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Abstract—Binary Offset Carrier (BOC) modulation is used in
the Global Navigation Satellite System (GNSS). Unlike Binary
Phase Shift Keying (BPSK) in the Global Positioning System,
BOC-modulated signals have side-peaks in the autocorrela-
tion function (ACF) leading to positioning errors in multipath
channels. This paper introduces a two-stage BOC first arrival
path detection network (BOC-FPDNet). This includes side-peaks
cancellation (SC) and multipath time delay estimation (MDE) for
BOC modulation. The SC is a deep learning-based method that
cancels side-peaks without added computational load or noise
increase. The MDE uses Multi-head attention to extract ACF
output features and consists of two heads , positive and negative
sample detector, for time delay estimation. The effectiveness
of BOC-FPDNet is demonstrated by comparing it to super-
resolution and other deep learning detection techniques in various
multipath channel simulations and real urban data. Results
show BOC-FPDNet provides superior side-peak cancellation and
accurate BOC-modulated signal detection.

Index Terms—GNSS, BOC, Multipath.

I. INTRODUCTION

Today, positioning has become a key technology span-
ning various domains, from smartphones to autonomous
vehicles. Outdoor positioning to date has heavily relied on
Global Navigation Satellite Systems (GNSS) such as the
Global Positioning System (GPS), Galileo, Glonass, and Bei-
dou [1]. Many GNSSs employ Binary Phase Shift Keying
(BPSK) modulation, a form of direct sequence spread spec-
trum (DSSS) where data is transmitted over a broad bandwidth
due to system-specific pseudorandom noise (PN) codes. Other
GNSSs have adopted a range of split-spectrum modulations
known as Binary Offset Carrier (BOC) modulation, aiming to
enhance positioning performance and to mitigate inter-system
interference [2]-[5].

In the process of the positioning using satellite signals,
GNSS receivers undergo two primary stages: Acquisition
and Tracking. These stages correspond to coarse and fine
searches, respectively. In both stages, the correlation between
the received signal and the replica PN sequence generated
by the receiver is analyzed to detect the signal’s time delay.
This time delay incorporates errors due to influences from the
ionosphere, troposphere, and multipath channels during the
satellite signal’s propagation. Advances in technology have
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ushered in continuous improvements in common error model-
ing and correction techniques related to the troposphere and
ionosphere in GNSS [6], [7]. However, the multipath channels,
where wireless signals encounter reflection, diffraction, and
scattering due to surrounding obstacles and thus reach the
receiver through various paths, are highly dependent on the
surrounding environment. As a result, it’s challenging to model
it mathematically or to estimate its associated errors.

In the multipath channel, the direct (or Line of Sight, LOS)
signal arriving at the receiver can be significantly attenuated
or blocked, and, in some cases, other multipath signals (echo
signals) may reach the receiver with a higher power level than
the attenuated LOS signal [8]-[10]. In such scenarios, the re-
ceiver may regards echo signal as the primary received signal,
leading to ranging errors that vary from several to hundres of
meters [11]-[13]. Presently, environment-dependent multipath
error has emerged as the dominant factor for positioning inac-
curacies in receivers, and a definitive solution for mitigating
multipath errors remains elusive [14].

Conventional GNSS receivers measure the time delay of
the received signal by detecting the maximum peak in the
sampled autocorrelation function (ACF) output envelope (ACF
output) between the received signal and the replica signal
generated by the receiver. In a multipath channel environment,
the ACF output of the received BPSK-modulated signal has
a triangular function-shaped peak in the time delay indicating
each path. In a less multipath-affected environment close to
the open sky, the first arrival path (FP) is likely to have the
highest power, so the multipath error may be small at the
receiver [15]. On the other hand, due to the BOC sub-carrier,
the ACF output of a BOC-modulated signal that possesses
side-peaks (i.e., fluctuating) can have a maximum peak in
the ACF output that has a larger amplitude than the FP’s
main peak in multipath channel environments. As a result, the
maximum peak may point to the echo path or side peaks. This
situation frequently occurs in GNSS that use BOC modulation
and other modulations derived from BOC (e.g., Composite
BOC (CBOC), Time-division BOC (TMBOC), Alternative
BOC (AItBOC)). Therefore, accurately detecting the FP time
delay of the received signal in multipath channel environments
and reducing the ambiguity of the autocorrelation of BOC
modulation is a significant issue [16], [17].

Numerous studies have been conducted to reduce the am-
biguity of the ACF main peak of BOC-modulated signals to
enhance ranging accuracy [18]-[23]. The Bump-jumping tech-
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nique proposed in [18] detects the main peak by comparing the
current peak to its neighboring peaks. However, this technique
tends to be ineffective with low signal power. In [19], a
BPSK-like approach was presented that addresses the BOC
modulation as a sum of two BPSK modulations, resolving
the ambiguity problem. Still, the BPSK-like approach compro-
mises the signal tracking capability due to the narrowed width
of the ACF main peak. [20] presented a technique subtracting
the cross-correlation function of the BOC-modulated signal
and the PN sequence from the ACF output, but this technique
is only applicable to sine-phased BOC (BOCs) modulation.
On the other hand, the techniques introduced in [21] and
[22] are applicable to both BOCs and cosine-phased BOC
(BOCc), but [21] doesn’t effectively remove the side-peaks,
and [22] shows worse signal tracking performance than the
conventional ACF output, especially when the sub-carrier
frequency is much greater than the chip rate. [23] presented
a side-peaks cancellation (SC) approach that is simple and
outperforms other SC techniques. However, it’s susceptible to
increased noise influence due to being generated by multiple
subcorrelation’s non-coherent integration.

Recently, [24] introduced DEEP Picker that utilizes Deep
Learning (DL) to estimate parameters of each peak from inputs
with multiple overlapping envelopes and to separate these
peaks. It has been demonstrated that a data-driven approach
can effectively analyze chaotically overlapped envelopes, and
the consistency of its performance was also validated. The SC
technique in this paper modifies the structure of DEEP Picker
adapting it to be optimized for the SC task. This modification
allows the technique to execute SC on the highly variable
multipath channel environment’s BOC ACF output without the
necessity for multiple subcorrelation processes. With reference
to a noise-free ACF output, there is no increase of noise. A
comprehensive discussion on the SC used in BOC-FPDNet is
provided in Section III.

To mitigate multipath errors, mathematical (deterministic)
models based on [25]-[27] have been proposed. However,
they still showed significant performance degradation in terms
of positioning in NLOS channel environments. Subsequently,
estimation techniques inspired by probabilistic models, such
as the Space-alternation generalized expectation-maximization
algorithm (SAGE) based on Maximum Likelihood (ML) and
the Least-squares-based Iterative Multipath Super-resolution
technique (LIMS) based on Super Resolution (SR), were
introduced. Despite their advancements, these methods had
the drawbacks of requiring immense computational costs due
to the iterations and the need to pre-assume the number
of multipaths. They also continued to show limitations in
accuracy [28], [29].

With the advancement of computing technology, the use
of Neural Networks (NN) has become prevalent in various
fields [30]. NNs have demonstrated high performance in tasks
such as classification [31]-[35], detection, and localization. In
[15], the FPDNet, which mitigates multipath errors in GPS
receivers, was introduced using MLP-Mixer, a highly effi-
cient NN offering high performance relative to computational
demands. However, FPDNet targets only BPSK-modulated
signals that lack high amplitude side-peaks like BOC. This

limitation makes its application in GNSS restricted. Further-
more, since the final output of the NN is a time delay, there is
insufficient conclusive evidence for detecting peaks in the ACF
output that indicate the FP. As a result, FPDNet cannot handle
to BOC-modulated signals, and there are concerns about the
reliability of its outputs.

In this paper, we propose a first arrival path detection
(FPD) technique, termed BOC-FPDNet, designed specifically
for BOC-modulated signals characterized by the ambiguity of
main peak. This is especially significant in multipath channel
environments where the LOS path is frequently attenuated or
obstructed, and multiple multipaths are received at the receiver.
The proposed BOC-FPDNet adopts a two-stage architecture,
sequentially performing SC and multipath time delay esti-
mation (MDE) tasks. The MDE of BOC-FPDNet operates
by analyzing the ACF output, detecting peaks indicative of
paths, and subsequently estimating the time delay for each
path. This MDE employs an artificial intelligence network that
learns based on the correlations among the embedding vectors
representing the input sequences, leveraging the Attention
Mechanism (AM) [36]. The AM in MDE is utilized to learn
the correlations between actual multipath time delays and the
envelopes of the correlation outputs located at each path in
the ACF output from multipath channel environments. As a
result, in contrast to the previously introduced FPDNet [15],
BOC-FPDNet does not merely regress to the FP’s peak delay
but performs time delay estimation for all paths within the
ACF output. The advantages of our proposed BOC-FPDNet
can be summarized as follows.

o« BOC-FPDNet’s SC operates using a data-driven algo-
rithm, enabling side-peaks cancellation across all BOC
modulation techniques.

¢ Unlike conventional SC, BOC-FPDNet’s SC does not ne-
cessitate the computationally demanding subcorrelation,
thereby preventing noise amplification.

o It deviates from the typical 2-stage structure, the MDE
of BOC-FPDNet not only receives the refined input data,
which is the output of SC, but also simultaneously takes
in the original data (i.e., ACF output of the Original BOC-
modulated signal), minimizing filtering loss due to SC.

+ BOC-FPDNet’s MDE, similar to the DL-based techniques
in [15], does not solely detect the FP’s time delay. Instead,
it identifies the time delay of all received paths, enhancing
the reliability of the output.

The structure of this paper is as follows. In Section 2,
we introduce the mathematical representation of the ACF
output, which is formulated by the combination of the BOC-
modulated signal and subcorrelation. Additionally, the ACF
output influenced by the sampling rate in multipath channel
conditions is defined. Section 3 presents the two-tiered struc-
ture of BOC-FPDNet, constructed around Deep learning-based
SC (DeepSC) and MDE, and further explains the technique
used for detecting the earliest arriving path based on DeepSC
outputs. In Section 4, we provide a comparative analysis
of BOC-FPDNet’s DeepSC with conventional SCs in terms
of noise variations and overall accuracy. We also compare
its efficacy with various neural networks constructed with
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identical hyperparameters and both conventional mathemati-
cal and empirical model-based algorithms. Furthermore, we
apply the BOC-FPDNet to actual GNSS receivers to verify
positioning performance enhancements in multipath channel
environments. Finally, Section 5 presents the final conclusions
of this paper.

II. SYSTEM MODEL

This section introduces the mathematical expressions of
the ACF output of the BOC-modulated signal, which is the
input to BOC-FPDNet, and shows the side-peaks present in
the ACF output. Furthermore, we derive the sampled ACF
output envelope in terms of path delay, angular phase, and
amplitude of the multipath.

A. Baseband BOC-modulated signal and ACF output

The baseband signal spp(t) of the BOC modulation gen-
erated by the GNSS transmitter is defined as follows.

SBB(t) =P Z cipr, (t — iTC)DLiTC/Tj (t)si(t), (1)

1=—00

1, 0<t<T,

pr. (t) = {O, otherwise @
where P represents the power of the signal, c; is the i-th
chip of the PN code with a period T, and is multiplied by
pr, (t) which has a rate f. (= n x 1.023MHz) and a width
T.. D;(t) represents the j-th bit of navigation data, and |a]
is the greatest integer not exceeding a. Within the PN code
interval, since Dj(t) is constant, it is approximated as 1 in this
paper for the sake of simplicity. s;(t) is the BOC subcarrier
and is defined as follows.

s;(t) = sign[sin(27 fs.(t — iT.) + Opoc)]

N-1
= Y lupr, (t —iT. —IT,), 3)
=0

where f,. (m x 1.023MHz) is subcarrier frequency. s;(¢) can
be either be sine-phased (Ogoc = 0) BOC (BOC(m,n))
or cosine-phased (0poc = 7/2) BOC (BOC.(m,n)) sub-
carrier depending on Opoc. Another representation of the
BOC subcarrier, which is more intuitive and facilitates a
concise derivation when expressing the autocorrelation func-
tion (ACF) of the BOC, is given by (3). Here N denotes
the number of square waves within the subcarrier (e.g., IV
is 2 for BOC4(L,1)), by € {—1,1} is the sign of the [-th
pulse, and T}, = T./N is the duration of the unit pulse of
spp(t). For BOC4(m,n), BOC(m,n), the set (N, h;,T))
is specified as (2m/n, (—1)@m/miH L) and
(4m/n, (—1)@m/m)itl/2] T saaim ) Tespectively, where
[a] is the smallest integer not smaller than a. To detect the
presence or absence of signals emanating from GNSS satellites
and to observe the time delay, the receiver correlates the
received baseband signal spp(t) with the replica code signal
spp(t + 7) over the interval T. The normalized expected

output of the autocorrelation function can be represented as
follows.

1 T
Ro(r) = /O sty (t + 1)t

1 fUNHHDT,
DI /( spp(t)sip(t + 7)dt

=0 j—0 JN+D)T,
N-1 (4 N-1
= { hihe A, (74 (1 — r)Tp)}
N
=0 r=0
N—1
= Si(7), 4)
1=0
where o
- Lv ‘T| S a
A, = a 5
(7) {07 |7| > a ®)

is a triangular function, and S;(7) is called the I-th sub-
correlation function. Note that the normalized ACF output
includes N sawtooth-shaped functions, {S;(7)} lN —1 each with
different phases. Due to these characteristics, the ACF output
has several side-peaks, leading to increased ambiguity of the
main peak compared to the ACF output of a BPSK-modulated
signal. Additionally, as the subcarrier frequency rises (i.e.,
T, decreases and NN increases), while the main peak of the
BOC-modulated signal’s ACF output becomes sharper. Con-
currently, the count of S;(7) grows, leading to a proportional
increase in the number of side-peaks. The BOC-modulated
signal produces the ACF output with several side-peaks even
in open sky conditions, resembling a signal received in a
multipath channel environment. Consequently, in a multipath
channel scenario, detecting the main peak is substantially more
challenging than with a BPSK-modulated signal. Hence, to
minimize the multipath error of the BOC-modulated signal, it
is imperative to first alleviate the ambiguity associated with
the ACF output’s side-peaks.

B. ACF output of multipath environment

In the multipath channel environment, when a wireless
signal reaches the receiver, its time domain Channel Impulse
Response (CIR) h(t) can be modeled as follows.

K—

h(t) = Crd(t— ), 0<t< T, (6)

k=0

=

where K is the number corresponding to the total number of
paths,

C = axel’™, (7)

represents the complex channel coefficient of the (k + 1)th
path, where a(< 1) is the amplitude, and 6}, is the angular
phase. 73 (> 7,—1) is the dirac delta function, and 7 (> 7%—1)
denotes the delay of the (k+1)th path. Using (6), the baseband
received signal in the continuous-time domain can be found
as follows
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ypp(t) = spp(t) * h(t) +n(t), 0<t<T,,
= [ snte+ e+ (o), ®)

where ‘x’ denotes the convolution operation, and n(t) rep-
resents the complex additive white Gaussian noise (AWGN)
process with a two-sided power spectral density (PSD) of
No/2. The baseband received signal ypp(t) is despread
through a correlation process with the BOC modulated replica
signal spp_g(t) generated at the receiver. In this context, the
normalized ACF output in the continuous-time domain can be
expressed as follows

1 Tco
R() == [ uma(0)sis_alt + 7t
co 0
K—-1
= CpRO(T + T;D) + W(T)v 9
k=0

where w(7) denotes zero-mean gaussian process with autocor-
relation E{w(r)w*(\)} = (%)RC(T — A), Ro is noise-free
BOC modulated signal ACF. Sampled ACF output envelope
R(nTy) with sampling period T and the sampling frequency
fs(fs =1/Ts) becomes

K CuRo (nTy — 13,) + w (nTy)
|=n< =] a0

0, otherwise

R (nT,) =

To—Tc
T,

s

where n is the sample index defined within the range where
the ACF output R(nTy) is non-zero, and 75 can be expressed
as the quotient dy (dy, > 0) and the remainder e (0 < €5, < T)
when divided by 7.

T = diTs + e, (11)
T
dy, = UJ : (12)
where
N
€h = Th — HJ T.. (13)

In other words, dj, represents the path delay of the k-th path
in sample units, while €; means the residual delay of the k-
th path induced by sampling. In LOS channel, the magnitude
|C%| of the first path (k = 0) becomes the maximum value of
R(7) as (9). When ¢y = 0, the maximum point of R(7) (9)
aligns with that of R(nT) (10). However, typically, e, # 0,
leading the maximum value of the ACF output R(nT) to be
less than the peak value of the continuous ACF output R(7).
Due to this, while in a multipath environment the arrival time
of the FP in the ACF output may become more accurate as T
decreases, a higher sampling rate f; comes with the downside
of increasing the complexity of the receiver.

III. BOC-FPDNET: 2-STAGE MULTIPATH TIME DELAY
ESTIMATION

In this section, we introduce the BOC-FPDNet, which fol-
lows a two-stage structure where two modules, SC and MDE,
operate sequentially. The two-stage architecture is commonly
found in object detection algorithms [37], [38]. In the first
stage of these object detection frameworks, a rough (coarse)
location of the object is identified, while the second stage
refines this position to obtain a more precise (fine) location
along with additional information, such as classification. We
tailored our approach into this two-stage design to cater to the
BOC-modulated signals that require tasks like reducing the
ambiguity of main peak in a multipath channel environment
and detecting the time delay of the FP. Similar to conventional
detectors, in the first stage (DeepSC), SC is executed to
predict the main peak of the ACF, while in the second stage
(MDE), the previously predicted main peak data is used to
anticipate the delay of each received signal path and their
relative amplitudes. We introduce the first stage of BOC-
FPDNet, DeepSC, in Subsection III-A, and the second stage,
MDE, in Subsection III-B.

A. DeepSC: Deep learning-based approach for side-peaks
Cancellation

As mentioned in [18]-[23], the key to enhancing the po-
sitioning accuracy of BOC signals is minimizing the am-
biguity of main peak in the correlation output. SC is the
most representative technique for reducing this ambiguity, by
merging multiple subcorrelation outputs of BOC signals to
cancel out the side-peaks. For instance, the SC for BOC(n, n)
(e.g., BOC(1,1) in this paper) proposed in [23] is executed as
follows.

|RSC| = ‘Rsub1| + |Rsub2| - |Rsub1 + Rsub2‘7 (14)

where Rg¢ is the ACF output of BOC(n,n) with SC applied,
and Rgyp1 and Rgype represent the outputs of the subcorre-
lation between BOC(1,1) with a time delay of £0.57, and
BPSK(1). In the SC process, the influence of noise increases
due to the non-coherent integration as in (14). Moreover,
as the order of BOC increases, more subcorrelations are
required, significantly intensifying the effects of noise [39].
Consequently, conventional SC techniques are vulnerable in
noise-intensive channel environments, and applying them to
BOC modulations with high subcarrier frequencies (m > n)
is challenging in real multipath channel scenarios.

Inspired by [24], DeepSC, as depicted in Fig. 1, employs
multiple convolution layers to perform side-peaks cancellation
on the envelopes of each path of the ACF output over a
sliding window. DeepSC adopts a multi-task structure similar
to the approach presented in [24]. Unlike [24], we address
the SC task and estimate the time delay 7; and amplitude
ay, for each path. Here, the SC differentiates every sample
point in the sampled BOC ACF envelope as Ry(7) or w(7),
finally producing BOC ACF output where only the side-
peaks are eliminated. Additionally, the tasks of estimating
T, and aj serve as auxiliary tasks that aid the DeepSC’s
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Fig. 1. Overall structure of DeepSC.

Backbone network in extracting unique features of the main
peak, indicating each path in the ACF output.

The overall structure of DeepSC, as shown in Fig. 1, accepts
an ACF output of length samples per chip (SPC)x4T, (i.e.,
[-1.5T.,2.5T.)) considering the actual multipath delays and
outputs a corresponding size RBB,SC(T). DeepSC model
consists of five hidden layers, one maximum pooling layer,
and two parallel output layers. The total number of train-
able parameters is 48k for 4SPC, 56k for 8SPC, and 73k
for 16SPC. The size of the feature map for each layer is
demonstrated in Fig. 1. Although not shown in Fig. 1, we
employed Max pooling to effectively compress the features
of the final convolution layer of DeepSC. To realize a non-
linear SC, we incorporated a ReLU activation function in each
layer, following the approach in [40]. As with [24], the loss
functions for the regressor and side-peaks cancellation were
implemented using Mean Squared Error (MSE) and Cross-
entropy, respectively. The training of DeepSC utilized the
Adam optimizer with a learning rate of 0.001, as described in
[41]. We applied two manipulations to the conventional BOC
ACF output in DeepSC to alleviate its ambiguity. Firstly, to
label the output of DeepSC, the reference side-peaks cancelled
ACF for DeepSC was generated. This was done by setting the
correlation output from the zero-crossing near the ACF main
peak (ZCNM) T'zonar up to one chip to zero. As a result, it
produced a noise-free ACF output with cancelled side-peaks,
denoted as Ro_gsc(7). The ideal output of DeepSC can be
expressed as follows.

Ro(7),Te < |7| £ Tzenm,s

Ro-sc(7) { 0, Tzenm <|7| < T, (15)

A
Noise-free ACF
SChlock [ ( 9
X
/'

| |

Loss

Rpp-sc(T)

w(7)
1r : :
e R (7)
_RD_SC(T)
S 05
o
=
C =T,
Igzl3 T=—lzenm T=Tycam
e 0 E
]
N
©
-
o
Z -057¢ ~
-1
-1 -0.5 0 0.5 1
Time delay [T_]

Fig. 2. Ro(7) and Ry_gc(7) of BOC(1,1)-modulated signal.

where

Trzonm = £1, X (4m - n)il. (16)

Fig. 2 presents examples of Ro(7) and Ro_gc(7) for
BOC(1,1). For BOC(1,1), T, is 0.98usec, and Tzcnar 1S
0.33T. . Following (15), the Ry_gsc(7) for BOC(1,1) only
allows the peak within the range of the main peak T, < |7| <
0.33T, in the =17 interval, as shown in Fig. 2.

Secondly, by adding w(7) to Ro_sc(7), we generated
the ACF output R}, 5 ¢~ (7) where only the side-peaks are
cancelled from Rpp(7) without altering the size of the noise,
different from (14). Fig. 3 shows examples of the ACF output
Rpp(7) of the received baseband BOC(1,1) signals and the
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Fig. 3. Rpp(r) and RLp_g-(7) of BOC(I,1)-modulated signal in
multipath channel.

side-peak cancelled ACF output R g~ (7) over the chip
delay 7 in the interval [—1.5T¢,2.5T;). Ryp_go(7) only
includes the main peak and w(7) from Rpp(7) because only
the side-peaks in the range Tzonar < |7| < T, are cancelled.
Since extracting accurate noise and paths from real received
signals is realistically challenging, we generate them using a
virtual multipath channel environment. Thus, we can produce
abundant data for the empirical model, DeepSC, across various
multipath channel scenarios. A detailed description of the
virtual multipath channel environment is covered in Section
IV-A.

In [24], which shares a similar architecture with DeepSC,
experimental results have confirmed the advantage of em-
ploying separate neural network components in the output
layer to predict two distinct types of peak parameters: the
estimated positions and amplitudes of peaks, and the classified
positions in the input. This illustrates that by using different
labels for these two peak types, the same objective can be
achieved with enhanced performance [42]. It is important to
note that we adopted the multi-task approach to enhance the
feature extraction capability of DeepSC’s backbone network
(Convolutional Neural network layers). In practice, we only
utilize the output that filters the Main peak (i.e., Rpp_ sc(7))
and feed it into the 2nd stage of the BOC-FPDNet, instead of
using both types of outputs.

B. MHA-based Multipath time delay estimation

The 2nd stage of the BOC-FPDNet proposed in this paper
is the Multipath time delay estimation (MDE) based on multi-
head attention (MHA) [36] to detect the time delay of each
path within the ACF output of the received signal in a multi-
path channel environment. The Convolutional Neural Network
(CNN) [43], [44], which leverages convolution operations to
extract the primary features of local samples within the ACF
output, requires computations in deeper layers to encode global

samples. As a result, CNN experiences a resolution loss of
local samples during the encoding process of global samples.
Since the DeepSC, which identifies the global sample shape
(i.e., sawtooth-shape function shape) to cancel the side-peaks,
considers the global sample shape more crucial than the local
sample shape (e.g., w(7)), employing a CNN is appropriate.
However, for MDE, whose main objective is to judge and
detect samples pointing to the local information, the main
peak, in Rpp_gc(7), it is vital to concurrently grasp both
the global sample shape and the shape of the local samples.

In the realm of natural language processing problems, where
understanding the meaning of local words (or samples) within
the global context of input data is crucial, Self-attention [45]
is predominantly utilized. Self-attention is a neural network
that computes correlations between a local word in a se-
quence and every other word, ensuring the extraction of only
pertinent words without any loss of meaning. Multi-Head
Attention (MHA) [36] dissects the self-attention mechanism
into multiple heads, providing an advanced capability to ana-
lyze high-dimensional correlations and dramatically reducing
computational overhead compared to [45]. In other words,
MHA simultaneously considers various associations of input
words, proving to be exceptionally useful in detecting and
understanding intricate patterns, surpassing conventional net-
works like Multi-layer Perceptron (MLP), Residual Neural
Network (RNN), and CNN. Therefore, we propose the use of
MHA, apt for discerning the shape of global samples without
compromising the resolution of local samples, in the 2nd stage
of BOC-FPDNet.

Fig. 4 presents the overall structure of the BOC-FPDNet.
In the Ist stage, the ACF output of the conventional BOC-
modulated signal in the complex domain and the final output of
DeepSC are non-coherently integrated and then concatenated.
To merge the information from both data sources, they are
passed through a Fully-connected (FC) layer and transformed
into a feature map of size SPC x 4x Nep;ps. To enhance the
resolution of the input data, this feature map is expanded into
a vector of size N (set to 16,000 in this paper). Thus, as
illustrated in Fig. 4, both the original BOC-modulated signal
and each ACF output with SC applied are simultaneously
fed into the MDE constructed using the MHA mechanism,
minimizing the filtering loss due to DeepSC. For the MDE,
considering its application in low-cost receivers, the embed-
ding dimension, number of heads, and expansion factor were
chosen to be 16, 4, and 8, respectively. The input vector to the
MDE passes through layer normalization, MHA, and a Feed
Forward layer (comprising a Linear layer, ReLU activation,
and another Linear layer). Ultimately, the vector is translated
into Positive (indicating the presence of the path) and Negative
(indicating the absence of the path) (P/N) samples of size
2 x 640. The argmax function then represents the sample
indicating the time delay of each path. It should be noted that
in order to detect sparse time delay samples throughout the
entire sample set, we aimed for a more reliable output than a
single vector by performing a different task called P/N sample
detection. For the detection of P/N samples in the MDE, we
defined the loss function as follows.
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Liotal = O[L;nos + BLn,em (17
1 Npos
Lpos = _Ni Z Ypos,i log (gpos) s (18)
pos
1 Nneg
Lneg = _N Z Yneg,i log (gneg) , (19)
neg =,

where y,,; and Yy, are corresponding P/N samples. (17),
(18), and (19) are based on the Class-Balanced Loss Based
on the Effective Number of Samples (Class-balanced loss)
[46]. [46] proposed a method to address the issues with class-
unbalanced data. Imbalanced data refers to cases where the
number of samples for each class within the dataset differs
significantly. In this paper, since only a tiny fraction of the
entire ACF output samples indicate paths, samples pointing
to the path are considered as y,,, as per (18), while other
samples are considered as Y.y according to (19). The weight
for each category is set as the inverse of the sample count,
leading to higher weights for classes with fewer samples
and lower weights for classes with more samples. Ultimately,
adjusting these weights has the effect of multiplying the loss
of each class when computing the loss function, enabling a
more focused attention on minority class samples (i.e., samples
indicating paths). Finally, the MDE of BOC-FPDNet returns
samples that match the time delay of each path within the
ACF output, and we extract only the foremost index from its
output. This index is converted from the sample level to the
time level to determine the time delay. When the foremost
index is ¢rp, the time delay corresponding to that index is
given by ipp X (4T¢/Nsampie), Where ¢ and Ngppie represent
the speed of light and the total length of the output samples,
respectively. For instance, a conventional GPS receiver with
the sampling rate fs; = 4.092MHz has an estimation error
of approximately 36.7m due to sampling resolution. However,
since the final output size of BOC-FPDNet is Npq;ch, the error
is reduced to 0.93m.

The network training is conducted on an NVIDIA RTX
3080, using the AdamW optimizer [41] with a learning rate
of 0.001. Xavier normal is employed as the kernel initializer
[47].

IV. PERFORMANCE EVALUATION

In this section, we present two principal performance
evaluations. Firstly, we evaluate the side-peaks cancellation
efficacy of the first stage, DeepSC. Subsequently, leveraging
simulations modeled on various multipath channel conditions
and actual field tests, we assess the time delay estimation
capability for the initial arriving path in the BOC-FPDNet’s
second stage, MDE. While this section predominantly ad-
dresses the BOC(1,1) modulation that is representative of BOC
modulations.

For a more authentic performance assessment, we incor-
porate the distortion effects on the ACF output induced by

the pre-correlation bandwidth (PCBW), as described in [48].
Such distortions typically manifest as rounded peaks in the
ACF output. It is well-understood that signals traversing a
bandlimited filter experience a loss in their high-frequency
components, leading to a smoothening of sharp ACF peaks.
Consequently, accounting for the effects of PCBW becomes
imperative when one is engaged in estimating multipath time
delays via ACF. Given that the distortions from PCBW are
orthogonal to noise and multipath effect, our model sidesteps
noise considerations and presumes ypp(t) to signify a single
path scenario, that is, K = 1.

Given that ypp(t) and the impulse response of the ideal
low-pass filter hypp(t) with PCBW B are Fourier trans-
formed into Ypp(f) and Hypr(f), respectively, the Fourier
transform of the ACF output R(7) can be expressed as follows.

Rpp(f) =Yea(f)S™(f)

= Hrpr(HIS(HP, (20)
where
1,|f| < B,
HLPF(f) - {0 (|)J;|herwise @

is a rectangular function with a bandwidth B, and S(f)
represents the Fourier transform of the BOC-modulated signal
produced by the receiver. The bandlimited ACF output Rpy ()
can be approximated as follows.

Rpr(t) =F ' {H(HIS(HI*}

&~ B X sinc(mBt) x Ry (t). (22)

In the above, F~1{-} denotes the inverse Fourier transform,
Ry (t) represents the ideal ACF output in the infinite band-
width, and sinc(-) is defined as sinc(z) = sin(x)/x. Based on
the analysis in [48], to approximate R(t) using a functional
representation, one can consider the BOC-modulated ACF out-
put having a triangular function shape, i.e.,Ry(t) = Ar.(t)),
then R(t) is given by

1
R(t) = [3/ sine(87)Ro(t — 7)dT, (23)
-1
where 8 = BT, so that 5 = 0.5 is for the receiver that has
B equal to the chip rate of the spreading code. Fig. 5 shows
the ACF outputs of the bandlimited BOC(1,1) signals for g=
0.5, 1,and oo.

Furthermore, when [ is less than 1, it was observed that the
amplitude of the main peak decreases, and its shape becomes
less pronounced or less sharp. In the simulation, we employed
three typical sampling frequencies for BOC(1,1) — 4/T,,
8/T., and 16/T. (equivalent to 4, 8, and 16 samples per
chip (SPC) and 8 = 4,8, and 16). Generally speacking, the
code phase search resolution of the acquisition function for the
BOC-modulated signal is 0.57zcn . While actual receivers
usually exhibit the FP delay error less than 0.57zcnas in
an open sky environment, we assumed the FP’s time delay
7o to be uniformly distributed over the interval [—T.,T,] to
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Fig. 5. ACF output for bandlimited BOC(1,1)-modulated signals.

cater to all GNSS signals, including BPSK. As observed in
[29], [49], multipath delays are rarely greater than 7,. Thus,
we can indirectly infer that the actual FP’s time delay 7y
is not earlier than —0.57, from the detected FP delay, and
the last path delay 7(x_1) is not later than 1.57, from the
detected FP delay. Considering that the ideal path’s ACF
output encompasses a range from —7,. to +7,. around the
peak and that 7(x_1) — 70 < 21, the ACF output influenced
by the incoming signal paths resides within a window width
of 4 chips x T. The total number of samples Nyqmpie Within
the window equates to 4chips x (T¢./T5).

For a fair performance assessment, the assumptions inte-
grated into our simulations align with those presented in [15]
and summarized as follows. 1. DNN-driven techniques assume
T = 1ms. However, for LIMS and SAGE, as indicated in [29],
the assumption stands at 7' = 10ms. It means that DL-based
techniques take a more challenging scenario than SR-based
techniques. 2. Considering hardware constraints that lock the
sampling rate as a fixed parameter, distinct DNN-centric meth-
ods are trained for different SPCs. Specifically, for BOC(1,1)-
modulated signals, separate DNN-driven models are trained
and subsequently tested for each of the SPC = (4, 8, and16).

X2

1x1 conv

3. As T augments, resulting in a tenfold rise in the SNR,
LIMS and SAGE inherently possess an advantage concerning
noise. Furthermore, the DNN-driven approaches are trained
collectively on all virtual multipath channel environments
discussed in this paper and are tested against specific channels.
Consequently, the training and test datasets are distinctly set
apart. The training dataset comprises 4 Carrier to noise ratios
(C/Np), 5 multipath channel environments, and a total of
10,000 Monte Carlo realizations (each with a distinct set of
100 sampling offsets and time delays), aggregating to 600,000
instances in total. The test dataset, on the other hand, is 10%
of the training set, tallying up to 60,000 instances.”

A. Side-peaks cancellation performance

As demonstrated in [18]-[22], the performance evaluation
of conventional SC techniques primarily revolved around
applying them to Acquisition or Tracking and then comparing
the ranging error of the receivers. Since this doesn’t directly
evaluate the reduction of ambiguity in the main peak of
the actual received signal’s ACF output, we assess the SC
performance of DeepSC based on the similarity between the
reference side-peak cancelled ACF output, Ry 5_ o (7), for a
given C/Ny, and the output of DeepSC, Rpp_sc.

Table I presents the SC performance results trained on
a total of 200,000 ACFs of BOC(1,1)-modulated signals
(for BOCs and BOCc with different SPCs). Note that
DeepSC requires no additional adjustments regardless of
BOCs and BOCc. The similarity and noise variation between
R% 5 o (7) and the output from DeepSC, Rpp_sc(T), were
evaluated across all SPCs and C/Ngs. Table I shows negligible
performance differences between these two modulations. On
average, DeepSC has 93.80% similarity and 0.74dB noise
variation. As the similarity encompasses results over all noise-
inclusive regions, considering the amount of noise variation,
one can infer that DeepSC sufficiently predicts the main
peak after canceling the side-peaks. It is evident that as SPC
increases, DeepSC benefits from more samples, enhancing the
similarity performance. However, with an increase in SPC,
more noise is introduced, leading to a slight increase in noise
variation. Similarly, as C/Ng decreases, the ambiguity in
the ACF output’s main peak increases due to the elevated
impact of noise, escalating the noise variation. Nonetheless,
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TABLE I
SIDE-PEAKS CANCELLATION PERFORMANCE OF DEEPSC FOR BOC(1,1)
spc _C/No(dB — Hz) 35 45 50
Modulation Similarity (%) NV (dB) Similarity (%) NV (dB) Similarity (%) NV (dB) Similarity (%) NV (dB)
4 BOCs(1,1) 89.21 1.14 91.16 0.92 91.65 0.46 94.03 -0.43
BOCc(T,1) 89.16 1.20 92.00 0.94 92.13 0.49 94.62 0.22
g BOCs(1,1) 91.39 1.34 94.71 0.77 95.98 0.51 97.12 0.14
BOCc(1,1) 90.11 1.36 94.15 0.81 95.62 0.51 96.80 0.20
16 BOCs(1,1) 9222 1.41 95.54 0.93 97.87 0.86 96.98 0.35
BOCc(T,1) 9T.41 1.45 9471 0.92 96.10 0.93 96.59 0.41
TABLE II
MULTIPATH CHANNEL PARAMETERS
Channel-2 Channel-3 Channel-4
Path k=0 k=1 k=0 k=1 k=2 k=0 k=1 k=2 k=3
Relative Power (dB) -3 -3 0 -5 -10 -7 -7 0 2.2
Relative Delay 0 T./2 0 [0.17¢,0.3T.) [0.3T.,0.5T¢) 0 [0.1T;,0.3T.) [0.3T.,0.4T.) [0.5T¢,0.71.)
Random Phase Y
this variation is minute compared to the main peak, implying TABLE III

that predicting the main peak isn’t significantly problematic.
Though not delved into in this paper, DeepSC is capable of
performing an effective SC task for the single ACF output
in the range [—1.57T,2.5T.) through simple matrix multipli-
cation, making its computational requirements considerably
less compared to conventional SC techniques that execute
multiple subcorrelations over the entire PN code range. Note
that unlike DeepSC, conventional SC techniques require an
increased number of subcorrelations as the BOC’s subcarrier
increases. The evaluation of DeepSC performance for higher
subcarrier frequency (i.e., BOC(kn, n)) is discussed in detail
in Appendix. Consequently, in environments such as urban
settings, where the impact of noise is significant and multipath
channels are prevalent, DeepSC emerges as the most effective
and suitable SC technique for BOC-modulated signals.

B. First arrival path delay estimation

The MDE of BOC-FPDNet estimates the time delay of
each multipath component received. However, to minimize
the receiver’s ranging error, as previously discussed, it is
crucial to accurately estimate the time delay of the first arrival
path. Therefore, the performance evaluation for BOC-FPDNet
assumes the estimated FPD 7, as the time delay of the
foremost path among all the multipath time delays, and it is
compared with the reference FPD 7. Table II summarizes the
three types of virtual multipath channel environments on which
testing was performed for performance comparison. These
channel environments are consistent with those utilized for
performance evaluation in [15]. The term Channel-K signifies
a channel environment comprising K paths. Both Channel-2
and Channel-4 represent NLOS channel environments where
the FP is affected by fading. Relative delay is referenced
to the time delay of FP, 7. Though not specified in Table
I, in all simulations, C/Ny comprises four values ranging
from 35 to 50dB-Hz in increments of 5dB-Hz. As illustrated
in Table I , the tendencies for BOCs(1,1) and BOCc(1,1)
are remarkably congruent. Accordingly, we show the mean
FP delay estimation performance for both BOCs(1,1) and
BOCc(1,1) modulations.

COMPARISON OF MODEL SIZE OF DL-BASED TECHNIQUES

Number of Parameters

VGGNet [15] 2.0M
ResNet [15] 2.IM
FPDNet (MLP-Mixer) [15] [.14M
BOC-FPDNet
(DeepSC+MDE, 4SPC) 53.6k (48k+5.6k)
BOC-FPDNet
(DeepSCAMDE, 8SPC) 61.7k (56.1k+5.6k)
BOC-FPDNet

(DeepSC+MDE, 16SPC) 78.3k (72.7k+5.6k)

In general, for signals captured in open areas (i.e., LOS
channel conditions), the ACF output, despite the presence of
side-peaks, shows a distinct main peak. This makes it feasible
to adequately detect the signal using a multiple correlator-
based discriminator. However, in multipath channel environ-
ments, where the relative delay is all within 17, as shown in
Table II, there’s a significant degradation in performance. Fig.
6 shows the FP delay estimation performances for Channel-
2, Channel-3, and Channel-4 using SR-based techniques pre-
sented in [28], [29], and DL-based techniques presented
in [15], along with BOC-FPDNet. SR-based techniques are
assumed for 10SPC, and DL-based techniques are under
assumptions of 4SPC, 8SPC, and 16SPC. Table III summarizes
the number of learnable parameters for DL-based techniques.
SR-based techniques perform FPD with significantly fewer
parameters compared to DL-based techniques, but it’s difficult
to compare their exact complexity since the iteration in SR-
based techniques is determined by convergence, unlike DL-
based techniques that perform a single iteration. BOC-FPDNet
has the fewest number of parameters among other DL-based
techniques, with up to approximately 37 times fewer.

For LIMS and SAGE, designed based on mathematical
rules to detect peaks with infinite precision, they demonstrate
a consistent RMS error of over 80m, failing to accurately
detect the First peak despite changes in C/Ng, unlike the
BPSK-modulated signal scenario shown in [15]. This error
essentially emerges when targeting the midpoint between the
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main peak and the second peak, roughly at 0.257,. This
outcome indicates that, due to the influence of side-peaks
in the ACF output of the BOC-modulated signal, there is a
significant increase in ambiguity related to the main peak of
the ACF output. In multipath channel conditions, conventional
mathematically modeled techniques can introduce positioning
errors of several hundreds of meters when receiving a BOC-
modulated signal.

However, DL-based approaches like VGGNet, ResNet, and
FPDNet show a reduction in RMS error with increasing noise
and an increase in SPC. This is due to their ability to recognize
diverse features detected in the ACF output, grounded in data-
driven insights (i.e., extensive experience across a broad range
of ACF outputs). Nonetheless, compared to the results shown
in [15] for the BPSK-modulated signal, VGGNet, ResNet,
and FPDNet all exhibit relatively higher errors due to the
influence of side-peaks. FPDNet, in particular, demonstrates
lower error compared to CNN-based methods, given its ability
to extract global features from the ACF output. This suggests
that empirical learning of the ACF output, including side-
peaks, leads to improved performance. Among CNN-based
methods, ResNet outperforms VGGNet slightly, attributable
to ResNet’s use of residual blocks which help preserve the
resolution of the ACF output even in deeper layers. In com-
parison with other DL-based techniques, the proposed BOC-
FPDNet consistently exhibits lower error across all SPCs. This
is because BOC-FPDNet, unlike other DL techniques, reduces
ambiguity related to side-peaks in the ACF output through
DeepSC and bases its findings on precise localization of MDE.
However, VGGNet, ResNet, and FPDNet demonstrate better
performance than BOC-FPDNet only when C/Nj is 50dB-Hz.
The reason is that, excluding BOC-FPDNet, other DL methods
regress the final output to the FP’s time delay, allowing for
estimations with unrestricted output resolution, thus enabling
extremely accurate predictions. Through the analysis in Fig.
6, the significant advantages of BOC-FPDNet become evident.
Unlike Channel-2 and 3, even in Channel-4, where the power
of the First arrival path is significantly attenuated, DL-based
techniques, including BOC-FPDNet, showcase superior FPD
performance compared to formula-based techniques. Essen-
tially, data-driven approaches are determined by the diversity
and scale of the data. Thus, given ample and diverse data, we
can factually assert that DL-based techniques, for all channel
environments encompassed by the dataset’s distribution, of-
fer superior performance characterized by greater generality
and higher accuracy compared to formula-based methods. To
compare the performance of BOC-FPDNet in a stochastic
multipath channel simulation environment reminiscent of ur-
ban areas, we employ the Land Mobile Multipath Channel
(LMMC) model standardized by the International Telecom-
munication Union (ITU) as ITU-R P.681.7 [50]. This channel
model generates the Channel Impulse Response (CIR) in urban
areas based on Ray tracing, allowing the user to manually
select specific urban settings (e.g., trees, utility poles, building
spacing) and consequently produce the CIR according to a
probability distribution that matches the specified environment.
Consistent with the consideration in [15], we have chosen two
identical virtual city settings, namely Urban and Dense urban.
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Fig. 6. RMS error of Channel-K (K = 2,3,4).

The parameters for these two environments are summarized
in Table IV.

Fig. 7 shows the FPD performance results of VGG, ResNet,
FPDNet, and BOC-FPDNet for the urban and dense urban city
environments within the LMMC. Analogous to the results in
Fig. 6, data-driven DL-based approaches show a decline in
error with increasing C/Ny. They also demonstrate similar
performance in both urban and dense urban settings, which is
attributable to the fact that the performance of neural networks
is primarily grounded in experiences learned from the dataset.

Regarding the FPDNet in Fig. 7, unlike the results shown
in [15], there is not a significant difference in performance
outcomes between VGGNet and ResNet. This suggests that
although FPDNet effectively recognizes the global feature
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TABLE IV
EARTH-SPACE LAND MOBILE CHANNEL MODEL DENSE
URBAN, URBAN PARAMETER [50]

Parameter . Value .
(max, min, mean, sigma)
Car Maximum Speed [km/h] 50
Satellite Elevation [°] 30
Satellite Azimuth [°] -45
Carrier Frequency [GHz] 1.57542
Antenna Height [m] 2
Road Width [m] 15
Building Width [m] -, 20, 30, 10
Building Height (Dense urban) [m] 150, 50, 100, 30
Building Height (Urban) [m] 100, 10, 50, 30
Gap between Buildings [m] -, 10, 30, 20
Building Gap Likelihood (Dense urban) 0.1
Building Gap Likelihood (Urban) 0.4

Tree Height (Dense urban) [m] 8
Tree Height (Urban) [m] 7
Tree Diameter (Dense urban) [m] 5
Tree Diameter (Urban) [m] 4
Tree Trunk Length [m] 2
Tree Trunk Diameter [m] 2

Tree Attenuation [dB/m] 1.1
Tree Distance [m] ,-, 40,5

Pole Height (Dense urban) [m] 10

Pole Height (Urban) [m] 9

Pole Diameter [m] 0.2

Pole Distance [m] - - 25,10

of the ACF output compared to other CNN-based methods,
reducing the ambiguity of main peak is of paramount impor-
tance. When contrasting BOC-FPDNet with other DL-based
techniques, it shows comparable performance at a high SPC
(16SPC), but it notably excels in FPD performance at a
relatively lower SPC (4SPC). As distinguishing between side-
peak and main peak becomes challenging at lower SPCs, the
fact that BOC-FPDNet, benefitting from DeepSC, receives an
ACF output with reduced main peak ambiguity and accurately
localizes peaks indicating paths in the ACF output, elucidates
its robustness.

Additionally, we analyzed the performance variations due
to the high dynamic configuration of the receiver. This con-
figuration is subject to correlation output attenuation due to
acceleration [51]. The relative equivalent accelerations be-
tween the receiver and GNSS satellites were set at 5G and
10G(49m/s? and 98m/s?), respectively where G is referred
to as the acceleration of gravity . The value of G is 9.8 m/s?
on Earth. The elevation angle of the satellite from the receiver
was set at 35 °. Due to the variation in ACF distortion with
T [51], we selected not only 1ms but also 10ms.

Fig. 8 shows the RMSE errors of FP delay estimation of
BOC-FPDNet with different accelation and 7. The results
show that the RMSE is slightly higher at 7' = 10ms for
the same SPC and acceleration. Regardless of the different
T, there is no significant difference in RMSE within a high
dynamic configuration. ACF output becomes negligibly dis-
torted with extended 7" in the configuration. Consequently,
this result indicates that BOC-FPDNet maintains great FPD
performance even at short 7', thereby ensuring its robustness
in high dynamic configurations.
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Fig. 7. RMS error of Urban and Dense Urban Channels.
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Fig. 8. RMS error of BOC-FPDNet according to the acceleration between
receiver and satellite.

C. Positioning Improvement in Real Environments

To validate the enhanced positioning performance in real
multipath channel environments due to the implementation
of BOC-FPDNet, we utilized the TEX-CUP Dataset [52]
released by the Radionavigation Lab at The University of
Texas at Austin. The [52] dataset comprises data collected in
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urban settings using multiple GNSS and Inertial Measurement
Units (IMU). It also provides GNSS data from the base
station required for Real-time Kinematic (RTK) processing.
We targeted the BOC(1,1)-modulated signal of the GPS L1C.
The dataset provided in [52] was collected using the low-cost
Multi-GNSS Software Defined Radio (SDR) NTLab B1065U-
12-X. Table V provides details about the channels used in the
dataset.

TABLE V
CHANNEL DESCRIPTION OF TEX-CUP DATASET (GPS L1C) [52]

Parameter Value

Sampling Frequency [MHz] 10.0

Spectral Inversion False
Passband [MHz] 1573.32-1577.52

GPS L1C IF [MHz] 2.50

Fig. 9. Test route of TEX-CUP Dataset [52].

In the experiment, we received signals from five satellites.
Only two of these signals passed through the same channels
used in [15]. Unlike [15] which just takes a snapshot, our
method tracks signals considering changing conditions. For
time delay estimation, we use pilot signals and make feedback
corrections, considering narrow band processing, where the
pilot signal is exclusively limited to the BOC(1,1) of TM-
BOC(6,1,1/11) modulation in GPS L1C. For the data signals,
we use BOC-FPDNet and an Early-Late (EL) discriminator to
estimate the delay. However, these errors aren’t corrected or
fed back. We consider EL discriminator as the conventional
method. Similarly, BOC-FPDNet also corrects errors estimated
from pilot signals, but for data signals, it only estimates the
delay without corrections. The integration time is set to 10ms,
with the focus on comparing multipath mitigation rather than
robustness to noise.

Fig. 10 shows the distance root mean square (DRMS) errors
and the root means square (RMS) errors, which represent
the horizontal position error between reference positions and
estimated positions to indicate accuracy, and the error between
the estimated positions and the mean of estimated positions to
indicate precision in our positioning techniques, respectively.
As shown, our proposed BOC-FPDNet can reliably detect FP
and helps improve positioning in multipath channel environ-
ment.
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Fig. 10. Horizontal positioning error comparison.

V. CONCLUSION

In conclusion, this paper introduced the BOC-FPDNet,
a two-stage architecture consisting of DeepSC and MHA-
based MDE, designed to address the FP detection problem in
multipath channel environments for BOC-modulated signals.
From our investigations, the proposed method outperformed
traditional mathematical models and other empirical neural
network models such as VGGNet, ResNet, and the previously
proposed FPDNet. Furthermore, the DeepSC component of
the BOC-FPDNet offers advantages over the conventional SC
techniques as it avoids the computationally intensive multi-
subcorrelation and does not suffer from increasing noise
interference. Through testing in real-world environments, we
demonstrated that BOC-FPDNet significantly enhances posi-
tioning accuracy in multipath channels compared to conven-
tional GNSS receivers. The proposed BOC-FPDNet can be
presented as an effective solution for mitigating multipath
errors in GNSS systems utilizing BOC-modulated signals. In
future work, we plan to delve deeper into detecting the first
arrival path in ACF outputs with more side peaks, such as
Multiplexed binary offset carrier (CBOC, TMBOC), AltBOC.

VI. APPENDIX

In this section, we evaluate the Performance of DeepSC for
BOC(6,1), which is a commonly used in BOC(kn,n) modu-
lations. The number of side-peaks in BOC(kn, n) modulation
is given by 4k — 2. For instance, in the case of BOC(1,1)
mainly discussed in this paper, where k equals 1, there are
two side-peaks, and BOC(6,1) has 22 side-peaks. As noted in
[5], with the increase in the order of k£ in BOC modulation, the
width of the main peak decreases, enhancing range accuracy,
but this also leads to an increase in the number of side-peaks,
thereby increasing the ambiguity of the main peak. Therefore,
as the order of k& in BOC modulation increases, the importance
of DeepSC is further emphasized.

The SC performance results of DeepSC for BOC(6,1) at
24SPC are presented in Table VI. Sim and NV in Table VI
represent Similarity and Noise Variation, respectively. Despite
the high SPC, BOC(6,1) shows a higher ambiguity in the
main peak compared to BOC(1,1) in Table I, leading to a
reduced performance. Across all C/Ngs, DeepSC shows an
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TABLE VI
SIDE-PEAKS CANCELLATION PERFORMANCE OF DEEPSC FOR BOC(6,1)
C/Ng 35 40 45 50
(dB-Hz)  Sim NV Sim NV Sim NV Sim NV
(%) (@B) (%) (@B) (%) (dB) (%) (dB)
24SPC 8321 220 8431 191 8510 1.76 8561 1.53

average similarity and noise variation of 84.56% and 1.85dB,
respectively. Similar to the trends shown in Table I, the
performance decrease with increased noise. However, since
a high level of similarity is maintained overall, the use of
DeepSC is effective in multipath channel environments.

The side-peak cancelled ACF outputs of BOC(n,n) and
BOC(m,n) modulation closely resemble the ACF output of
BPSK modulation. Since MDE receives the side-peak can-
celled ACF output as its input, BOC-FPDNet can be applied
to all BOC modulation types.
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