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Abstract—An indoor pedestrian localization system which
is based on cellular long-term evolution (LTE) carrier phase
measurements and synthetic aperture navigation (SAN) is devel-
oped. The proposed system relies on a moving antenna array
to determine the direction-of-arrival (DOA) of received LTE
signals, while suppressing multipath signals. Two schemes are
studied to couple LTE carrier phase measurements with SAN:
(1) feedforward LTE-SAN and (2) feedback LTE-SAN. The per-
formance of both coupling schemes is validated experimentally in
a challenging indoor environment, in which the proposed system
traversed a distance of 126.8 m in 100 seconds, while receiving
LTE signals from 6 eNodeBs. The position root mean-squared
error (RMSE) exhibited by the proposed LTE-SAN approach
was 5.20 m and 4.32 m with feedforward and feedback coupling,
respectively, compared with 7.19 m using a standalone LTE
approach.

Index Terms— LTE, synthetic aperture, opportunistic naviga-
tion, indoor localization.

I. INTRODUCTION

The Federal Communication Commission (FCC) passed

mandatory requirements to localize indoor emergency calls

originating from wireless devices, in which U.S. cellular

providers must achieve 50-meter horizontal location accuracy

80% of the time by 2021 [1]. Cellular signals are currently

in their fourth-generation (4G), also referred to as long-term

evolution (LTE) [2].

Numerous competing approaches have been proposed over

the past couple of decades to achieve accurate indoor local-

ization with cellular signals [3]. Among the different cellular

generations, LTE signals are very powerful and attractive

for indoor localization due to their abundance, availability

in emergency cases, geometric diversity, and high received

carrier-to-noise ratio (C/N0): a C/N0 between 55-80 dB-Hz

was observed in different indoor environments [4]. In addition,

the bandwidth of LTE signals could be up to 20 MHZ, and with

the new radio (NR) 5G network, it will be up to 400 MHz [5].

In [4], LTE carrier phase measurements were fused with an

inertial measurement unit (IMU) in a tightly-coupled fashion,

producing a two-dimensional (2-D) root mean-squared error

(RMSE) of 3.52 m over a 109 m indoor trajectory. Different

approaches for extracting time-of-arrival (TOA) from LTE

signals indoors have been evaluated in [6]. The final navigation

solution showed a 2-D positioning RMSE of 8 m with a

50% circular error probability exploiting 4 eNodeBs. In [7], a

laboratory-emulated LTE signals processed in a particle filter

was able to achieve a position RMSE of 5.35 m.

Short-delay multipath signals pose a significant challenge

in achieving accurate localization with LTE signals. In short

delay multipath, the delay of multipath signals is less than the

inverse of the bandwidth of the received signals. This makes

it very challenging or even impossible to separate the line-of-

sight (LOS) signal form multipath signals in the time-domain.

This paper addresses this challenge by deploying a synthetic

aperture navigation (SAN) framework to spatially separate the

incoming signals by exploiting antenna motion to estimate

the direction-of-arrival (DOA). In principle, DOA methods

require either a large physical antenna aperture or multiple

antenna elements depending on the number of signals to be

estimated. This is not practical for a pedestrian localization

system. SAN circumvents this requirement by synthesizing

signals captured at different time instants to build a virtual

antenna array, utilizing the receivers motion. Similar technique

has been used in the synthetic aperture radar (SAR) [8], [9].

It is worth noting that a different method that exploited the

antenna motion was proposed in [10], [11], in which a multi-

state constrained Kalman filter was used to capture LTE time-

correlated pseudorange errors.

SAN has been studied in the literature for different appli-

cations. In [12], SAN was employed to improve detection

of GNSS signals by utilizing a single moving antenna and

deploying an estimator-correlator, where the proposed method

resulted in a 6 dB gain over that of a static receiver. In

[13], an SAN technique to reduce GNSS multipath was

presented. Simulation results showed that in the presence of

one multipath signal and two antenna elements, the proposed

method removed multipath effects in all the cases and almost

distortionless correlation peaks were obtained.

A novel LTE-SAN approach for indoor localization was

proposed in [14], where the estimation of signal parameters

via rotational invariance techniques (ESPRIT) was used to

estimate DOA of received LTE signals, then directly beamform

the signal in the LOS direction using Capon’s beamformer.

The paper presented the first LTE-SAN approach which was

validated experimentally using real LTE signals. In this paper,

a different DOA estimator with high resolution is implemented

on synthesized LTE signals, namely multiple signal classifi-

cation (MUSIC) technique. In [14], the Capon’s beamformer

required having a decent estimate of the receiver’s position in

order to beamform LTE signals in the LOS direction. A more

flexible approach is adopted in this paper, where generating



the weights of the beamformer is achieved by maximizing

the signal-to-noise-ratio (SNR). It is worth mentioning that in

the case where a good estimate of the LOS is available, the

Capon’s beamformer will perform with higher resolution than

the proposed SNR approach. However, for the case where the

LOS DOA estimate is not very accurate, the SNR approach

will still be able to mitigate multipath signals significantly.

This paper presents two coupling schemes for LTE-SAN:

feedforward and feedback. In this paper, it is assumed an LTE

carrier phase-based receiver is used (e.g., [15], [16]), which

produces navigation observables by tracking the cell-specific

reference signal (CRS). Experimental results are presented to

compare the performance of the two coupling schemes. It is

demonstrated that the feedback coupling outperforms feedfor-

ward coupling and both schemes outperform a standalone LTE

receiver. In particular, for a receiver navigating in a challenging

indoor environment for 126.8 m, the 2-D position RMSE was

4.32, 5.20, and 7.19 with a feedback LTE-SAN, feedforward

LTE-SAN, and standalone LTE, respectively.

The remainder of the paper is organized as follows. Section

II introduces the LTE-SAN framework, specifically: (1) LTE-

SAN formulation, (2) uniform linear array (ULA) and DOA

estimation using MUSIC, (3) multipath mitigation, and (4)

the navigation filter. Section III discusses the two different

coupling schemes of LTE-SAN: (1) feedforward and (2)

feedback. Section IV presents experimental results comparing

the different schemes in an indoor environment using LTE

signals. Section V concludes the paper.

II. SYNTHETIC APERTURE NAVIGATION

SAN improves the navigation system performance over

conventional beamforming techniques that fail to suppress

multipath effects by utilizing the DOA from a larger number of

incoming signals. In the rest of this paper, it is assumed that the

antenna array has N antenna elements with a spacing distance

d = λ/2, where λ is the received LTE signal wavelength.

The moving antenna array captures K incident LTE frames,

each separated by F frames, where the LTE frame duration

is tframe = 0.01 seconds. In practice, the pedestrian’s trajec-

tory could be arbitrary with a time-varying speed v(k), as

shown in Fig. 1. However, the proposed approach assumes

the pedestrian’s trajectory to be linear over a short duration of

time tlin = KFtframe seconds, with a constant speed vc. This

assumption is reasonable for typical pedestrian indoor motion

over typical values of tlin (namely, 0.02 < tlin < 2 seconds).

The parameter K is chosen based on a trade-off between the

stationarity of the LTE wireless channel (differs from one

environment to another) and the required degree-of-freedom

(DOF) (i.e., number of received multipath signals that could

be estimated effectively). The pedestrian speed vc is either

estimated in the navigation filter by taking the average over tlin
or measured via an external sensor, e.g., inertial measurement

unit (IMU). The skipped frames parameter F accounts for the

physical separation between two consecutive snapshots of the

moving array, i.e., F is determined as F = ⌊ d
tframevc

⌉, where

⌊·⌉ rounds the argument to the nearest integer. The altitude of

the receiver is assumed to be obtained using an external sensor

(e.g., a barometer); i.e., only the azimuth angles {φ
(u)
l }L

(u)

l=0 of

the impinging signals (both LOS and multipath signals) from

the u-th eNodeB are estimated as shown in Fig. 1, where

L(u) is the number of multipath components. Fig. 1 depicts

the proposed LTE-SAN approach with a synthetic ULA. The

following subsections formulate the LTE-SAN framework,

analyze the DOA using the synthetic antenna array, discuss

multipath mitigation, and formulate the navigation filter.
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Fig. 1. Synthetic uniform linear array: user trajectory, sampling process of the
moving antenna, and snapshot of azimuth angles impinging on the antenna
array from the u-th eNodeB at instant k.

A. LTE-SAN Formulation

SAN techniques process the post-correlation data of re-

ceived signals. This type of information is captured in the

channel impulse response (CIR) resulting from correlating the

CRS with its locally-generated replica, denoted as h(k) for the

k-th received LTE frame. The post-correlation received signals

from the u-th eNodeB at the k-th snapshot on the n-th antenna

element can be represented as

h(u)
n (k) =

L(u)
∑

l=0

α
(u)
l al(φ

(u)
n )e−j2πfcτ

(u)
l , (1)

for n =1, · · · , N and k = 1, · · · ,K,

where α
(u)
l and τ

(u)
l are the attenuation factor and the delay

of the l-th multipath component, fc is the carrier frequency,

and al(φ
(u)
n ) and a0(φ

(u)
n ) are the steering elements at the n-th

antenna element of the l-th multipath and LOS components,

respectively. The steering element of a signal represents the

phase delay a plane wave experiences, evaluated at the speci-

fied antenna element. The phases are specified with respect to

an arbitrary origin, where in most DOA approaches it is chosen

to be the axis of the antenna array centered at the 1-st antenna

element. For instance, for N elements in an antenna array,

with the n-th element having a position of rn = [xn, yn]
T

,

the steering element for this specific element is calculated as

al(φ
(u)
n ) = e−j<k,rn>,

where k is the wave vector that describes the phase variation of

a plane wave and < a, b > denotes the dot-product of vectors

a and b. The LOS steering element of the u-th eNodeB at the



n-th antenna element, assuming knowledge of the eNodeB’s

position, can be obtained as

a0(φ
(u)
n ) = e(n−1)jµ(u)

,

where µ(u) = − 2π
λ d sin(θu1 ), is the spatial frequency for the

u-th eNodeB [17]. Then, the complex representation of the u-

th eNodeB received signal at time index k for the entire array

could be expressed as

h(k) = A(k)x(k) + ν(k), (2)

where, ν is a noise vector, which is modeled as a zero-

mean spatially uncorrelated complex white Gaussian random

sequence with covariance σ2IN×N and

A(k) =
[

a0(φ
(u)), · · · ,aL(u)(φ(u))

]

, (3)

x(k) =
[

α
(u)
0 e−j2πfcτ

(u)
0 , · · · , α

(u)
L e−j2πfcτ

(u)
L

]T

, (4)

a0(φ
(u)) =

[

1, ejµ
(u)

, · · · , e(N−1)jµ(u)
]T

,

al(φ
(u)) =

[

al(φ
(u)
1 ), · · · , al(φ

(u)
N )

]T

, l = 1, · · · , L.

The signals captured at K instances, each separated by F
frames could be combined as

H(K) =
[

hT(k),hT(k + F ), · · · ,hT(k +KF )
]T

, (5)

where, H(K) is a KN × 1 vector of synthesized data, which

captures the data that will be processed in the DOA algorithms

and multipath mitigation in the rest of the paper. It is worth

mentioning that if the number of multipath signals including

the LOS signal is greater than the antenna array size (i.e.,

L + 1 > N ), then the rank(A) < L + 1; a unique solution

of DOA does not exist due to DOF deficiency. Applying the

synthetic aperture technique will increase the DOF, where the

new DOF obtained from synthesizing signals become [NK].

B. DOA Estimation: MUSIC

There are different DOA estimation methods that can be

applied. Each method has its own computational cost and

resolution. MUSIC is an attractive choice in the considered ap-

plication due to its high resolution and uniformity of collected

observables [18]. MUSIC is a subspace-based technique that

can be derived from the maximum likelihood of observed data.

Geometrically speaking, subspace DOA techniques determine

the signal parameters by finding the intersection of the array

observations and the signal subspace. Computationally, this

requires an extensive multi-dimensional search. In the presence

of noise, this is even more complex and there could be

no intersection between the signal subspace and the array

elements’ observations. To address this, a projection criterion

was introduced in [18] to deal with the mismatch that happens

due to the presence of noise.

To simplify the subsequent derivations, the vector H(K)

defined in (5) is expressed as

H(K) = A(K)x(K) + ν(K), (6)

where,

ν(K) =
[

νT(k),νT(k + F ), · · · ,νT(k +KF )
]T

,

x(K) =
[

xT(k),xT(k + F ), · · · ,xT(k +KF )
]T

,

A(K) =
[

AT(k),AT(k + F ), · · · ,AT(k +KF )
]T

.

It should be mentioned that some fairly standard assumptions

are assumed to hold [19]: (1) the steering vectors are assumed

to be linearly independent, i.e., signals are impinging from

different directions and form a full rank matrix A(K), (2)

the noise vector ν(K) follows the assumptions stated in (2),

i.e., zero-mean Gaussian uncorrelated noise with covariance

σ2IKN×KN , and (3) the noise is uncorrelated with the re-

ceived signals x(K), implying that

RHH = E[H(K)H(K)H] = A(K)RxxA
(K)H + σ2I, (7)

where, Rxx = E[x(K)x(K)H] is the autocovariance matrix.

The rank of A(K)RxxA
(K)H is L+1, and can be determined

directly from the eigenvalues of RHH . Consequently, it can

be shown that a good estimator for the number of incident

signals is

L̂+ 1 = KN − q̂, (8)

where q̂ is the number of repeated minimum eigenvalues λmin

of the non-singular matrix A(K)RxxA
(K)H in the metric of

the noise covariance matrix defined in (7) [18]. Algorithm 1

outlines the MUSIC algorithm.

Algorithm 1: MUSIC Algorithm

1 Collect data samples H(K)

2 Estimate the input covariance matrix

R̂HH =
1

Ns
H(K)H(K)H,

where Ns is the number of samples

3 Perform eigenvalue decomposition

R̂HHV = VΛ, where

Λ = diag{λ1, λ2, · · · , λN}
4 Estimate the order of the system L̂+ 1 as in (8)

5 Compute the MUSIC spectrum

PMUSIC(φ) =
1

aH(φ)VnV
H
n a(φ) , where

Vn contains the KN − L̂+ 1 eigenvectors

corresponding the smallest KN − L̂+ 1 eigenvalues

6 Find the L+ 1 largest peaks of PMUSIC(φ) to obtain

DOA estimates

C. Multipath Signals Mitigation

In order to suppress multipath signals, the only signal that

is allowed to pass through the beamformer is the LOS signal.

After applying beamforming to the synthetic data, the data

received by array elements form a single output expressed as

y(k) = wHH(K), (9)



where w is a weighting vector that is determined by optimizing

some objective function subject to certain constraints. Differ-

ent beamforming methods optimize over different criteria. The

strategy is to steer the antenna array in the LOS direction

by maximizing the SNR. Assuming the noise entering each

antenna element to be independent white Gaussian noise,

the SNR maximization problem of the beamformer could be

expressed as

maximize
w

wHa
′

0x0a
′

0w
H

wHσ2Iw
, (10)

subject to ‖w‖2 = 1,

wHA(K)
′

= 01×L,

where a
′

0 =
[

aT
0 (k),a

T
0 (k + F ), · · · ,aT

0 (k +KF )
]T

, x0 is

the LOS element in the received signal, and A(K)
′

is the

multipath steering matrix (i.e., A(K) excluding a
′

0). Assume

α to be an arbitrary vector with ‖α‖2 = 1, then w is defined

as

w = V
′

nα,

where span (V
′

n) ⊥ span (A(K)
′

) and can be determined by

taking the (N −1)K−L smallest eigenvectors with the (N −
1)K−L smallest eigenvalues of R̂HH . An alternative way to

express the maximization problem in (10) is

argmax
w

wHa
′

0x0a
′

0w
H

wHσ2Iw
= argmax

||α||2=1

αHV
′

n

H

R̂
′

HHV
′

nα

σ2
,

(11)

where R̂
′

HH is the same as R̂HH after removing the last

row and the last column. Then, α is obtained by finding

the eigenvector corresponding to the largest eigenvalue of

V
′

n

H

R̂
′

HHV
′

n. Finally, w is obtained and used in (9) to get

the new CIR to be used for producing corrected observables.

D. Extended Kalman Filter

An extended Kalman filter (EKF) is used to estimate the

states using the LTE pseudoranges. The altitude of the nav-

igating receiver is assumed to be obtained using an external

sensor (e.g., a barometer). Therefore, only the 2-D position r

is considered. The EKF estimates the vector x defined as

x =
[

xT

ped,x
T

clk

]T

,

with the pedestrian’s state vector is defined as xped ,
[

rT, ṙT
]T

, where r and ṙ are the 2-dimensional (2D) po-

sition and velocity vectors of the pedestrian-mounted re-

ceiver, respectively. The clock state vector xclk is defined

as xclk ,

[

cδt1, cδ̇t1, · · · , cδtU , cδ̇tU

]T

, where U is the

number of eNodeBs, c is the speed of light, and {δtu}
U
u=1

and {δ̇tu}
U
u=1 are the difference between the receiver’s clock

bias and the u-th eNodeB and the receiver’s clock drift and the

u-th eNodeB, respectively. The pedestrian’s motion is assumed

to evolve according to a nearly constant velocity dynamics, i.e,

r̈(t) = w̃(t), (12)

where w̃ is a process noise vector, which is modeled as zero-

mean white random process with power spectral density Q̃.

The clock error dynamics are assumed to evolve according to

ẋclk = Aclkxclk(t) + w̃clk(t), (13)

Aclk =

[

0 1
0 0

]

, w̃clk =

[

w̃δt

w̃δ̇t

]

,

where the elements of w̃clk are modeled as zero-mean mutu-

ally independent white noise processes and the power spectral

density of w̃clk is Q̃ = diag
[

Sw̃δt
, Sw̃

δ̇t

]

.

III. LTE-SAN COUPLING

The proposed SAN method discussed in Section II beam-

forms the post correlation data and suppresses the effect

of multipath signals to obtain new CIRs {y(k)}Uu=1 with a

dominant LOS peak. The new CIRs obtained are used to

produce the corrected Doppler frequency observables, denoted

as z
′

,

[

f̂
′

D1
, · · · , f̂

′

DU

]T

, to replace the old observables

z ,

[

f̂D1 , · · · , f̂DU

]T

. This is achieved by coupling the LTE

receiver with the SAN approach presented in Section II. This

section presents two such coupling schemes: (1) feedforward

LTE-SAN, and (2) feedback LTE-SAN.

A. Feedforward Coupling

Here, the coupling is achieved in a feedforward fashion

as shown in Fig. 2, where the nodes A and B are con-

nected to node 1. The measurements z generated by the LTE

carrier phase-based receiver are processed in the proposed

SAN algorithm. The corrected measurements z
′

are fused

with a velocity random walk statistical model using the EKF

discussed in Subsection II-D. Note that in Fig. 2, k and j are

discrete-time instances where k > j.

B. Feedback Coupling

Here, the coupling is achieved in a feedback fashion as

shown in Fig. 2, where the nodes A and B are connected to

node 2. The measurements z generated by the LTE carrier

phase-based receiver are processed in the proposed SAN

algorithm. In practical. CIR is estimated in the tracking loop

of the LTE receiver at each time instance. In the feedback

scheme, the corrected CIR y(k) obtained using the proposed

approach is fed back to the tracking loops and replaces

the CIR estimated using the standalone LTE receiver, which

is used to produce measurements z
′

. Then, the corrected

measurements z
′

are fused in the navigation filter with a

velocity random walk statistical model as described for the

feedforward coupling scheme.

IV. EXPERIMENTAL RESULTS

This section presents experimental results demonstrating the

performance of the proposed LTE-SAN approach with both

feedforward and feedback coupling versus that of a standalone

LTE receiver.



EKF
Update

Clock
Models

Random
Walk
Model

x̂(kjj)
Preprocessing

and
Sampling Loops

and Tracking
Correlators

Data

z
0

x̂(kjk)

DOA
Estimation Mitigation

Multipath
Estimation

Carrier Phase
x̂(kjk) Data

Formulation

Velocity

x̂(kjk)

y(k)

H
(K)

A

1

2

B

1

2z
0

LTE Receiver

SAN Correction

Fig. 2. LTE-SAN coupling scheme.

TABLE I
LTE ENODEBS’ CHARACTERISTICS

eNodeB

Carrier

frequency

(MHz)

N
Cell

ID

Bandwidth

(MHz)

Cellular

provider

1 1955 93 20 AT&T

2 2125 223 20 Verizon

3 1955 11 20 AT&T

4 1955 198 20 AT&T

5 2145 112 20 T-Mobile

6 2112.5 401 20 AT&T

A. Experimental Setup

The experiment was conducted at the Engineering Gateway

building at the University of California, Irvine, USA. The

pedestrian-mounted receiver received signals from three U.S.

cellular providers: T-Mobile, Verizon, and AT&T, transmitting

at four different carrier frequencies, as summarized in Table

I. Due to hardware limitations, LTE signals were collected

in different runs, i.e, the same trajectory was traversed two

different times and for each run the receiver was tuned to

two different carrier frequency. The position RMSE between

trajectories from different runs referenced to the first trajectory

was calculated to be 0.53 m. For each run, the receiver

was equipped with 4 consumer-grade cellular omnidirectional

Laird antennas (2 antennas per carrier frequency) to collect

data from the same carrier frequency, which were connected

to a quad-channel National Instruments (NI) universal software

radio peripherals (USRPs)-2955 to simultaneously down-mix

and synchronously sample LTE signals at 10 Msps. The signals

were processed in a post-processing fashion using MATLAB.

Fig. 3 shows the environment layout in which the experiment

was performed, the positions of the eNodeBs from which

signals were collected, and the experimental hardware and

software setup.

B. Filter Initialization

The pedestrian’s 2-D position and velocity vector was

initialized using a Gaussian random vector generator with

a mean xped(0) = [0, 0, 1.12, 0], which is the true initial

state and the associated initial covariance matrix Pped(0) =
diag[25, 25, 10, 10]. The receiver’s clock bias and drift were

initialized using the receiver’s initial position and two con-

secutive prior measurements, where their uncertainties were

4 Laird Antennas
USRP-2955

Quad-ChannelLaptop

PCIe cable

MATLAB-Based
Receiver

Engineering Gateway
building

University of California, Irvine

eNodeBs 1 and 2

eNodeB 3

eNodeB 4

eNodeB 5

eNodeB 6

Ground truth

Fig. 3. Environmental layout and experimental setup. The top right sub-
figure shows the Engineering Gateway building in which the experiment was
conducted along with the ground truth trajectory. The top left sub-figure shows
the positions of the eNodeBs whose signal were used. The bottom right sub-
figure shows the hardware and software experimental setup.

set to 25 m2 and 0.1 (m/s)2, respectively. The clock bias and

drift process noise power spectra were set to {Sw̃δt,u
}U=6
u=1 =

4.7 × 10−20 and {Sw̃
δ̇t,u

}U=6
u=1 = 7.5 × 10−20, respec-

tively [20].The measurement noise variance
{

σ2
vu

}U=6

u=1
were

set to
{

c2 αu

(C/N0)u

}U=7

u=1
, respectively, where (C/N0)u is

the received carrier-to-noise ratio for the u-th eNodeB and

{αu > 0}
U
u=1 are tuning parameters that were chosen to be

{3.74, 2.53, 4.12, 5.87, 5.52, 8.94}× 10−12 in this paper.

C. Results

The pedestrian navigated inside the Engineering Gateway

building for 126.8 m in 100 seconds. The received LTE signals

were processed off-line. The navigation filter in Subsection

II-D was used to obtain the navigation solution with the LTE

measurements z and corrected LTE measurements z
′

from

LTE-SAN. The ground truth was obtained with a camera that

was mounted on the moving cart, which was pushed by the

pedestrian to record the location of specific landmarks in the

environment with known locations.

Fig. 4 shows the receiver’s ground truth trajectory ver-

sus the navigation solution from: (1) standalone LTE, (2)

feedforward LTE-SAN framework, and (3) feedback LTE-

SAN. Table II summarizes the experimental results. It can

be seen that the proposed LTE-SAN framework outperforms

the LTE standalone solution. Among the two LTE-SAN cou-

pling methods, it can be seen that the feedback LTE-SAN

outperforms feedforward LTE-SAN, especially over later time.

This is justified from the fact that multipath introduces bias in

the TOA update, which is used to convert the received LTE

data into frame structure. The feedback LTE-SAN shares the

corrections back with the LTE receiver and refines tracking

parameters. However, in the feedforward LTE-SAN approach,

the biases accumulates and the SAN may fail to resolve the

introduced errors.
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Fig. 4. The pedestrian’s ground truth trajectory versus the navigation solution
from: (1) standalone LTE, (2) feedforward LTE-SAN, and (3) feedback LTE-
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TABLE II
INDOOR LOCALIZATION PERFORMANCE COMPARISON

Performance
Measure [m]

Standalone
LTE

Feedforward
LTE-SAN

Feedback
LTE-SAN

RMSE 7.19 5.20 4.32

Standard dev. 3.32 2.92 1.41

Max. error 12.89 8.57 6.25

V. CONCLUSION

This paper presented an indoor pedestrian localization sys-

tem that uses SAN and LTE carrier phase measurements. The

proposed system relies on the motion of an antenna array to

determine the DOA of received signals, suppressing multipath

signals and producing a more accurate measurement. Two

approaches to couple the SAN output with the LTE receiver

are presented: feedforward and feedback. The performance of

these coupling approaches versus a standalone LTE receiver

was evaluated using real LTE data. The pedestrian traversed

a distance of 126.8 m in 100 seconds while listening to LTE

signals from 6 eNodeBs. The position RMSE exhibited by the

proposed LTE-SAN approach was 5.20 m and 4.32 m with

feedforward and feedback coupling, respectively, compared

with 7.19 m with standalone LTE.
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