationally complex. Extended Kalman Filter (EKF)
in [10] linearizes the model and measurements using Taylor series expansions, making it suitable
for systems with moderate non-linearity. However, it may encounter difficulties in accurately
representing highly non-linear systems. Also, it requires an initial estimation as well as a
motion model to predict the user’s mobility. Particle Filter (PF) [11] is well-suited for non-linear
and non-Gaussian systems as it does not rely on linearization. It can handle highly non-linear
models and measurements. However, PF is generally more computationally intensive compared
to MLE and EKF due to its sampling and re-sampling steps. To have a robust estimation based
on previous methods, one needs several redundant anchor points with known positions and
Line Of Sight (LOS) to ensure a fine initial estimation to start the above algorithms. Also, MLE,
EKF, and PF are not specifically designed for local minimum search as they are primarily used
for estimation and filtering tasks. Moreover, some related work on developing 3GPP standard
positioning systems is carried out. Such as measurements in [12] that rely on OpenAirInterface
(OAI) gNB and UE implementations. However, a simplified position estimation method is carried
out based on the multilateration of TDoA hyperbolas with low accuracy. In [13] by clustering
the indoor area, first a TDoA algorithm is used to determine a coarse target location to identify
the UE’s cluster. Then, a fingerprinting approach is investigated using RSS measurements on
OAI eNB for LTE networks. In [14] LMF is designed in alignment with the latest 3GPP standard
requirements that are integrated within OpenAirInterface (OAI). They investigate the latency of
the location network function services. However, this development has not yet merged with the
OAI RAN network and does not show the performance with different positioning algorithms.

3. OAI RFsimulator-Based 5G NR Positioning Prototype

3.1. Network Environment: OAI RFsimulator

OpenAirInterface5G (OAI5G) is an open-source software platform that provides a complete
implementation of the 5G Radio Access Network (RAN) protocol stack. It is designed to be
flexible, modular, and adaptable to a wide range of use cases and deployment scenarios. The
platform includes software components that implement the physical layer (PHY), medium access
control (MAC), radio resource management (RRM), and higher-layer protocol stack functions.
RFsimulator is a software module within the OAI5G platform that simulates the behavior of the
5G radio frequency (RF) front end. It is a key component of the OAI5G system, as it enables
researchers and developers to simulate the behavior of various RF parameters, such as carrier
frequency, bandwidth, noise figure, and amplifier gain without the need for physical hardware.
In this work, nrUE and multiple gNBs can be simulated in the RFsimulator to transmit and
receive UL-SRS over different available channel models. For each UL transmission, one slot
containing SRS symbols is received on multiple gNBs simultaneously which models the tight
synchronization assumption among them. This can be verified by logging the equal peaks of
channel impulse response on each gNB.



Figure 2: Proposed network and protocol diagram

3.2. UE Mobility: OAI Telnet Server

Telnet server refers to a server that enables interaction with the OAI software components to
configure parameters, monitor network performance, and perform various administrative tasks.
Since it is possible to modify the channel time offsets corresponding to each UE-gNB pair by
telnet server, arbitrary UE positions in the network can be modeled. A simple script containing
random UE positions and selected gNB coordinates enables the telnet server to change each
gNB-UE channel time offset accordingly in RFsimulator. On each gNB, this can be observed as
different impulse response peaks in the time domain which account for the signal’s ToAs. Each
ToA is sent from OAI gNBs to the Matlab environment acting as the LMF using MQTT protocol
acting as NRPPA.

3.3. Emulating NRPPa

NRPPA transfers gNB channel estimations to the LMF as well as useful information such as
gNB’s TRP (Transmission and Reception Point) coordinates that are assumed to be known for
solving the positioning equations in LMF. The estimated position information then can be also
transmitted to the UE. Since the standard NRPPA is currently under development at EURECOM,
here for the proof of concept, we use MQTT (Message Queuing Telemetry Transport) which is
a lightweight messaging protocol designed for IoT (Internet of Things) and M2M (machine-to-
machine) communication. It is designed to be simple, efficient, and reliable, and can be used
over a range of network transports including TCP/IP, Bluetooth, and other wireless networks.
MQTT is based on a publish/subscribe messaging model, where clients (or devices) can publish
messages to topics, and other clients can subscribe to those topics to receive the messages. This
protocol consists of two main components: the broker and the clients. The broker is a server
that acts as an intermediary between the publishers and the subscribers. It receives all messages
from the publishers and routes them to the subscribers based on their subscriptions. Here the
UE acts as the server while multiple gNBs are subscribed to the ”Channel Estimation” topic
over a broker server that forwards the channel estimations containing ToAs from OAI gNBs to
LMF in Matlab.



3.4. Emulating LMF

Location Management Function refers to the collection of network functions in 3GPP standards
that are responsible for tracking and controlling the position of mobile devices inside a cellular
network. Since LMF is not integrated into OAI so far, in our work we imitate its functionality
and estimate the UE’s position in the Matlab environment. In the UL-TDoA positioning method,
the UE position is estimated based on differing multiple UL-ToA measurements from a UE
on different TRPs along with other configuration information. To obtain UL measurements,
the TRPs need to know the characteristics of the SRS signal transmitted by the UE for the
period required to perform the UL measurement. These characteristics should be static over the
periodic transmission of SRS during the UL measurements. Hence, the LMF requests the serving
gNB to direct the UE to transmit SRS signals for UL positioning. It is up to the serving gNB to
make the final decision on resources to be assigned and to communicate this SRS configuration
information back to the LMF so that LMF can forward the SRS configuration to the TRPs.
The current OAI code does not support all the functionalities of LMF and localization-related
protocols. Therefore, we adopted several simplifications and developed our prototype shown in
Figure 2 to replicate the real functionalities described above.

4. Signal and System Model

4.1. UL NR SRS

SRS is a UL reference signal that is periodically broadcast by a cellular network’s user equipment
(UE). It allows the gNB to estimate the radio channel characteristics from a UE such as RSSI,
multipath delays (ToA/TDoA), or angle information as Angle of Arrival (AoA) when multiple
antennas are available. SRS has been improved in 3GPP Release 16 in comparison to prior
versions. Support for more bandwidths, enhanced powermanagementmethods, and the addition
of new triggering mechanisms that allow the network to request an SRS transmission from
a UE under particular conditions[15]. These modifications are intended to improve cellular
network overall efficiency and performance, particularly in high-mobility settings. In the time
domain, SRS can be set to use 1/2/4 symbols among the final six symbols in the slot. Up to 272
resource blocks (RBs) in the frequency domain can be used for SRS broadcasts. UE can employ
a transmission comb with sizes 2 and 4 between subcarriers.

4.2. TDoA Estimation with Oversampling

Given an SRS received signal on each gNB where 𝑌𝑠𝑟𝑠[𝑛] is a received complex symbol value,
𝑋𝑠𝑟𝑠[𝑛] is a transmitted complex SRS symbol, and 𝐻𝑠𝑟𝑠[𝑛] is a complex channel gain experienced
by a symbol, all for 𝑛 ∈ {1, ..., 𝑁𝑓 𝑓 𝑡} and 𝑁𝑓 𝑓 𝑡 is the symbols length or FFT size. The received
signal in the frequency domain is given by

𝑌𝑠𝑟𝑠[𝑛] = 𝐻𝑠𝑟𝑠[𝑛] ⋅ 𝑋𝑠𝑟𝑠[𝑛] + 𝑊 [𝑛], (1)



where 𝑊[𝑛] is an Additive White Gaussian Noise (AWGN). Then, the least squared estimation
of the channel response on SRS symbols takes the form

�̂�𝑠𝑟𝑠[𝑛] =
𝑌𝑠𝑟𝑠[𝑛]
𝑋𝑠𝑟𝑠[𝑛]

. (2)

To minimize the effects of noise on the channel estimates, the least square estimates are averaged
using an averaging window. In order to get a fine time of arrival estimation of SRS symbols in
the time domain, an Inverse Discrete Fourier Transform (IDFT) with order L oversampling is
carried;

ĥ = 𝐿 × IDFT ([ ̂H(1 ∶
𝑁fft

2
), zeros(1, 𝐿 × 𝑁fft − 𝑁fft), Ĥ(

𝑁fft

2
+ 1 ∶ end])) (3)

The Inverse Discrete Fourier Transform (IDFT) is defined as:

𝑥[𝑛] = 1
𝑁𝑓 𝑓 𝑡

𝑁𝑓 𝑓 𝑡−1

∑
𝑘=0

𝑋[𝑘] ⋅ 𝑒
𝑗2𝜋 𝑘𝑛

𝑁𝑓 𝑓 𝑡 , (4)

where 𝑥[𝑛] represents the time-domain sequence, 𝑁 is the total number of samples, 𝑋[𝑘] denotes
the frequency-domain sequence, and 𝑒𝑗2𝜋

𝑛
𝑁 is the complex exponential term. Each term in the

summation represents a complex exponential at a different frequency index, which when
combined, reconstructs the time-domain sequence. The strongest peak taken from the impulse
response on each gNB is assumed to be the ToA estimate after multiplying to the sampling rate
𝑆𝑟 = 𝑁𝑓 𝑓 𝑡 × 𝑆𝐶𝑆, where SCS is the Sub-Carrier Spacing. However, as long as there is no common
reference time between the UE and gNBs, we convert the 𝑁 ToAs to 𝑁 − 1 TDoA with the 1st
gNB assumed to be the reference.

4.3. System Model

Taking x = (𝑥, 𝑦) as the UE coordinate, the system of position equations can be written in a
vector as follows:

f(𝑥, 𝑦) + e = r (5)

where f contains (𝑁 − 1) equations for 𝑁 gNBs (with 𝑁 − 1 time difference observations):

𝑓𝑇𝐷𝑜𝐴,𝑛(𝑥, 𝑦) = 𝑟𝑛 − 𝑟1 = 𝑟𝑛1

= √(𝑥 − 𝑥𝑛)2 + (𝑦 − 𝑦𝑛)2 − √(𝑥 − 𝑥1)2 + (𝑦 − 𝑦1)2
(6)

In the above equations, a𝑛 = (𝑥𝑛, 𝑦𝑛) is the 𝑛𝑡ℎ gNB coordinate and 𝑟𝑛 is the distance between the
𝑛𝑡ℎ gNB and UE. Here 𝑟1 is the reference gNB’s measured range that the UE is synchronized to
and has the strongest received signal which is assumed to be the nearest gNB with a LOS. The
objective is to find an optimized estimation for UE’s position ̂X that satisfies the cost function
below with range difference measurements 𝑟𝑛1 = {𝑟21, 𝑟31, ..., 𝑟𝑁 ,1} between 𝑁 − 1 gNBs and the
reference gNB 1 relative to the UE’s position.

X̂ = min
X∈𝑅2×1

𝑁−1
∑
𝑛

(𝑟𝑛1 − (∣∣ a𝑛 − x ∣∣ − ∣∣ a1 − x ∣∣)2 (7)



5. PSO Position Estimation in LMF

Particle Swarm Optimization solves the positioning non-linear equations from the previous
section, by employing a population of points (swarm) in a D-dimensional search space[16].
Unlike other approaches that seek to linearize equation (6), which adds extra noise to the position
estimate, the swarm of points will directly fit into the non-linear cost function (7). At each
iteration, 𝑘, the algorithm updates the velocity v𝑖𝑘 = [𝑣 𝑖𝑘(𝑥), 𝑣

𝑖
𝑘(𝑦)] and position x𝑖𝑘 = [𝑥 𝑖𝑘(𝑥), 𝑥

𝑖
𝑘(𝑦)]

of each particle in every dimension and records the particles’ individual best (p𝑖) and the swarm’s
global best (p𝑔) positions. The swarm after several iterations converge to the global minimum
cost function error. The particle’s position and velocity update at each iteration following the
simple equations below;

v𝑖𝑘+1 = 𝑤v𝑖𝑘 + 𝑐1𝑟1(p𝑖𝑘 − x𝑖𝑘) + 𝑐2𝑟2(p
𝑔
𝑘 − x𝑔𝑘), (8)

x𝑖𝑘+1 = x𝑖𝑘 + v𝑖𝑘. (9)

Finally, after k iterations when the termination condition 𝑘 = 𝐾𝑚𝑎𝑥 is passed, the best global
position will be returned as the UE estimated position. The constants 𝑐1 = 0.5 and 𝑐2 = 0.9
are adjusted as the searching rate between the individual best (p𝑖) and the global best (p𝑔)
respectively. 𝑐2 needs to be greater than 𝑐1 for the swarm to converge. The inertia weight on
the previous velocity is a constant set to 𝑤 = 0.5. 𝑟1, 𝑟2 are random numbers between 0 and 1.

Algorithm 1 Particle Swarm Optimization (PSO) Algorithm
1: Initialize particles with random positions and velocities
2: Initialize the global best position 𝑝𝑔 and fitness 𝑓𝑔 in (7)
3: while termination condition is not met do
4: for all particles do
5: Update particle’s velocity using Equation (8)
6: Update particle’s position using Equation (9)
7: Update particle’s fitness
8: if particle’s fitness is better than 𝑓𝑔 then
9: Update 𝑝𝑔 to particle’s position

10: Update 𝑓𝑔 to particle’s fitness
11: end if
12: end for
13: end while
14: Output: The global best position 𝑝𝑔 and fitness 𝑓𝑔

6. Simulations and Results

To test the accuracy of the proposed positioning algorithm on LMF, UL SRS from 200 random
UE positions are transmitted and their ToA on multiple gNBs are estimated on RFsimulator.
The measurements are transferred to LMF and converted to TDoA to be used in PSO. Two



Table 1
Simulation configuration details

Parameter Value
Channel Model Ricean
Scenario Indoor Factory Hall LOS
Simulation Size 120𝑚 × 60𝑚 × 10𝑚
Carrier frequency 3.3 GHz
Sub Carrier Spacing 30 KHz
Number of PRBs 1 106
Number of PRBs 2 272
Sampling rate 1 61.44 × 106 Sample/sec
Sampling rate 2 122.88 × 106 Sample/sec
number of gNBs 3, 4, 6, 8
number of random UE positions 200

different SRS configuration is used with 106 and 272 Physical Resource Blocks (PRBs) that gives
61.44 × 106 samples/sec and 122.88 × 106 samples/sec respectively. The details of signal and
simulation configurations are presented in table 1.
Figure 3 compares the PSO positioning accuracy to the Non-Linear Least Squares (NLS) solved
by the Gauss-Newton’s method[17] that is initialized by a Linear Least Squares (LLS) coarse
estimation. Both results are based on UL TDoAmeasurements from theminimumnumber of LOS
gNBs (𝑁 = 4) to have a unique solution. This shows in the case of only a few LOS links available,
PSO as a stochastic optimization solution, overcomes the non-linearity and non-convexity of
position equations better than the others. while conventional methods either non-linear like
WLS, NLS, EKF, or linear like LLS require initialization from GPS or a redundant number of
anchors, PSO outperforms them in estimation error by utilizing a population of points in the
search space to converge to the global minimum. Simulation results give 𝑅𝑀𝑆𝐸𝑁𝐿𝑆 = 1.7047
and 𝑅𝑀𝑆𝐸𝑃𝑆𝑂 = 0.7463 that shows a significant improvement.
Although with 3 gNBs and 2 TDoA measurements, the 2D position estimation is theoretically
possible in many cases, according to the geometry of the problem since three hyperbolae may
intersect in two points, it can be shown that a unique solution for the position equations requires
at least 4 gNBs in TDoA method [18]. The results from adding redundant gNBs validate this in
figure 4 where the 3 gNB setup has a major error difference in comparison to 4, 6, and 8 gNBs.
Finally, results from figure 5 confirms the fact that utilizing a larger signal BW to have a higher
sampling rate, gives a better TDoA estimation that ends up improving the UE position estimates
significantly. A video demonstrating how OAI RFsimulator works with 4 gNBs and a UE, and
how LMF on Matlab performs position estimation based on TDoAs is available on this URL:
https://drive.google.com/file/d/1_C8lk3Yr27INYVdLomFUTELu3g5C2tK9/view?usp=sharing

7. Future Work

To take a step further and test this prototype and the proposed positioning algorithm with real
deployments, a setup is organized at EURECOM. This setup includes a QUECTEL 5G module
as UE that sends UL SRS to 4 USRPs(Universal Software Radio Peripheral) as distributed TRPs

https://drive.google.com/file/d/1_C8lk3Yr27INYVdLomFUTELu3g5C2tK9/view?usp=sharing


Figure 3: 4gNB PSO and NLS position estimation error

Figure 4: Positioning Improvement by redundant gNBs

connected to a single gNB with OAI software running. USRP is a hardware platform that
enables the development and implementation of SDR (Software-Defined Radio) systems. It
consists of a motherboard with programmable components and daughter boards that can be
configured for various wireless communication standards. Therefore, There are 2 USRPs of
model N300 and 2 USRP of model N310 that is synchronized with an external clock of a grand
master taken from a GPS module. A diagram of this setup is shown in figure 6. It follows the



Figure 5: 4gNB with 106 and 272 PRB SRS configuration error

Figure 6: 4 USRP Setup diagram

same principles in architecture and positioning algorithm as proposed in RFsimulator with
similar MQTT as NRPPA and Matlab as LMF emulations. At the time of writing this paper, the
USRPs are successfully synchronized and receive the UL SRS ToA peaks simultaneously with
a consistent TDoA for a UE position. It is planned to test this prototype setup at an Indoor
Factory Hall (InFH) that represents the standard 3GPP 38.901 InFH channel model scenario [19].



Figure 7: synchronized setup from left with the UE module, multi USRPs connected to the grand master
clock by a switch and the gNB machine

8. Conclusion

In this paper, we derived an UpLink Time Difference of Arrival (UL TDoA) position estimation
system using Particle Swarm Optimization (PSO) method on OpenAirInterface (OAI) which is
a 5G NR 3GPP release 16 compliant software. The algorithm measures an accurate TDoA of
Sounding Reference Signal (SRS) by oversampling from a nrUE with an unknown position to
multiple synchronized gNBs with known positions and sends this information from gNBs in
OAI to the Location Management Function (LMF) model implemented in Matlab using MQTT
protocol to act as NRPPA that shows the standard behavior of an online positioning system.
The simulations carried on OAI RFsimulator show the PSO position estimation performance
using the minimum number of LOS gNBs needless of GPS initialization or error statistics, can
achieve around 1 meter accuracy in 90% of cases.
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