Multipath Mitigation of 5G Signals via
Reinforcement Learning for Navigation
in Urban Environments
Ali A. Abdallah1, Mohamad Orabi1 , and Zaher M. Kassas1,2
1

Department of Electrical Engineering and Computer Science, University of California, Irvine, USA
2
Department of Mechanical and Aerospace Engineering, University of California, Irvine, USA
Emails: abdalla2@uci.edu, orabim@uci.edu, zkassas@ieee.org

Abstract—The ability of reinforcement learning (RL)-based
convolutional neural network (CNN) to mitigate multipath signals
for opportunistic navigation with downlink 5G signals is assessed.
The CNN uses inputs from the autocorrelation function (ACF)
to learn the errors in the code phase estimates. A ray tracing
algorithm is used to produce high fidelity training data that could
model the dynamics between the line of sight (LOS) component
and the non-line of sight (NLOS) components. Experimental results on a ground vehicle navigating with 5G signals for 902 m in
a multipath-rich environment are presented, demonstrating that
the proposed RL-CNN achieved a position root-mean squared
error (RMSE) of 14.7 m compared to 20.6 m with a conventional
delay-locked loop (DLL).
Index Terms— 5G, reinforcement learning, multipath, navigation.

I. I NTRODUCTION
Multipath phenomenon is a major error source in signalbased navigation technologies including: (i) global navigation
satellite systems (GNSS) [1] and (ii) alternative technologies,
such as cellular, AM/FM radio, satellite communication, digital television, and Wi-Fi [2]–[11]. Among alternative signalbased technologies, cellular 5G signals are particularly attractive due to their ubiquity, geometric diversity, high received
signal power, and large bandwidth [12]–[14].
The positioning capabilities of 5G systems have been
studied over the past few years. Different approaches have
been proposed, in which direction-of-arrival (DOA), directionof-departure (DOD), time-of-arrival (TOA), or combination
thereof is used to achieve accurate positioning from 5G
signals. The study in [15] derived the Cramér-Rao lower
bound on position and orientation estimation uncertainty and
presented an algorithm that achieves the bound for average to high signal-to-noise ratio. In [16], the capability of
massive multiple-input multiple-output (mMIMO) systems in
providing very accurate localization when relying on DOA
was studied. The work in [17] presented an algorithm to
mitigate the near-field errors in angular positioning with 5G
system. A compressed sensing approach was proposed to
address the limitations of DOA in mMIMO systems in the
presence of multipath, showing the potential of achieving
submeter accuracy in a simulated environment. In contrast
to the aforementioned approaches, [18]–[20] were the first to

present experimental navigation results on ground and aerial
vehicles, achieving meter-level accuracy.
Several techniques have been developed to mitigate the
effect of multipath in GNSS systems, most of which could
be grouped into three main categories: (i) antenna techniques
[21], (ii) signal processing techniques, such as the narrow
correlator [22], strobe edge correlator [23], and high resolution
correlator (HRC) [24], and (iii) a combination thereof [25].
While the aforementioned approaches have been shown to
outperform the standard early-minus-late (E-L) delay-locked
loop (DLL), they are still susceptible to severe multipath.
Moreover, while signal processing techniques could be extended to receivers that exploit cellular signals opportunistically for navigation, antenna techniques that mitigate multipath
by filtering out signals with lower elevation angles are not
useful, since most received signals from terrestrial 5G base
stations (referred to as gNBs) have low elevation angles.
Machine learning algorithms have found their way into
the navigation field [26]. A neural network (NN)-based DLL
(NNDLL) was proposed in [27] for multipath mitigation in
GPS receivers. The type of multipath environment and receiver
motion was identified via an NN in [28] in order to adjust the
receiver’s tracking strategy. The ability of different NNs to mitigate multipath signals for opportunistic navigation with downlink 5G signals was considered in [29]. The paper presented
two NN designs, namely feed-forward NNs (FFNNs) and timedelay NNs (TDNNs), to learn multipath-induced errors on a
5G receiver’s code phase estimate. Experimental results in a
multipath-rich environment were presented demonstrating that
the proposed TDNN achieved ranging root-mean squared error
(RMSE) reduction of 27.1% compared to a conventional DLL.
However, such NNs are limited due to the dependence on
DLL for training data; hence, the NN only corrects the DLL
estimates. This paper addresses this limitation by proposing a
reinforcement learning (RL)-based approach to learn multipath
errors that corrupt the TOA estimate in a 5G opportunistic
navigation receiver. The proposed RLNN seeks to learn the
multipath behavior by making a sequence of decisions, each
with a certain reward and penalty.
This paper assesses the ability of RL-based convolutional
NN (CNN) to mitigate multipath signals for opportunistic
navigation with downlink 5G signals. The NNs use inputs

from the autocorrelation function (ACF) to learn the errors in
the code phase estimate of a conventional DLL. A ray tracing
algorithm is used to produce high fidelity training data that
could model the dynamics between the line of sight (LOS)
component and the non-line of sight (NLOS) components. Experimental results on a ground vehicle navigating in an urban
environment are presented demonstrating that the proposed
RL-CNN achieved a position root-mean squared error (RMSE)
of 14.7 m compared to 20.6 m with a conventional DLL.
This paper is organized as follows. Section II introduces
the structure of 5G signals and models the synchronization
signals being exploited for navigation. Section III presents
the proposed RL-based multipath mitigation approach along
with the simulator that was used to generate the training and
testing data. Section V presents experimental results in an
urban environment. Section VI gives concluding remarks.
II. 5G S IGNAL S TRUCTURE
This section discusses the 5G signal structure and provides
a model for 5G reference signals that can be exploited for
opportunistic navigation.
A. 5G Frame Structure
5G systems implement orthogonal frequency-division multiplexing (OFDM) with an adaptive subcarrier spacing ∆f =
2µ × 15 kHz, where µ ∈ {0, 1, 2, 3, 4} is defined as the
numerology. 5G is designed to support transmission at different frequency ranges (from 450 MHz to 52.6 GHz ). In the
time-domain, 5G signals are transmitted in frames of duration
Tf = 10 ms, which are divided into 10 subframes with a
duration of 1 ms each. Subframes are then further divided
into 2µ time slots which contain 14 OFDM symbols each of
1
. In the frequency domain, subframes are
duration Tsymb = ∆f
divided into a number of resource grids consisting of resource
blocks with 12 subcarriers each. The number of resource
grids in a frame is determined by higher level parameters.
Moreover, a resource element defines the smallest unit of the
resource grid spanning a duration of one OFDM symbol and
a bandwidth of one subcarrier.
5G systems utilize two maximal-length synchronization
signals (SS) of length NSS = 127, known as the primary
synchronization signal (PSS) and secondary synchronization
signal (SSS) to enable cell search and synchronization at the
user equipment (UE). There is a total of three possible PSS
sequences, each mapped to an integer representing the sector
(2)
ID of the gNB denoted by NID . On the other hand, the
SSS is one of 336 possible sequences, each mapped to an
integer representing the gNB’s group identifier denoted by
(1)
NID . This results in a total of 1008 cell identifiers denoted
(1)
(2)
cell
by NID
= 3NID + NID .
The SS are transmitted along with the physical broadcast
channel (PBCH) signal and its associated demodulation reference signal (DM-RS) on a block known as the SS/PBCH
block, which spans 20 resource blocks (i.e., 240 subcarriers)
and four consecutive OFDM symbols. The SS/PBCH is transmitted numerous times, where each set of these transmitted

block is called an SS/PBCH burst. However, each SS/PBCH
block in the burst is beamformed in a different direction with
a periodicity that can be 5 ms, 10 ms, 20 ms, 40 ms, 80 ms
or 160 ms.
B. Signal Model
For the purpose of opportunistic navigation with 5G, the
cell
signals of interest for a given NID
could be modeled as


IFT{SPSS(f )}, for t ∈ (0, Tsymb )
sSS (t) = IFT{SSSS(f )}, for t ∈ (2Tsymb , 3Tsymb )


0,
otherwise,

where SPSS (f ) and SSSS (f ) are the frequency-domain representations of the PSS and SSS, respectively. A navigation
receiver correlates the replicated SS signal with the received
signal, forming the autocorrelation function (ACF), denoted
by R(τ ) according to
△

R(τ ) = y(t) ⊛ sSS (t)
∗
(f )}
= IFFT{Y (f )SSS
= sinc (Bτ )

(1)
(2)

where the symbols ⊛ and ∗ denote the circular correlation and
the complex conjugate operators, respectively, IFFT denotes
the inverse fast Fourier transform, and y(t) and Y (f ) are the
time- and frequency-domain representations of the received
signal with a bandwidth of B = Nsubcarriers · ∆f , where
Nsubcarriers is the number of subcarriers allocated for the
synchronization signal. Since each symbol of the SS is mapped
onto one subcarrier, then Nsubcarriers = NSS = 127. It is
important to note that while the ACF has a triangular shape
for GPS signals, the ACF produced by the correlator of an
opportunistic receiver exploiting 5G signals has the shape of
the sinc function. This follows from the OFDM modulation
of the two maximal-length sequences (m-sequences) PSS and
SSS. Equation (2) follows from (1) since SSS (f ) is an m∗
sequence that takes the values {−1, +1}, and SSS (f )SSS
(f ) =
f
2
|SSS (f )| = rect( B ), where rect(.) denotes the standard
rectangular function with a bandwidth of B.
III. P ROPOSED A PPROACH
RL is a machine learning technique that seeks modeling a
certain environment following the cut-and-try approach. The
trained model is denoted by an agent that evaluates a current
situation (state). The agent takes a sequence of actions, each
receives a feedback (reward/penalty) from an environment.
The environment represents the training data to which the
agent is making actions. Positive feedback represents a reward for making a correct decision, while negative feedback
represents a penalty for making the wrong decision. In other
words, RL learns the best action via a trail-and-error approach
while interacting with an environment to maximize a long-term
reward. The long-term reward is a combination of short-term
rewards that are observed in every state after taking a set of
coherent actions while interacting with the environment. A
block diagram depicting RL is hown in Fig. 1
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Fig. 1. RL block diagram.

The proposed RL approach consists of the following
• Environment: represents the physical environment on
which the agent operates. In particular, it is represented
via the ACF R(τ ) that captures all rays impinging on
the receiver’s antenna including both LOS and NLOS
components and the receiver’s states.
• State: represents the current situation of the agent. As
such, the code phase error is an informative state of the
agent while seeking to maintain tracking in presence of
multipath.
• Reward: represents the feedback from the environment to
evaluate the agent’s performance. Here, a potential choice
of the reward function rt is chosen to penalize the code
phase error and its first order derivative according to
d|τ̃ |
,
dt
τ̃ , τk − τ̂k ,

rt = −|τ̃ | −

•

(3)

where τ , τ̂ , τ̃ are the actual code phase, estimated code
phase, and code phase error, respectively. The reward
in (3) represents the short-term reward. In addition to
that, a milestone reward for surviving five seconds is
applied, where surviving inhere denotes τ̃ < B4 , where
B is bandwidth of the received 5G signals. Exceeding
this bound results in killing the agent and starting another
episode. It is worth mentioning that this long-term reward
helps with the initial convergence as it helps in filtering
out the agents that are immediately killed and gives the
agent a push to the right decision.
Policy: maps the agent’s state s to actions y = f (s). To
do so, an NN is implemented to decide the actions to be
taken. For the proposed approach, a CNN with sixteen
21×3 filters, with a stride of 21×1 were designed. The
CNN has 42,757 learnable parameters. Note that “21”
represents the number of ACF taps used with 10 delay
taps, which are the user’s design choices. Fig. 2 shows
the proposed RL network design. It worth mentioning that
the input is 42 × 10 instead of 21 × 10 due to the fact that
the real and imaginary parts of each sample point are fed
separately to the network.
Input: 42 × 10
Convolution: Sixteen 21 × 3 filters { Stride 21 × 1
Fully Connected: 128 neurons
Fully Connected: 5 neurons
Regression

Fig. 2. RL network design.

AND

DATA G ENERATION

To simulate a realistic environment, map and terrain data were
obtained through OpenStreetMap [30] and Global Multiresolution Terrain Elevation Data (GMTED) [31] for the area
around Aldrich Park at the University of California, Irvine
(UCI). An opportunistic 5G receiver was then simulated to be
moving around the park at a walking speed of 2 m/s. The
simulated environment and trajectory are presented in Fig.
3(a). Moreover, the location of the simulated gNB correspond
to real gNB positions on top of the Engineering Tower at UCI.
The power, delay, and phase of each path were then computed
for the entire trajectory using the ray tracing methods available
through M ATLAB’s RadioFrequency (RF) toolbox [32]. The
channel impulse response (CIR) was generated in this manner
to ensure that the simulator would capture the dynamics
between the LOS and NLOS components. Fig. 3(b) shows
the simulation environment in M ATLAB with the rays traced
from the gNB to four sample points within the trajectory along
with the received power for each path. It is worth noting that
the material used for buildings was concrete with a relative
permittivity of 5.31 and a conductivity of 0.0548 Siemens
per meter. These values were chosen according to the international telecommunication union (ITU) recommendations,
which provide methods, equations, and values used to calculate
real relative permittivity, conductivity, and complex relative
permittivity for common materials [33].
Start

End

gNB

(a)

(b)

Fig. 3. (a) Receiver Trajectory around Aldirch Park. (b) Rays traced from
transmitter (red) to sample points of trajectory (blue).

Next, the obtained CIRs are used to simulate the tracking
results for an opportunistic 5G receiver traversing the aforementioned trajectory shown in Fig. 3(a). The tracking loops
of the receiver uses inputs from the output of the correlator
R(τ ), which is simulated from the CIR according to
Nkpaths

Rk (τ ) =

X

αik R(τ − τki ),

i=1

where k is the time index with a duration equivalent to that
of the SS (set to 20 ms based on an observation of a real 5G
transmission scenario), Rk (τ ) is the correlator output of the
opportunistic receiver accounting for the different traversed
paths at the k-th time-step, R(.) is the ACF of the synchronization signal defined in (2), Nkpaths is the total number of
paths traversed by the signal, αik ∈ C is a complex number
representing the power and phase of the signal component
corresponding to the i-th path, and τki represents its delay (time
of flight).

Finally, the simulated data contained samples (xk , yk ) with
an equivalent duration of 438.51 seconds. The input xk ∈
C 2Nx +1 is formed of 2Nx + 1 samples of the correlator
output at the k-th time-step centered around the DLL’s code
x
x T
phase estimate, such that xk = [x−N
, . . . , xN
k
k ] , where
d
DLL
xk = Rk (τ + τ̂k
+ d/fs ) and fs is the frequency at which
the ACF was sampled. For the remainder of this paper, the
∆
sampling frequency is set to fs =
4B = 7.62, and the number
of ACF taps used as inputs is 2Nx +1 = 11. The sample target
points yk ∈ R are the errors incurred by the DLL estimate
e(xk ) = τkLOS − τ̂kDLL , where the true LOS delays at the k-th
time-step τkLOS are obtained from the simulated CIR.
V. E XPERIMENTAL R ESULTS
This section validates the proposed framrwork on a ground
vehicle in an urban environment.
A. Experimental Setup and Environmental Layout
The experiment was performed on the Fairview road in
Costa Mesa, California, USA. A quad-channel National Instrument (NI) universal software radio peripheral (USRP)2955 was mounted on a vehicle, where two channels were
used to sample 5G signals with a sampling ratio of 10 MSps.
The receiver was equipped with two consumer-grade cellular
omnidirectional Laird antennas. The USRP was tuned to listen
to 5G signals from AT&T and T-Mobile U.S. cellular providers
(see Table I). The vehicle was equipped with a Septentrio
AsteRx-i V integrated GNSS-inertial measurement unit (IMU)
to produce the ground truth trajectory.

G NB S ’ S

gNB
1
2

TABLE I
C HARACTERISTICS

Carrier frequency [MHz]
872
632.55

Cell
NID
608
398

Cellular provider
AT&T
T-Mobile

B. Signal Tracking Performance
Two gNBs were present in the environment whose positions
were mapped prior to the experiment. In the tracking stage,
the 5G signals from both gNBs were tracked for 100 seconds.
Fig. 4 shows the tracking results of the two gNBs, while Fig. 5
shows the cumulative distribution function (CDF) of the errors.
C. Navigation Solution
An extended Kalman filter, as discussed in [18], was used
to estimate the vehicle-mounted receiver’s trajectory. The
measurement variances were found to vary between 1.3 and
25.7 m. Fig. 6 shows the environment layout, location of
gNBs, navigation solution of DLL-based and RL-based 5G,
and receiver’s ground truth. The proposed 5G RL approach
achieved a position RMSE of 14.7 m compared to 20.6 m
with a conventional DLL-based 5G receiver. It is worth noting
that the receiver presented in [18] used additional reference
signals (not used in this study), namely physical broadcast
channel (PBCH) and its associated demodulation reference
signal (DM-RS).

VI. C ONCLUSION
This paper presented a proof-of-concept of the power of RL
in learning multipath errors that corrupt the TOA estimate in a
5G opportunistic navigation receiver. The proposed approach
is the first of its kind to not depend on a DLL, as it learns the
errors from observed ACFs directly. The RL-CNN used inputs
from the ACF to learn the errors in the code phase estimates.
A ray tracing algorithm was used to produce high fidelity
training data that could model the dynamics between the LOS
component and the NLOS components. Experimental results
in a multipath-rich environment were presented demonstrating
that the proposed RL-CNN achieved a position RMSE of 14.7
m compared to 20.6 m achieved using the conventional DLL.
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