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Abstract—A deep learning-aided spatial discriminator for mul-
tipath mitigation is developed. The proposed system compensates
for the limitations of conventional beamforming approaches,
especially at the stages of: prefiltering, model order estima-
tion (MOE), and direction-of-arrival (DOA) estimation. Three
environments are considered to design and train the proposed
deep neural networks (DNNs): indoor office buildings, indoor
open ceiling, and outdoor urban area. The performance of the
proposed DNN-based MOE is compared to the conventional
approaches of minimum description length (MDL) criterion and
Akaike information criterion (AIC). The proposed DNN-based
MOE is shown to significantly outperform existing approaches
and to increase the degrees-of-freedom. Four experiments are
presented to assess the performance of the proposed system in
multipath-rich environments corresponding to indoor pedestrian
navigation and ground vehicle urban navigation with cellular
long-term evolution (LTE) signals. The proposed system exhibited
a position root mean-squared error (RMSE) of 1.67 m, 3.38 m,
1.73 m, and 2.16 m.

Index Terms—Beamforming, multipath mitigation, DNN, nav-
igation, synthetic aperture, LTE.

I. INTRODUCTION

The ability to localize and navigate a user reliably and

accurately is crucial for autonomous vehicles, public safety,

location-based services (LBS) [1]. Existing navigation tech-

nologies can be broadly classified into sensor-based systems,

signal-based systems, or a mixture of both [2]. While global

navigation satellite systems (GNSS) could provide centimeter-

accurate positioning in open-sky outdoor environments, GNSS

signals are unreliable or unusable altogether in other en-

vironments (e.g., indoors, deep urban canyons, or jammed

environments).

Sensors, such as cameras [3], lasers [4], odometers [5], and

inertial measurement units [6], could be used to extract relative

motion information. However, these are dead-reckoning sys-

tems; therefore, during prolonged periods of GNSS outage,

the error will accumulate and eventually diverge. Moreover,

these sensors only provide local position estimates and may

not properly function in all environments (e.g., fog, snow, rain,

dust, nighttime, etc.).

Signal-based approaches provide the navigation solution in

a global frame and do not suffer from the shortcomings of
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sensor-based systems [7]–[9]. However, signals are challenged

in deep urban canyons and indoor environments due to atten-

uation and multipath, which biases the navigation solution by

up to tens of meters [10]–[12]. The effect of multipath has

been extensively studied in the literature. Multipath mitiga-

tion could be performed at the radio front-end stage using

customized antennas (also known as smart antennas) [13].

Other approaches mitigate multipath at the receiver design

level using advanced signal processing techniques, such as

adaptive signal-to-noise (SNR) [14], cell-averaging constant

false alarm rate (CA-CFAR) [15], and correlation techniques

[16]. Recent studies have considered multipath mitigation via

machine learning (ML). In [17], a nonlinear ML-based model

was developed to mitigate periodic GPS multipath signals. ML

has been also applied to identify non-line-of-sight (NLOS)

conditions [18]. However, identifying NLOS is insufficient to

produce a reliable navigation solution.

Multipath can also be mitigated via spatial discrimination

of incoming signals via beamforming. Spatial discrimination

can be applied to geometrically-diverse signals, which are col-

lected using physical antenna arrays [19], [20] or via synthetic

aperture navigation (SAN) frameworks [21]–[24]. Spatial dis-

crimination techniques rely on the ability of beamforming

towards the LOS direction while mitigating the multipath

components. Spatial discrimination is becoming prevalent with

the development of new radio systems (e.g., 5G) and multiple-

input-multiple-output (MIMO) systems.

Spatial discrimination is limited by the accuracy of the

beamforming steps. This limitation can be related to the model

representation and the limited number of features therein. In

ML language, this is known as representation learning. A

representation learning algorithm can extract the features for

a task using datasets, where designing these features manually

for nonlinear complex tasks may take decades and an entire

community of researchers [25].

This paper proposes a deep learning-aided spatial dis-

criminator for multipath mitigation. The proposed approach

is signal-agnostic – it can be applied to a wide range of

radio navigation signals. This paper makes the following four

contributions: (i) design of cascaded deep neural networks

(DNNs) to perform the first three steps of the beamforming

process: preprocess filtering, model order estimation (MOE),

and direction-of-arrival (DOA) estimation; (ii) extraction of



features corresponding to beamforming components using the

trained DNNs; (iii) development of an approach to generate

reliable datasets that can be used for training the proposed

DNNs; and (iv) experimental validation of the proposed ap-

proach in four different multipath-rich environments corre-

sponding to indoor pedestrian navigation and ground vehicle

urban navigation with cellular long-term evolution (LTE) sig-

nals. The proposed system exhibited an unprecedented level

of accuracy for exploiting cellular LTE signals exclusively for

navigation without fusing any additional signals or sensors,

producing position root mean-squared error (RMSE) of 1.67

m, 3.38 m, 1.73 m, and 2.16 m in the four test environments.

The remainder of the paper is organized as follows. Sec-

tion II presents technical background about: (i) conventional

beamforming processes for a uniform linear array (ULA)

and (ii) deep learning. Section III discusses the design and

training process of the proposed DNNs. Section IV presents

the navigation framework, in which the proposed DDN-based

beamforming process is integrated into an LTE navigation

system. Section V assesses the performance of the proposed

DNN-based MOE versus the conventional approaches of mini-

mum description length (MDL) criterion and Akaike informa-

tion criterion (AIC). Section VI presents experimental results

corresponding to four experimental sets, specifically: three

indoor experiments and one outdoor experiment, all using LTE

signals. Section VII concludes the paper.

II. BACKGROUND

This section gives necessary background about spatial dis-

crimination and deep learning.

A. ULA-Based Spatial Discrimination

One popular antenna array design for signal classification

is the ULA. The classification, as mentioned before, can be

done using physical antenna arrays or an SAN approach. The

ULA scheme for both scenarios is shown in Fig. 1 [24]. The

received signal at the n-th antenna element (or snapshot) is a

column vector denoted by xn ∈ RNs , where Ns is the number

of samples. The complex representation of the data received

by the entire ULA of size N is stacked in X ∈ RN×Ns as

X =
[

xT

1 ,x
T

2 , · · · ,x
T

N

]T
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Fig. 1. ULA design for both physical and SAN antenna arrays.

To produce more accurate navigation observables, spatial

classification of incoming signals can be exploited to suppress

multipath components. To this end, the beamforming process

steers the beam towards the LOS direction while nulling the

other directions to minimize the effect of multipath. The

block diagram in Fig. 2 shows the four main stages of the

beamforming process: (i) preprocessing filter, (ii) MOE, (iii)

DOA estimator, and (iv) weights generator.

Model order
estimator

Preprocessing

filter

estimator
Weights
generator

X

y = w
T
X

Direction-of-Arrival

Fig. 2. The four stages of multipath mitigation-based beamforming.

In the first stage, the data is collected as shown in (1) and

the data covariance matrix is estimated as

R̂xx =
1

Ns
XX

H, (2)

where the space spanned by its eigenvectors can be divided

into two orthogonal subspaces: signal subspace and noise

subspace. In the preprocessing stage, the data is processed to

resolve for the correlation between the incoming signals, at a

cost of decreasing the degree-of-freedom (DOF) of the system,

i.e., the number of received multipath signals that could

be estimated effectively. Spatial smoothing is a conventional

approach for preprocessing, which divides the antenna array

into a smaller number of subarrays and the estimated data

covariance matrices obtained from each subarray are averaged.

For ULA, the array is divided into Nsub = N−C+1 subarrays

to decouple the eigenvectors of at most C coherent signals.

The spatially smoothed data is expressed as

Xss = [Xfss Xbss] ,

where Xfss and Xbss are the forward and the backward

spatially smoothed data, respectively, defined as

Xfss =
[

Jf 1X Jf 2X · · · JfCX
]

,

Xbss = [Jb1X Jb2X · · · JbCX] ,

Jf c =
[

0Nsub×(c−1) INsub
0Nsub×(N−Nsub−c+1)

]

∈ R
Nsub×N

Jbc =
[

0Nsub×(N−Nsub−c+1) INsub
0Nsub×(c−1)

]

∈ R
Nsub×N

for c = 1, · · · , C.

Then, the corresponding forward and backward spatially

smoothed data covariance matrices are estimated as

R̂
fss
xx =

1

CNs
XfssX

H

fss

R̂
bss
xx =

1

CNs
XbssX

H

bss.

Finally, the overall spatially smoothed data covariance matrix

is obtained by averaging both the forward and backward

subarrays as

R̂
ss
xx =

1

2

(

R̂
fss
xx + R̂

bss
xx

)

. (3)

For simplicity, the superscript “ss” is dropped for the rest of

the paper; however, the spatially smoothed data is used at any

further stage.



In the second stage, the system order is estimated, i.e., the

number of incoming signals. A classical technique to estimate

the order of the system is to estimate the number of repeated

small eigenvalues q (corresponding to the noise subspace) of

R̂xx, which theoretically, have the minimum value of the noise

variance. In other words, the remaining large M eigenvalues

of R̂xx correspond to the signal subspace and can obtained

directly as M = N − q. In practice, the smallest eigenvalues

representing the noise power will not be identical; instead,

they will appear as a closely spaced cluster. This makes it

practically impossible to find the q using the classical approach

and requires more advanced approaches to perform the task. To

this end, two well-known criteria to estimate the order of the

system are the minimum description length (MDL) criterion

and the Akaike information criterion (AIC) [26], [27]. The

estimate M̂ of the incoming signals can be expressed as M̂ =
argmin J , where

J =



















− ln

[ ∏
N

i=M
λi

1
N−M−1

1
N−M−1

∑
N

i=M+2 λi

](N−M−1)Ns

+ p̂m, MDL

− ln

[∏
N

i=M+2 λi

1
N−M−1

1
N−M−1

∑
N

i=M+2 λi

](N−M−1)Ns

+ p̂a, AIC,

where p̂m and p̂a are penalty functions [28].

In the third stage, the DOA of incoming signals is esti-

mated. This can be accomplished via the estimation of sig-

nal parameters via rotational invariance techniques (ESPRIT)

algorithm, which has relatively low computational cost and

high resolution. ESPRIT relies on the symmetric properties

and the invariance transformation characteristic of the applied

antenna array design (e.g., ULA). Algorithm 1 summarizes the

steps for the standard ESPRIT algorithm. Further details about

ESPRIT can be found in [29].

Algorithm 1 Standard ESPRIT Algorithm [29]

1. Perform singular value decomposition X = UΣV
H and

compute Us with the (M̂ + 1) dominant left singular values

2. Solve via total least squares, the invariance equation

J1UsΨ = J2Us,

J1 = [IN−1×N−1 0N−1×1] and J2 = [0N−1×1 IN−1×N−1]
3. Calculate the eigenvalues of the resulting complex-valued

solution

Ψ = TΦT
−1, with Φ = diag[φ1, · · · , φD].

4. Extract the angular information via

µm = arg(φd), 1 ≤ m ≤ (M̂ + 1)

φm = arcsin

(

−
−λ

2πm
µm

)

.

In the last stage, the weighing vector w of the antenna

elements is generated to steer the antenna array towards the

LOS while suppressing multipath signals. The beamformed

output can be expressed as

y = wH
X, (4)

The weighing vector can be generated using different beam-

formers; inhere, Capon’s beamformer is adopted according to

[19] as

w =
R̂

−1
xxa0(φ)

aH

0 (φ)R̂−1
xxa0(φ)

, (5)

where a0 is the LOS steering vector and computed as

a0 =
[

1, ejµu , · · · , e(N−1)jµu

]T

,

where µu = − 2π
λ d sin(θu) is the spatial frequency associated

with the u-th transmitter.

B. Deep Learning

This section gives an overview of ML application for spatial

discrimination to mitigate multipath. ML relies on patterns

and inferences of data sets to build a mathematical model

to be used to perform a specific task. The ML DNN can

be trained in supervised or unsupervised learning fashions to

make predictions and decisions. In supervised learning, each

instance in the data set is associated with a target, while

in unsupervised learning, the DNN learns the data sets that

have many features and tries to extract useful properties that

allows it to structure its target. In this paper’s context, the

training instances are associated with a specific output (i.e.,

system order or DOAs); thus, supervised learning is adopted.

Any ML algorithm could be broken into three parts: task T ,

performance P , and experience E [25].

The machine learning task T describes how the system

should process a collection of features captured in organized

datasets. A sample in a data set is represented as a vector

i ∈ Cn where each entry ij of the vector is a feature. Defining

the features of the data in the system can be as easy as

choosing the pixel values in an image as the feature or can

much more involved in other application. The two common

challenges in T are: (1) the number of variables capturing the

features and (2) the corresponding size of the network required

to avoid overfitting of uninformative inputs or underfitting if

some features are missing due to missing inputs. This paper

proposes two different DNNs which perform two different

tasks: (i) estimate the system order and (ii) estimate the

DOAs of incoming signals impinging on the antenna array.

In ML language, the first task is considered to be a purely

“regression” task between the input vector i1 and the output

o1. The second task is a mix of “regression” and “structured

output” tasks, where input i2 and output o2 are both vectors;

however, the output here does not need to be fully structured

together, i.e., the output elements do not require to be in a

chronological order.

The performance P is needed to evaluate the abilities of

a proposed ML system. The performance measure is specific

to the task under consideration. The performance of different

tasks could be measured using different performance metrics

(e.g., accuracy of the model, error rate, average-log probability,

etc.). In the proposed approach, while the target to be estimated

is known, it is impractical to measure the true states of

multipath components. Thus, an alternative criterion should



be considered. To this end, the normalized squared error is

used to evaluate the training stage and a test set of data that is

separate from the data used for training the ML is applied to

the trained network to assess performance. Also, the DOA of

LOS signals of known transmitters (not multipath components)

are known and can be used to provide a performance measure

on the trained DNN.

The core of the ML system is the experience E, also known

as the training process. The experience can be categorized

into supervised and unsupervised. The proposed system is

a supervised system, where the dataset is pre-defined and

the training is performed once for each network using the

entire training dataset. The dataset experienced by the learning

algorithm contains the feature in each sample, where each

sample is associated with a target. A challenge in real-world

applications is to generate appropriate datasets that capture

real scenarios. This challenge is particularly significant in

signal-based applications, considered in this paper, due to

the multitude of factors that can affect the observed data.

This paper develops an approach to generate reliable datasets

to train the DNNs and studies the most significant factors

that affects the DNNs’ design. This proposed DNNs will be

trained using the backpropagation algorithm, summarized in

Algorithm 2. The backpropagation algorithm is used to find

each weights’ contribution with respect to the error function

and it minimizes a pre-defined error metric E as ∂E/∂θ
(k)
i,j ;

where θki,j is the weight between j-th neuron in (k−1)-th layer

and i-th neuron in k-th layer. The following notation will be

used: the superscripts “(o)” and “(l)” denotes the output and

l-th layer, respectively, a
(k)
i denotes the activation function of

i-th neuron in k-th layer, z
(k)
i denotes the output of the neuron

before applying the activation function, δ
(k)
i = ∂E/∂z

(k)
i

which called the delta error, and w
(k−1),(k)
i,j denotes the weight

between the i-th neuron in the (k−1)-th layer and j-th neuron

in the k-th layer.

III. DNN: DESIGN AND TRAINING

This section presents the training process, design, and

computational cost of the proposed DNNs.

A. Training Process

Backpropagation is used as a training algorithm. For the

training datasets, it is impossible to generate real datasets

from real experiments due to the intractable properties of such

data. Specifically, it is virtually impossible to get the true

order of the system and the DOA of incoming signals in a

real multipath scenario. An alternative solution is to rely on

simulating datasets that describe real scenarios as much as

possible. As a proof of concept, this paper bases its analysis

using simulated and real LTE signals. It is worth mentioning

that the proposed approach is agnostic to the signal type, and

the proposed approach can be applied to other signals, e.g.,

GNSS, 5G, digital television, etc. This paper considers three

multipath-challenging environments: (i) indoor office building

(IOB), (ii) indoor open ceiling (IOC), and (iii) outdoor urban

area (OUA).

Algorithm 2 Backpropagation Algorithm [30]

1. Initialize the process and calculate the error at the output

layer K
δ(o) = ∇(o)

a ⊙ g
′

(z(o)), (6)

where ⊙ is the Hadamard product, g
′

(z(o)) is the partial

derivative of the composite activation functions for all neurons

at output layer, and ∇
(o)
a is a gradient vector for the output

layer.

2. Propagate the error back as

δ(l) = (θ(l+1)Tδ(l+1))⊙ g
′

(z(l)). (7)

3. Calculate the rate of error as

∂E

∂θ
(l)
i,j

= a
(k−1)
j δ

(l)
i , (8)

where a
(l−1)
j reveals the stimulation of each neuron.

4. Update the weights as follows

w
(l−1),(l)
i,j = w

(l−1),(l)
i,j − ν

∂E

∂w
(l−1),(l)
i,j

, (9)

where ν is the learning rate.

For the purpose of generating reliable training datasets, an

LTE simulator was developed to provide high fidelity channel

impulse response (CIR) estimates. The block diagram of the

simulator is presented in Fig. 3. The simulator has two stage:

(i) user interface and (ii) LTE signals simulation. In the first

stage, the user sets the receiver’s trajectory and dynamics in a

locally-generated map, along with the LTE base stations’ (also

known as evolved Node Bs or eNodeBs) positions, carrier

frequency fc, and bandwidth. The LTE bandwidth can take

different values between 1.4 to 20 MHz [31]. The channel pa-

rameters are defined based on the chosen environment among

the three aforementioned scenarios. The channel parameters

include path loss exponent, shadowing standard deviation, and

multipath parameters.

In the second stage, the range and Doppler shift time

histories are generated for each antenna element of the antenna

array based on the pre-defined parameters: trajectory, dynam-

ics, eNodeBs’ position, and fc. A Rician channel model is

adopted to describe the wireless channel in which signals are

propagating, where the received signal can be expressed as

x(t) =

M
∑

i=0

ai exp(j(2πfct+ θi)), (10)

where ai and θi are the amplitude and phase of the i-th
multipath signal, respectively; fc is the carrier frequency of

the received signal; i = 0 represents the LOS component;

and θ0 ≡ 0. The received complex envelope has a Rician

distribution give by

p(r) =
r

σ2
e

(r2+A
2)

2σ2 I0(
rA

σ2
), (11)



Fig. 3. LTE simulator block diagram

where A is the peak amplitude of the dominant signal, σ2 is

the variance of the multipath components, and I0 is the zero-

order modified Bessel function of the first kind. The Rician

factor K is defined as K = A2

2σ2 , which is the ratio of the

power contributions by LOS to the remaining M multipath

components. The RMS delay spread is the square root of the

second central moment and is defined as

σRMS =

√

τ̄2 − (τ̄ )2, (12)

where τ̄ and τ̄2 are the mean excess delay and the mean

square excess delay, respectively. Different multipath environ-

ments are represented using different parameters, specifically

by varying K and σ. To this end, LTE channel character-

ization from the literature are used to set Ki and σi for

i ∈ {IOB, IOC,OUA} [32]–[34]. Table I summarizes the

simulation parameters for the different environments.

Next, the LTE reference signals are generated, namely, pri-

mary synchronization signal (PSS), secondary synchronization

signal (SSS), and cell-specific reference signals (CRS). The

CRS will be used later to estimate the CIR, which has the same

bandwidth as the LTE system (up to 20 MHz). The generated

LTE samples are fused with the computed range and Doppler

shifts, and multipath components are merged for each antenna

element along with LOS component at each time instance.

Then, the signals are converted to frame structure and other

channel effects are introduced, namely., noise, path loss, and

shadowing; which differ from one environment to another as

shown in Table I.

B. DNN Design

DNN design requires defining the terms that characterize its

performance and shape as follows:

• Depth: the total number of layers in the network (exclud-

ing the input layer). A network with one hidden layer is

called a 2-layer DNN.

• Width: the number of neurons in each layer

• Size: the total number of neurons in the network

• Architecture: the connections between different layer and

nodes in the network

• Capacity representation: the functions that the network is

capable of learning.

TABLE I
LTE CHANNEL PARAMETERS FOR DIFFERENT ENVIRONMENTS

Parameter

Indoor

Office

Building

Indoor

Open

Ceiling

Outdoor

Urban

Area

K-factor 0–0.5 0.5–1 1–2

RMS delay spread 200–250 ns 1–5 µs 10–20 µs

Path loss exponenet 3 2.7 2.4

Shadowing standard

deviation [dB]
10 8 4

To characterize the proposed DNNs, the aforementioned

terms needs to be determined. It is worth mentioning that

there is no analytical way to find the optimal number of layers

and the number of the neuron for each layer when designing

an artificial network. One way to address this challenge is

to predict a specific model via experimentation, which is

mainly by following a sequence of experiments to discover

what works the best. Recent studies showed that one of the

aforementioned terms can be traced in some applications,

which is the depth of the model [25]. The depth of the model

can be set based on the number of sequential instructions that

must be executed in the conventional architecture. The design

of the proposed DNNs is discussed next: (i) DNN-based MOE

and (ii) DNN-based DOA estimator.

1) DNN-MOE: Conventional model order estimators like

MDL and AIC perform a 2-D clustering of the eigenvalues of

the estimated data covariance matrix and divide the spanned

space into two subsets: signals subspace and noise subspace.

Then, the minimum depth of the proposed DNN-MOE can be

achieved by a 2-layer MLP. However, this is assuming that

the DNN is going to learn the same model, which is neither

necessarily nor desirable. Thus, experimentation is performed

to evaluate the optimal size of the proposed network. To

do so, an incremental order selection (IOS) algorithm is

applied, in which the size of the DNN started with 1-2-DNN1

and increased gradually to 50-25-DNN. For each training

configuration, the following is adopted:

• The stopping criterion is determined when the gradient

norm is less than a pre-defined threshold.

• The samples are divided into 60% for training, 20 % for

testing, and 20% for selection; where selection data is

used to determine how the network performs with new

data which determines the generality of the trained DNN.

• The final training error and the final selection error were

recorded to measure how successful the training is and

how the network performs with new data, respectively.

The above training procedure was applied for each of the

three environments. Table I summarizes the DNN design

1i-j-DNN denotes a DNN with j layers and i neurons in each layer



settings. Each of the three environments has eight datasets

corresponding to N ∈ {4, 8, 12, · · · , 32} antenna array sizes.

Each sample in the datasets was chosen randomly from a

uniform distribution with support 1 through N . The upper limit

N was chosen to enable fair comparison with conventional

model order estimators: MDL and AIC. The final selection

and training errors for a specific size were averaged over the

eight datasets, in order to find a sub-optimal design that is

applicable to different antenna array sizes. For each dataset, the

input vector i1,N is of length N , and contains the eigenvalues

of the estimated data covariance matrix.

Fig. 4 illustrates the training results, from which the follow-

ing can be concluded:

• Two-layer DNNs with different number of neurons appear

to be a good design for the DNN-MOE, since such DNNS

have low final training and selection errors (but with

different number of neurons).

• The training and selection errors increase approximately

monotonically with the size of the DNN.

• The errors start to increase significantly as the DNN size

increases, which can be explained due to oversized DNN

and the overfitting of training process.

In light of these results, one can identify the DNNs yielding

the minimum errors in each of these environments with their

corresponding training results as shown in Table III.

TABLE II
DNN DESIGN SETTINGS

Parameter Value

Number of datasets 8

Number of samples per data set 1000

Size of antenna array N = 4, 8, 12, · · · , 32

Order of the system M ∼ U(1, N)

Gradient norm threshold 1× 10−4

Maximum number of training epochs 1000

0
50 40 50

1

Number of neurons

30 403020
Number of layers

2

2010 100 0

Final training error Final selection error

0
50 40 50

10-3

30
Number of neurons

403020
Number of layers

5

2010 100 0

0
60

5040

0.005

40

Number of neurons
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Number of layers
20 20

0.01

100 0

(c)

(b)

(a)

Fig. 4. The final training error and selection error of the proposed DNN-MOE
for different number of layers and neurons: (a) IOB, (b) IOC, (c) OUA.

TABLE III
OPTIMAL DESIGN AND TRAINING CHARACTERISTICS OF DNN-MOE

Environment
Optimal

design

Optimal

learning

rate ν

Normalized

squared

error

Number of

training

epochs

IOB 4-2-DNN 1.4× 10−4 0.00265 242

IOC 3-2-DNN 3.2× 10−4 0.00218 178

OUA 2-3-DNN 3.7× 10−4 0.00202 79

2) DNN-DOAE: For conventional DOA estimators, e.g., the

standard ESPRIT algorithm, it is virtually impossible to track

the number of sequential instructions required to produce DOA

estimates given the eigenvectors of the data covariance matrix.

This rises the importance of experimentation in designing the

DNN and come up with a sub-optimal design for the proposed

DNN-DOAE. The DNN-DOAE design follows the same steps

of the DNN-MOE, except:

• The input vector contains the eigenvectors of the sig-

nal subspace, i.e., the eigenvectors corresponding to the

largest (M̂ + 1), where M̂ is the system order that has

been estimated by the proposed DNN-MOE. The size

of the input vector i2,N is 2(M̂ + 1)N , where the “2”

appears here due to complex-valued elements, as each

element is divided into 2 real-valued inputs in the DNN.

• The input vector does not include the eigenvectors of the

noise subspace. The reason for this was that once the

noise subspace was included, the DNN training process

never converged. This could be justified by knowing that

the DNN was trying to capture the correlations between

the noise subspace and the DOA estimates, which do not

exist.

The DNN-DOAE settings are identical to these of the DNN-

MOE shown in Table II. Fig. 5 illustrates the training results,

from which the following can be concluded:

• The DNN-DOAE results in higher training and selection

errors, which can be justified due to the nature and

complexity of the task compared to the previous one.

• Unlike DNN-MOE, the errors here possess a nonmono-

tonic behavior, where it starts high, then decreases as size

increases, and at some point, it starts to increase back as

the size increases. This convex shape can be justified by

the high errors due to underfitting for small DNN sizes

and oversized DNN for large sizes.

In contrast to the DNN-MOE results, the minimum training

and final errors do not yield the same exact DNN size; how-

ever; they point the same region. Table IV presents the optimal

design of the proposed DNN-DOAE in different environments

and their training results.

C. Computational Cost

One method to assess the efficiency of the DNN is to trace

the asymptotic complexity of the network. In this section,

the computational complexity is studied based on the size of

the input vector i1/2, the number of layers denoted by L,

the number of neurons in each layer denoted by n(l), and
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Fig. 5. The final training error and selection error of the proposed DNN-
DOAE for different number of layers and neurons: (a) IOB, (b) IOC, (c)
OUA.

TABLE IV
OPTIMAL DESIGN AND TRAINING CHARACTERISTICS OF DNN-DOAE

Environment
Optimal

design

Optimal

learning

rate ν

Normalized

squared

error

Number of

training

epochs

IOB 5-5-DNN 6.8× 10−5 0.0621 418

IOC 3-5-DNN 8.8× 10−5 0.0584 333

OUA 8-4-DNN 9.1× 10−5 0.0551 287

the backpropagation as a training algorithm with I iterations.

Referring to algorithm 2, the input neurons can be treated as

any other neuron in the hidden layer with their own activation

functions, defined as a(0). The gradient vector run time can

be estimated as a constant based on the number of layers as

time∇a = L. (13)

The complexity of the delta error for layer “(l)” is dependent

on the number of neuron n(l) as

O(timeδ(l)) = n(l)2 + n(l)3. (14)

Then, the total complexity among all layers is expressed as

O(timeδ(L)) =

L
∑

l=0

(n(l)2 + n(l)3). (15)

The run-time complexity of calculating the weights can be

ignored with respect to the order of complexity in (15). To

this end, the total time complexity after performing I gradient

descent iterations and including (13) can be approximated as

O(timetotal) = I ·

L
∑

l=0

(n(l)2 + n(l)3) + L. (16)

IV. NAVIGATION FRAMEWORK AND CASCADED

DNN-BASED MULTIPATH MITIGATION

This section presents the navigation framework, which is

adapted from the one developed in [23]. The navigation

framework block diagram is shown in Fig. 6, which can be

divided into three sub-blocks: (i) LTE navigation receiver, (ii)

beamformer, and (iii) extended Kalman filter (EKF). The LTE

receiver estimates the CIR by tracking the CRS and produces

the carrier phase measurements. The CIRs are stacked from N
antenna elements, which can correspond to either a physical

or a synthetic antenna array [24]. In the beamforming stage,

the data covariance matrix is estimated as in (2). For the

conventional approach, spatial smoothing is applied and M̂ is

estimated using either the MDL or AIC criteria, then algorithm

1 is applied to get the DOA estimates. For the proposed DNN

approach, the DNN-MOE replaces the prefiltering and the con-

ventional MOEs, and the DNN-DOAE replaces the standard

ESPRIT algorithm. Then, the data is beamformed towards

the LOS DOA while nulling the multipath components. The

beamformed data is fed back to the LTE receiver and corrected

carrier phase measurements are produced. In the EKF the

stage, the measurements are fed to the EKF to estimate the

state vectors

ζ ,

[

ζT

rx, ζ
T

clk

]T

,

where the receiver’s position and velocity states are defined

as ζrx ,

[

rT, ṙT
]T

, and the clock error state vector is

defined as ζclk ,

[

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 relative clock bias and drift between

the receiver and u-th eNodeB. Note that in Fig. 6, k and j
are discrete-time instances where k > j. The EKF assumes

that ζrx evolves according to velocity random walk dynamics

while ζclk evolves according to a double integrator driven by

process noise [23].

It is worth mentioning that the online computational cost

of the DNN-MOE (i.e., after training) is O(N) compared

to O(MDL) ≈ O(AIC) ≈ O
(

∑N−1
i=0 log

(

1
N−i

)

+ 2N
)

≈

O (2N).

EKF
Update

Clock
Models

Random
Walk
Model

ζ̂(kjj)
Preprocessing

and
Sampling Loops

and Tracking
Correlators

Data

ζ̂(kjk)

Mitigation
Multipathζ̂(kjk) Data

Formulation

Velocity

ζ̂(kjk)

y(k)

X

EKF: Extended Kalman filter Conventional DNN approach

Fig. 6. Navigation framework block diagram

V. MOE: CONVENTIONAL VERSUS DNN-BASED

This section assesses the performance of the proposed

DNN-MOE versus conventional approaches. A simulation

was conducted (assuming IOB environment) to evaluate the

percentage of success of the DNN-MOE in estimating the true



TABLE V
SIMULATION SETTINGS FOR DNN-MOE PERFORMANCE EVALUATION

Case N Mmax Number of samples

(i) 6 10 5000

(ii) 12 18 5000

(iii) 24 30 5000

(iv) 32 40 5000

order of the system, where four different cases are assumed.

Table V summarizes the simulation settings. Fig. 7 presents

the performance for different cases and Table VI summarizes

the results. In light of these results, the following conclusions

can be drawn:

• The proposed DNN-MOE clearly outperforms the MDL

and the AIC estimators for M ≤ N .

• The success rate of MDL and AIC for M > N is zero

as expected, where M is greater than the DOF of the

array, which is N for both models. However, the DNN-

MOE was capable of estimating orders greater than N ,

even producing comparable success rates compared to

M ≤ N . This result implies that unlike MDL and AIC,

the DNN-MOE may not be just learning the 2-D cluster-

ing of eigenvalues to estimate the order, it could also be

performing a higher dimensional clustering where more

variations of inputs are represented in the learned model.

Another test was performed to encourage/discourage the

proposed argument, i.e., the input order selection, which

is a method to improve the quality of the predictions by

extracting the subset of inputs that have more influence

on the learning process. In cases where the trained DNN

was constrained to the condition of M ≤ N , the input

selection resulted in excluding few inputs due to their

weak influence; however, for M > N , the input selection

method resulted in including all N inputs, which supports

the proposed justification.

• The success rate of DNN-MOE drops for M ≫ N
• The overall success rate of the proposed DNN-MOE

decreases as N increases (still outperforms conventional

MOEs). However, for this navigation application, the size

of the antenna array is usually not very large due to: (a)

focusing on mitigating the most powerful multipath and

(b) having size-constraints on navigation devices.

VI. EXPERIMENTAL RESULTS

This section validates the DNN-based beamforming pro-

cess proposed in Section III. Four experimental studies are

presented in which LTE signals are exploited for naviga-

tion according to the framework discussed in Section IV in

multipath-rich environments. The experiments consider both

(i) pedestrian indoor navigation and (ii) ground vehicle urban

navigation. Table VII summarizes the experimental environ-

ments.

A. Experiment 1: Pedestrian Indoor Navigation with LTE

Signals

This subsection presents experimental results in three dif-

ferent IOB environments. For all experiments, the IOB-DNN

offline-trained DNNs are applied in the DNN-based beam-

forming block shown in Fig. 6.

TABLE VI
ORDER ESTIMATION PERFORMANCE COMPARISON

Case Condition MDL AIC DNN-MOE

(i)

Success for M ≤ N [%]

Success for M > N [%]

Overall Success [%]

67.56

0

37.44

59.65

0

33.06

99.78

98.75

99.76

(ii)

Success for M ≤ N [%]

Success for M > N [%]

Overall Success [%]

57.01

0

36.60

52.02

0

33.40

92.65

88.14

90.98

(iii)

Success for M ≤ N [%]

Success for M > N [%]

Overall Success [%]

41.41

0

32.74

40.7

0

32.18

74.80

65.58

72.92

(iv)

Success for M ≤ N [%]

Success for M > N [%]

Overall Success [%]

35.03

0

27.88

36.29

0

28.88

62.05

57.29

61.1

TABLE VII
EXPERIMENTAL ENVIRONMENTS

Experiment Environment
Traversed

distance [m]
Duration [s]

1-a IOB 88.8 49

1-b IOB 126.8 100

1-c IOB 109 50

2 OUA 1440 90

1) Experiment 1-a: This experiment was conducted at the

Engineering Gateway building in the University of California,

Irvine, USA. The pedestrian-mounted receiver receives signals

from three U.S. cellular providers: T-Mobile, Verizon, and

AT&T, transmitting at four different frequencies, as summa-

rized in Table VIII. Due to hardware limitations, LTE signals

for different carrier frequencies were collected in different

runs, i.e., the same trajectory was traversed four different times

and for each run, the receiver was tuned to a different carrier

frequency. The position RMSE between trajectories from

different runs referenced to the first trajectory was calculated

to be 0.68 m. For each run, the receiver was equipped with two

consumer-grade cellular omnidirectional Laird antennas to col-

lect data from the same carrier frequency, which we connected

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

radio peripherals (USRPs)-2954R to simultaneously down-mix

and synchronously sample LTE signals at 20 Msps. The signals

were processed in a post-processing fashion using MATLAB.

Fig. 8 shows the environment layout in which the experiment

was performed, the eNodeBs’ positions from which signals

were collected, and the experimental hardware and software

setup. The ground truth was obtained with a camera that

was mounted on the moving cart (facing downward), which

was pushed by the pedestrian to record location of specific

landmarks placed on the ground with known locations. Fig.

9 shows the receiver’s ground truth trajectory versus the

navigation solution from: (i) standard SAN-LTE and (ii) the

proposed DNN-based SAN framework. Table IX summarizes

the experimental results. Fig. 10(i) compares the LOS DOA

RMSE of the standard ESPRIT algorithm versus the DNN-

DOAE for different LTE eNodeBs over the entire experiment.
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Fig. 7. Success rate for both MDL, AIC, and DNN-MOE versus system order
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Fig. 8. Environmental layout and experimental setup for experiment 1-a: (a)
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Fig. 10. LOS DOA RMSE comparison of standard ESPRIT versus DNN-
based DOA estimator for all experiments and each LTE eNodeB: (i) experi-
ment 1-a, (ii) experiment 1-b, (iii) experiment 1-c, and (iv) experiment 2.

TABLE VIII
LTE ENODEBS’ CHARACTERISTICS: EXPERIMENT 1-a

eNodeB

Carrier

frequency

[MHz]

NCell

ID

Bandwidth

[MHz]

Cellular

provider

1 1955 11 20 AT&T

2 1955 315 20 AT&T

3 2112.5 178 20 AT&T

4 1955 93 20 AT&T

5 2125 223 20 Verizon

6 2145 394 20 T-Mobile

7 2125 339 20 Verizon

2) Experiment 1-b: The second experiment started in one

side of the Engineering Gateway building as in Experiment

1-a then transitioned across an indoor bridge connecting the

building to another side of the building. A quad-channel NI

USRP-2955 was connected to the pedestrian-mounted receiver

to sample LTE signals with a sampling rate of 10 Msps. The



TABLE IX
INDOOR POSITIONING PERFORMANCE COMPARISON: EXPERIMENT 1-a

Framework RMSE [m]
Standard

deviation [m]

Maximum

error [m]

LTE-SAN 2.62 1.76 5.56

LTE-DNN-SAN 1.67 1.12 3.37

LTE eNodeBs’ characteristics are summarized in Table X. The

sampled LTE signals were transferred from the USRP-2955 via

a PCI Express cable and stored on a laptop for post-processing.

Fig. 11 shows the environment layout in which the experiment

was performed, the eNodeBs’ positions from which signals

were collected, and the experimental hardware and software

setup. Fig. 12 shows the receiver’s ground truth trajectory

versus the navigation solution from: (i) standard SAN-LTE

and (ii) the proposed DNN-based SAN framework. Table XI

summarizes the experimental results. Fig. 10(ii) compares the

LOS DOA RMSE of the standard ESPRIT algorithm versus

the DNN-DOAE for different LTE eNodeBs over the entire

experiment.
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Fig. 11. Environmental layout and experimental setup for experiment 1-b:
(a) LTE eNodeBs’ positions, (b) Engineering Gateway building where the
experiment was performed and the ground truth trajectory, (c) experimental
setup, and (d) sample photos of the environment.

TABLE X
LTE ENODEBS’ CHARACTERISTICS: EXPERIMENT 1-b

eNodeB

Carrier

frequency

[MHz]

NCell

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

3) Experiment 1-c: This experiment was conducted in the

Winston Chung Hall building at the University of Califor-
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Fig. 12. Navigation solution for experiment 1-b.

TABLE XI
INDOOR POSITIONING PERFORMANCE COMPARISON: EXPERIMENT 1-b

Framework RMSE [m]
Standard

deviation [m]

Maximum

error [m]

LTE-SAN 3.93 1.65 5.63

LTE-DNN-SAN 3.38 1.97 5.52

nia, Riverside, USA. The pedestrian-mounted receiver was

equipped with a dual-channel USRP-2954R and two single-

channel USRPs-2920. Several tags were placed at known

locations on the ground before performing the experiment.

Over the course of the experiment, a smart phone camera

was used to record the location of the receiver using the tags

on the ground, which were later used as the ground truth.

Fig. 14 shows the receiver’s ground truth trajectory versus the

navigation solution from: (i) standard SAN-LTE and (ii) the

proposed DNN-based SAN framework. Table XII summarizes

the experimental results. Fig. 10(iii) compares the LOS DOA

RMSE of the standard ESPRIT algorithm versus the DNN-

DOAE for different LTE eNodeBs over the entire experiment.
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Fig. 13. Environmental layout and experimental setup for experiment 1-c:
(a) LTE eNodeBs’ positions, (b) Winston Chung Hall building where the
experiment was performed and the ground truth trajectory, (c) experimental
setup, and (d) sample photos of the environment.
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TABLE XII
LTE ENODEBS’ CHARACTERISTICS: EXPERIMENT 1-c

eNodeB

Carrier

frequency

[MHz]

NCell

ID

Bandwidth

[MHz]

Cellular

provider

1 739 144 10 AT&T

2 2145 490 20 T-Mobile

3 1955 262 20 AT&T

4 2145 383 20 T-Mobile

5 751 156 10 Verizon

B. Experiment 2: Ground Vehicle Urban Navigation with LTE

Signals

This experiment was conducted in an urban multipath

environment: downtown Riverside, CA, USA. The ground

vehicle-mounted receiver was receiving signals from four

eNodeBs corresponding to the U.S. cellular provider AT&T,

transmitting at two different frequencies, as summarized in

Table XIV. The receiver was equipped with two consumer-

grade cellular omnidirectional Laird antennas and a dual-

channel NI USRP-2954R, driven by a GPS-disciplined oscilla-

tor (GPSDO) to simultaneously down-mix and synchronously

sample LTE signals with 20 Msps. The signals were processed

in a post-processing fashion using MATLAB. Fig. 15 shows

the experimental hardware and software setup and sample

images of the environment. The GPS signal, which was down-

mixed and sampled by a single-channel NI USRP-2930m was

used later to produce the vehicle’s “ground truth” trajectory.

Fig. 16 shows the environmental layout, eNodeBs’ position,

and the receiver’s ground truth trajectory versus the navigation

solution from: (i) standard SAN-LTE and (ii) the proposed

DNN-based SAN framework. Table XV summarizes the ex-

perimental results. Fig. 10(iv) compares the LOS DOA RMSE

of the standard ESPRIT algorithm versus the DNN-DOAE for

different LTE eNodeBs over the entire experiment.

C. Discussion

The previous results clearly demonstrate the efficiency of

the proposed DNN-based multipath mitigation approach. It

should be noted that these environments are multipath-rich,

TABLE XIII
INDOOR POSITIONING PERFORMANCE COMPARISON: EXPERIMENT 1-c

Framework RMSE [m]
Standard

deviation [m]

Maximum

error [m]

LTE-SAN 4.05 2.43 11.48

LTE-DNN-SAN 1.73 1.22 9.63
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Fig. 15. (a) Experimental setup and (b) sample photos for experiment 2.
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Fig. 16. Environment layout, the eNodeBs’ locations, and the traversed
trajectory of experiment 2.

making them challenging for radio navigation. Nevertheless,

the proposed DNN-based approach produced unprecedently

accurate navigation, exclusively with cellular LTE signals pro-

cessed with commercial off-the-shelf (COTS) radio frequency

front ends, and with fusing any additional sensors or high-end

components.

VII. CONCLUSION

This paper presented a deep learning-based beamforming

approach to mitigate multipath. The proposed approach ad-

dresses the limitations of conventional beamforming algorithm

by developing a DNN-based model order and DOA estimators

to replace the conventional approaches. The training and

design processes of the proposed DNNs are discusses for

different environments. The paper assesses the performance



TABLE XIV
LTE ENODEBS’ CHARACTERISTICS: EXPERIMENT 2

eNodeB

Carrier

frequency

[MHz]

NCell

ID

Bandwidth

[MHz]

Cellular

provider

1 739 152 10 AT&T

2 1955 216 10 AT&T

3 739 232 10 AT&T

4 739 288 10 AT&T

TABLE XV
INDOOR POSITIONING PERFORMANCE COMPARISON: EXPERIMENT 2

Framework RMSE [m]
Standard

deviation [m]

Maximum

error [m]

LTE-SAN 2.74 2.03 8.23

LTE-DNN-SAN 2.16 1.13 4.70

of DNN-based MOE versus the conventional approaches via

simulations. The performance of the proposed approach is

validated experimentally in four different multipath-rich envi-

ronments corresponding to pedestrian indoors and ground ve-

hicle urban navigation with cellular LTE signals. The proposed

system reduces the position root mean-squared error (RMSE)

compared to the state-of-the-art SAN-based beamforming by

36.26%, 13.99%, 57.28%, and 21.17% in the four experiments.
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