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Abstract— The accuracy and robustness of global navigation
satellite systems (GNSS) degrade in urban environments, which
particularly affects low-cost GNSS users. Among various multipath
mitigation techniques, signal parameter estimation enables the
identification and characterization of interference, facilitating its
removal from the navigation solution. This study models multi-
path interference in the receiver’s frequency-locked loop (FLL) to
characterize Doppler measurement errors induced by multipath.
Subsequently, a Doppler-based multipath parameter estimation
method is proposed using a nonlinear least squares (NLS) algorithm
to estimate the Doppler frequency, carrier phase, and signal strength
of both line-of-sight (LOS) and reflected signals. Experiments
were conducted in urban areas of Hong Kong, with ray-tracing
techniques utilizing ground-truth data as a benchmark for assess-
ing multipath detection and parameter estimation accuracy. The
proposed method is also compared with established signal quality
monitoring (SQM) metrics and the multipath estimating delay-
locked loop (MEDLL) technique. Results demonstrate that the
Doppler-based approach enhances multipath detection efficiency,
reduces false alarm rates, and provides more reliable parameter
estimation, particularly in dynamic user scenarios.

Index Terms—GNSS multipath, urban, detection, parameter
estimation, mitigation, receiver, FLL

I. INTRODUCTION

Global navigation satellite systems (GNSS) play a
vital role in positioning, navigation, and timing appli-
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cations. However, the growing dependence on GNSS in
modern urban environments raises concerns about its
vulnerabilities. One significant challenge is the multipath
phenomenon, in which signals propagate along multiple
paths due to reflections from surrounding obstacles. The
superposition of line-of-sight (LOS) and reflected signals
introduces biases in signal synchronization parameters,
such as code phase and Doppler frequency, leading to
positioning errors. For low-cost standalone receivers, re-
lying on external hardware for multipath mitigation may
be impractical. Consequently, researchers have developed
various techniques at different stages of receiver process-
ing to effectively mitigate multipath interference.

Many multipath mitigation techniques have been de-
veloped at the receiver tracking level, where the re-
ceiver continuously estimates the time evolution of sig-
nal synchronization parameters. The relationship between
pseudorange measurement errors and the code phase
difference between LOS and reflected signals has been
extensively studied, with the widely used multipath er-
ror envelope (MEE) providing a foundational framework
[1, 2, 3]. Consequently, multipath effects can be mitigated
by modifying the correlator structure, as seen in tech-
niques such as narrow correlators [4, 5], high resolution
correlators [6], extended double-delta correlators [7], and
vision correlators [8]. Some techniques perform extensive
searches in the code phase domain, identifying multiple
distinguishable correlation peaks corresponding to differ-
ent signal components under multipath interference. For
instance, [9] introduced a deep network correlator to filter
out multipath effects on the autocorrelation function. In
addition, machine learning classifiers have been applied
directly to multi-correlator outputs [10]. Other methods
estimate the parameters of incoming signals by model-
ing multipath effects on correlator values and applying
maximum likelihood (ML) techniques. The multipath
estimating delay-locked loop (MEDLL) exemplifies this
approach by utilizing a bank of correlators to determine
the delays and amplitudes of individual multipath signals
[11]. An extension of this idea is the coupled amplitude
delay lock loop (CADLL), which jointly tracks both the
amplitude and delay of multipath components, thereby
improving robustness in noisy and dynamic environments
[12]. A low-complexity multipath parameter estimation
method for multicorrelator receivers was proposed in
[13], based on log-likelihood maximization using a grid
search approach. Additionally, [14] introduced a random
forest-based estimator to enhance multipath parameter
estimation accuracy. However, the accuracy of parameter
estimation in these methods remains constrained by the
number and spacing of correlators, leading to significant
computational complexity in real-time applications [15].

Mitigating multipath using existing or commonly
available receiver outputs presents an alternative that
avoids modifications to receiver design. Signal quality
monitoring (SQM) techniques, such as delta and ratio
metrics, are widely employed to detect abnormalities in
receiver outputs caused by multipath interference [16, 17].
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[18] employs a graph-based deep learning model that
jointly predicts satellite and measurement weights in
urban. Receiver autonomous integrity monitoring (RAIM)
is another widely used approach that identifies outliers
based on the statistical characteristics of receiver mea-
surements [19]. Once detected, satellites contributing to
these anomalies can be excluded from the position, ve-
locity, and time (PVT) solution to improve accuracy.
Another approach involves applying weighting schemes
to mitigate multipath errors in receiver navigation, such
as satellite elevation-dependent and carrier-to-noise den-
sity ratio (C'/Np)-dependent models [20, 21]. However,
mitigation methods relying on de-weighting or exclusion
may degrade navigation geometry, potentially reducing
overall positioning accuracy. Furthermore, even high-
elevation or strong-C/Ny signals can experience severe
multipath effects in complex environments, limiting the
effectiveness of these approaches [22].

Existing research reveals several noticeable gaps in
multipath mitigation. While extensive work has been
done to understand the impact of multipath on pseudo-
range measurements, leading to the development of the
widely used MEE, the effects of multipath on Doppler
frequency and pseudorange rate measurements have been
overlooked. In particular, the literature exhibits conflicting
views on the multipath-induced Doppler measurement
error. On one hand, numerous studies have reported non-
negligible Doppler frequency differences between the
LOS and reflected signals under various conditions, in-
cluding static receiver [23], varying user velocity [24, 25],
and different signal ray geometries [26]. On the other
hand, many existing models assume the Doppler fre-
quency difference to be negligible [15, 27, 28]. To address
this discrepancy, the author’s previous work theoretically
analyzed receiver frequency tracking performance under
multipath interference [29], demonstrating that Doppler
measurements can become erroneous due to the interac-
tion of multiple signals during frequency tracking.

In the field of advanced GNSS positioning algorithms,
the need for corrected Doppler measurements has been
highlighted in many studies. For example, errors in
Doppler-based velocity estimation can lead to incorrect
integrated results in factor graph optimization (FGO)
[30, 31]. Additionally, Doppler-aided positioning algo-
rithms are widely implemented in GNSS receivers, where
pseudoranges and Doppler measurements are jointly pro-
cessed using weighted least squares or Kalman filter
(KF) algorithms [32]. Other techniques leverage Doppler
measurements to smooth code-based positioning, enhanc-
ing both accuracy and robustness [33, 34]. Furthermore,
Doppler-smoothed code measurements play a crucial role
in resolving integer ambiguity during instantaneous real-
time kinematic (RTK) positioning [35]. Therefore, there
is a critical need for a multipath detection and mitigation
method in Doppler measurement.

This study proposes a novel multipath parameter es-
timation method that leverages receiver Doppler mea-
surements. In previous work, we established a theoretical

foundation by modeling Doppler measurement error and
validating the error using a commercial receiver [29].
Building on this theoretical analysis, this work extends
the model to directly link Doppler measurement errors
with multiple incoming signal parameters. A distinctive
Doppler oscillation feature in the time domain is iden-
tified, characterized by differences in the parameters of
incoming signal components. By exploiting this Doppler
oscillation feature, our proposed method enables accurate
signal parameter estimation, allowing for the detection
of reflected signals and the correction of Doppler mea-
surements for better receiver navigation. The key con-
tributions are summarized in Fig. 1. A nonlinear least
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Previous work [29] This work
Fig. 1. Summary of key contributions.
squares (NLS) estimator is introduced to estimate Doppler
frequencies, carrier phase, and signal strength of incoming
signal rays. The proposed method is validated through
pedestrian and vehicle experiments conducted in urban
environments. The accuracy of signal parameter estima-
tion is assessed by comparing the estimated parameters
with those obtained from ray-tracing simulations. The ray-
tracing technique, which integrates 3-dimensional (3D)
building models and user ground truth data, calculates the
most probable signal propagation paths from the satellite
to the receiver and serves as a benchmark for performance
evaluation [36]. Furthermore, the proposed method is
evaluated against traditional correlator-based multipath
detection and parameter estimation techniques, including
SQM metrics and MEDLL. In addition, performance
assessments are conducted under varying levels of noise
interference and different sampling sizes through simula-
tions, with results benchmarked against the Cramér—Rao
lower bound (CRLB). Since Doppler measurement is the
standard receiver output and does not require modifica-
tions to the receiver architecture, the proposed method is
cost-effective for low-cost commercial GNSS receivers.
The contributions of this work are summarized as
follows:

1) Building on prior work of multipath-induced Doppler
error characterization, this work derives a signal-
parameter-based Doppler error model and applies it
for error mitigation.

2) Propose a novel multipath signal parameter estimator
and detector using receiver Doppler measurements.

3) The parameter estimator and multipath detector are
validated through real-world experiments, with ac-
curacy assessed using ray-tracing and compared to
SQM and MEDLL. The collected raw data is open-
sourced.
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4) Derive the CRLB to evaluate estimator performance
under varying noise levels and sample sizes.

II. MULTIPATH EFFECT IN FLL
A. Modeling

Our previous research theoretically examined the re-
ceiver frequency-locked loop (FLL) under multipath in-
terference [29]. Building on this foundation, the present
study develops a theoretical model that explicitly links
Doppler measurements to multipath signal parameters,
thereby enabling parameter estimation of incoming sig-
nals. We consider a common multipath scenario in which
a single channel receives both a LOS signal and a single
reflected signal. The resulting compound signal S(t)
received in the antenna can be modeled as:

S(t) =
2CLosD(t — Tros)x(t — TLos) sin(wrost + Vros)

2C,o; D(t
(1)

where ¢ represents the continuous sample time. D(-) and
x(-) are the navigation data and pseudo-random noise
(PRN) code, respectively. The amplitudes of the LOS
and reflected signals are given by v/2Crog and /2C).. ¢,
respectively. T.os, wros, Yros correspond to the code
delay, angular frequency, and initial carrier phase of the
LOS signal, while 7,¢f, wref, Ures represent those of the
reflected signal. v(-) is the additive Gaussian white noise.

Typical receiver operations include acquisition, track-
ing, and navigation. This study primarily focuses on the
receiver frequency tracking loop. Initially, the incoming
signal is correlated with the receiver’s local replica. Then,
the integrate-and-dump process removes high-frequency
components and integrates correlation values over a pre-
defined coherent integration time [1]. Finally, the ideal
in-phase (I) and quadrature-phase (Q) channel prompt
correlator outputs under multipath interference are given
as [29]:

Ip(n) = Aros (n) cos Adros (n)
+ Apep (n) 08 Adyey (n) +vpi(n)  (2)

Qp(n) = Aros (n)sin Adros (n)
+ Arep (n)sinAgrep (n) +vpg(n)  (3)

where n represents the n-th epoch, and the duration
between two epochs is determined by the coherent inte-
gration time T'. Aros (n) and A,y (n) are the amplitudes
of the LOS and reflected signal components at n, respec-
tively. A¢ros (n) and A¢,er(n) are the carrier phase
errors of the LOS signal and reflected signal, respectively.
vp,i(n) and vp4(n) are the prompt correlator noises, and
are modelled as independent terms following a centred
Gaussian distribution. The amplitudes can be expressed
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— Tref)Z(t — Tres) sin(wpeft + Orep) + v(2)

as a function of the frequency error as [29, 37]:

Aros (n) = N\/CrosR(ATpos)sinc ((fLOS — f(;) T)

“)
N\/ ref R ATref sinc ((fref f(;) T)

®)

where N represents the number of samples within the
coherent integration time, and R(-) denotes the auto-
correlation function (ACF). Atpos and Ar,..s are the
code phase errors of the LOS and reflected signals,
respectively. fros, fref, and f;  represent the instan-
taneous Doppler frequency of the LOS signal, reflected
signal, and predicted receiver local signal, respectively.
The superscript (—) represents the receiver’s predicted
value. In the closed-loop tracking loop, the phase error
Ao¢ros (n) and A¢,.¢ (n) can be expressed as the time
integral of the Doppler error [38]:

Aref

t'Vl

A¢ros (n) = / 27 (fros (t) — fo (t))dt + Adros (t)
to

(6)

t
Adres (n) = /t 2 (freg (1) — fir () dt + Adsyey (t0)
i 7)

where ¢, = to + nT. A¢ros (to) and Ad,.r (to) are
the initial phase errors of the LOS signal and reflected
signal at the starting time ¢y, respectively. The phase
discriminator output quantifies the carrier phase difference
between the incoming signal and the local carrier, and
is filtered with a loop filter to decrease the impact of
noise. For clarity, we first consider an ideal, noise-free
discriminator output. The impact of noise is addressed
in subsequent sections. Based on (2) and (3), the phase
discriminator output can be expressed as:

Ao () = avctan(F2 )
B a(n)sin A¢ros (n) + sin Agyey (n)
= arctan (a (n) cos Agros (n) + cos Adycs (n)> ®)

where Adcom (n) is the carrier phase error of the com-
pound signal. « (n) denotes the amplitude ratio between
the LOS signal vector and the reflected signal vector, and
is defined as o (n) = Aros (n) /Ares (n).

The following sections first examine a common sce-
nario in which the reflected signal has a lower amplitude
than the direct signal. This attenuation typically results
from power loss and signal delay caused by reflection
[39]. Special cases in which the reflected signal is stronger
than the direct signal will be discussed in Section III.
B. Using the trigonometric identity, equation (8) can be
expressed as the sum of two arctangent terms:

A+ B
arctan <1 — AB) = arctan(A) + arctan(B)  (9)

where A and B are limited by the principal range of the
arctangent functions and follow 1 — AB # 0. Applying
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this identity to (8) and considering scenarios where a (n)
exceeds 1, it can be rewritten as:

B sin A¢ros (n)
Aébcom (n) = arctan <COSA¢LOS(TL))

A¢ros(n)
sin (Agﬁref (TL) — A¢LOS (TL)) )
a (n) + cos (Adres (n) — Adros (n))

Aprp(n)

+ arctan <

(10)

This equation demonstrates that the carrier phase error
of the compound signal consists of the carrier phase
error of the LOS signal, A¢ros(n), and a function
represented by A¢psp (n). The expression for Agyp (n)
is mathematically equivalent to the well-known carrier
phase multipath error described in [40]. In FLL, the two-
arctangent and four-arctangent discriminators are com-
monly used to monitor the rate of change of the phase
error [37, 40]. Based on equations (6) and (10), the
frequency discriminator output is obtained as:
~ Achom (TL) - AQﬁcorn (TL - 1)
O feom (n) ~ onT
Apyp (n) — Adpp (n—1)

2T

(1)

f. (n) denotes the epoch-averaged values over the n-th
epoch. The discriminator’s output serves as the input
to the loop filter. Different loop filters, characterized
by their design and parameter settings, influence loop
stability and tracking performance [1]. To simplify the
theoretical analysis, we assume that no additional state
variables (e.g., Doppler acceleration) are introduced be-
tween adjacent epochs, and that the discriminator output
can be approximated as directly corresponding to the fre-
quency corrections applied by the numerically controlled
oscillator (NCO). In Section IV, a second-order PLL
filter is employed in the GNSS receiver implementation.
Consequently, the receiver-predicted Doppler frequency is
adjusted by the NCO output, and the receiver’s Doppler
measurement at n can be expressed as:

Jo(n) = fo () + 6 feom(n) (12)
Substitute (11) into (12), the receiver Doppler measure-
ment under multipath interference can be summarized:
fo(n) = fros (n) + Béup (n) 2A¢MP n=1)
T
Equation (14) is the full expression of equation (13),
which describes the relationship between the receiver
Doppler measurement and the parameters of the LOS and
reflected signals. v,,0q(n) is the Doppler measurement
noise. The deviations and transformations involved are
explained in detail in Appendix A. fspifi(-) = fres(-) —
fros(’) and A¢spifi(-) = Adres(-) — Adros(-) are de-
fined as the frequency shift and initial carrier phase shift
of the reflected signal, respectively. It was observed that
the Doppler multipath error is influenced by the frequency
shift of the reflected signal, the initial carrier phase shift

~ fros (n) — fo (n) +

(13)

of the reflected signal, and the amplitude ratio. Analyzing
the performance of the Doppler multipath error is crucial
for understanding the overall performance of receiver
Doppler measurements under multipath interference.

B. Analysis of Doppler multipath error

This section aims to visualize the dynamic behavior of
the Doppler multipath error through simulation tests based
on the theoretical model (14). Fig. 2 presents a noise-
free simulation of the receiver Doppler measurement in
both the time domain and histogram form. Incoming
signal 1 represents the LOS signal, characterized by a
constant Doppler frequency of 10 Hz. Incoming signals
2 and 3, representing the reflected signals, have Doppler
frequencies set to 15 Hz and 20 Hz, respectively. The
power of each reflected signal is 3 dB lower than that
of the LOS signal. Fig. 2 (a) illustrates that when the
signal parameters of the incoming signals remain con-
stant, the receiver Doppler measurement exhibits periodic
oscillations around the LOS signal, with fixed maximum
and minimum points. The frequency and amplitude of
these oscillations increase as the frequency shift of the
reflected signal becomes larger. Additionally, the Doppler
oscillation frequency is equal to the frequency shift of
the reflected signal, as derived from equation (14), a
conclusion that is consistent with the findings in [41].
Fig. 2 (b) shows that the receiver Doppler measure-
ment follows a skewed distribution, with most samples
concentrated around the Doppler frequency of the LOS
signal. The peak of occurrence does not coincide with the
Doppler frequencies of any individual signal component.
Consequently, the frequency information of the incom-
ing signals becomes distorted during receiver tracking,
making it challenging to directly estimate the signal
component frequencies using the Fast Fourier Transform
(FFT) method. As a result, FFT-based methods typically
require raw signal or correlator-level data to accurately
extract signal components [42, 43, 44].

For cases where a(n) > 1, the maximum and mini-
mum Doppler measurements under multipath interference
are theoretically derived as:

fsnigt(n)
1—a(n)

Fsnife(n)
14+a(n)

fros (n) + , maximun

15)
Jros (n) + (

fo(n) =

, minimum

The detailed derivations are provided in Appendix B.
Thus, it can be concluded that the extreme points of
the Doppler oscillation are determined by the frequency
shift and amplitude ratio. A larger frequency shift results
in a higher oscillation amplitude, which aligns with the
simulation results shown in Fig. 2. Conversely, a larger
amplitude ratio leads to a smaller oscillation amplitude,
consistent with the expectation that a weaker reflected
signal induces a smaller Doppler multipath error.
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a (n) cos ( S 2 fanige (D)t + Az (t0)> +1

fo(n) = fros (n) + fsnife(n) -

a2 (n) + 2a (n) cos <f:0 27 fonipe(t)dt + Adsnife (t0)> +1

+VUmea (n) (14)

Doppler Multipath Error: fasp(n)
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Fig. 2. (a) Time-domain simulation of the receiver’s Doppler

measurement under multipath reception, with the powers of incoming

signals 2 and 3 each set 3 dB lower than that of incoming signal 1.

(b) Histogram of the simulated receiver Doppler measurements under
multipath reception.

C. Error Envelopes

The well-known MEE or pseudorange (PR) error
envelopes describe the worst-case impact of multipath
effects on code tracking in a defined scenario [1]. These
envelopes illustrate the relationship between PR error
and the reflected signal path delay (code phase shift).
The authors’ previous work introduced pseudorange rate
(PR rate) and Doppler error envelopes [29]. This section
extends that analysis to compare the sensitivity of PR and
PR rate errors to multipath interference, which is valuable
for developing multipath detection and mitigation strate-
gies across various scenarios.

Since the receiver Doppler measurement exhibits dy-
namic oscillations, the error envelopes are plotted at the
first epoch in which the reflected signal is injected. Fig. 3
compares the PR error and PR rate error for a binary phase
shift keying (BPSK) signal in the code phase domains.
The Y-axis represents the code phase shift of the reflected

AUTHOR ET AL.: SHORT ARTICLE TITLE

signal relative to the direct signal (7,4;s:), While the X-
axis represents the frequency shift of the reflected signal
relative to the direct one, normalized by the coherent
integration time. A normalized frequency shift value of 1
corresponds to the pull-in range of the FLL discriminator,
which is given by 1/T. During the simulations, an early-
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Fig. 3. Comparison between the PR error and PR rate error

envelopes.

minus-late discriminator is employed with an early-to-late
correlator spacing of 0.25 chips. In the Y-Z view plots of
Fig. 3, the shaded area in the PR error envelope represents
all possible values of the carrier phase error, while each
line in the PR rate error envelope corresponds to potential
values of the frequency shift of the reflected signal. The
figure reveals that the maximum PR rate error occurs
when 75 is zero, at which point the PR error is mini-
mized. As 7,p; ¢ increases, the PR error initially increases,
then stabilizes, and eventually decreases, whereas the PR
rate error continuously decreases. Notably, the minimum
PR rate error and the maximum PR error occur at different
Tshife values.

Therefore, the sensitivity of PR/correlator-based and
Doppler-based detection and mitigation methods can be
assessed. Short-delay reflected signals can produce sig-
nificant Doppler measurement errors and oscillations,
especially when they are accompanied by strong signal
power and non-negligible Doppler frequency shifts. This
is because the reflected signal with shorter delay expe-
riences less attenuation by the autocorrelation function,
resulting in stronger contributions to the signal vector
tracked by the FLL. Conversely, when the reflected signal
has a large delay, leading to substantial amplitude attenua-
tion, its impact on Doppler measurements diminishes. In



such cases, PR/correlator-based multipath detection and
mitigation methods may be the preferred choice.

[ll. DOPPLER-BASED MULTIPATH MITIGATION
METHOD

This work proposes a novel multipath detection and
mitigation method that leverages signal parameter estima-
tion utilizing the unique Doppler oscillation features. The
flowchart of this work is summarized in Fig. 4. Section
IT starts at the base-band level, deriving a Doppler mea-
surement model that captures the characteristic oscillation
produced by a single dominant reflection. This model
feeds directly into the proposed Doppler-based nonliear
least squares (D-NLS) estimator, introduced in Sections
IIT A and B. Section III C quantifies the achievable
accuracy by deriving the CRLB and verifying it with
Monte-Carlo simulations over a range of C/N, levels
and sample sizes. Section IV A then applies the method
to pedestrian and vehicular data, validating the estimated
parameters against ray-tracing ground truth, while Section
IV B benchmarks the proposed approach against state-of-
the-art multipath detectors and estimators, demonstrating
its superior performance in dynamic urban scenarios.
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Fig. 4. Flowchart of the proposed method and organization of this

work.

A. Doppler-based nonlinear least squares estimator

Let the unknown parameters, LOS Doppler frequency,
Doppler shift, initial carrier phase shift, and amplitude
ratio, be denoted as:

. . - T
x = [fros, fsnigt, Adsnise, @] € R* (16)

where the tilde symbol (~) represents estimation candi-
dates. These parameters are assumed to remain relatively
stable within a given estimation window and can be
estimated using a sufficient number of receiver Doppler
measurements. The receiver Doppler measurement refers
to the Doppler frequency output from a real receiver,

denoted as fy re. and modeled in (14). For an estimation
window spanning epochs 1 to M, the receiver Doppler
measurements fy r.. and the estimated Doppler measure-
ment fj (x) are given by:

f(),Rec - [f(),Rec (1) ) fO,Rec (2) P f(),Rec (M)]T (17)
fo () = [fo(1:%), fo(2%),... o(Mix)] (18)

In the algorithmic implementation, the noise-free esti-
mated Doppler measurement at epoch n, consistent with
the model in (14), is expressed as:

fon;x) = fros+
i acos (37 2nT Fsnige + A(Z)shift) +1
shift _ _ P = =
a2 + 2acos (37 20T fonift + Adsnige) + 1
(19)
1) Cost Function: The proposed estimator aims to es-
timate the unknown parameters in (16) by minimizing the

residual between the received and the estimated Doppler
measurements. The residual is defined as:

r (x) = fo,gec — fo (x) € RM (20)
The proposed D-NLS estimator is formulated as:
1
% = argmin o r (x)]I; 1)

Ib<x<ub

The hat symbol (A) indicates the optimal estimate. |||,
indicates the Euclidean norm. 1b, ub € R* are the bound
vectors on each unknown parameter. A¢gp;r+ and & are
limited to [—, 7] and [1, 30], respectively. Boundaries of
fros and fspire are set to the size of 20 Hz around the
initialization values, which are derived in the following
part. Then, the Doppler frequency of the reflected signal
during this estimation window can be calculated as:

fref = fLos + fshift

The D-NLS estimator provides several key results di-
rectly: the Doppler frequencies of the LOS and reflected
signals, the initial carrier phase shift, the amplitude ratio,
and the curve-fitting residuals.

2) Optimization Method: The estimator employs
MATLAB’s lsgnonlin solver, which implements a
trust-region-reflective algorithm combining dogleg and
truncated-conjugate-gradient updates under simple bound
constraints [45]. Mathematically, the trust-region subprob-
lem for iteration k is typically stated:

(22)

1 2
sk — arg min — HJ(k)s + r(k)H 23)
2

IDsll, <A 2
where Ay is the trust-region radius and is updated ac-
cording to MATLAB’s default thresholds. D = diag(d)
is the scaling matrix with d; = uiili, u € ub,/ € 1b, to
normalize each parameter to [0,1]. r®) = r(x(®)) is the
residual vector at k£ defined by (20). Bounds on x are en-
forced by reflecting any component x*) +s(*) that would
violate the bounds. J*) = J(x(*)) is the Jacobian matrix.
Due to the complicated nonlinear expressions of Doppler
measurement, no analytic derivatives are provided to the
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algorithm. MATLAB approximates the Jacobian matrix
by forward finite differences:

k
J(k)zw ERMX4 (24)
ox
For example, for parameter z; at epoch n:
(k) dfo (n; x®)
[J(k)}ni _ 8rn(x ) _ fo (n X ) 25)
' axz aﬂfi
where
6f0 (n; x(k)) fO (7% xfk) + 5ei) — fO (n; mfk))
~ (26)
83% e

¢ is the default small perturbation such as 1076 and e; is
the ith standard basis vector in R%.

At each iteration, the residual r® is computed and
J®*) is approximated using forward finite differences.
The trust-region step s(*) is obtained by solving the
subproblem defined in (23). The reduction ratio

Gy _ IG5 = e + @)
e ®)5 = [ T(x)s®) +r(x®)|

measures how well the linearized model predicts the
actual residual reduction. If p(k) > 0.75, the iteration step
is accepted and the trust-region radius A is increased.
If 0.75 > p(’f) > 0.25, the step is accepted but A is
unchanged. Otherwise, this step is rejected and A is
reduced. Iteration stops when either the step size Hs(k) H2
or the cost function Hr(’“)“2 falls below 1076, or the
iteration count reaches 400. Algorithm 1 summarizes the
trust-region reflective procedure used to solve the D-NLS
estimator.

27)

Algorithm 1 Trust-region reflective for D-NLS [45]
Input: r(x), Ib, ub, initial guesses for x and A
Output: x(*+1

1: for k=0,1,... do

2. Compute r*®) = r(x(*).

3: Form J*) by forward finite differences in (26)

4 Solve s(®) in (23)

s: Compute p*) according to (27)
6: if p;, > 0.75 then
7
8
9

x(FHD) — x(k) 1 s(F) "increase Ajy1.
else if p; > 0.25 then
: xFHD) = x(B) 1 (%) keep Ajyr.
10: else

11: xFHD = x(F) reduce Ajyq.
12: end if

13 if |[s%)ly <1076 or [[r™®)||, < 1076 or k > 400
then

14: break
15: end if
16: end for

3) Initialization: The accuracy of the D-NLS estimator
is sensitive to the choice of initial parameter guesses. As
the estimator employs iterative optimization to minimize
measurement residuals, poor initialization may lead to

AUTHOR ET AL.: SHORT ARTICLE TITLE

convergence to local minima rather than the global op-
timum. Owing to the highly nonlinear nature of (19),
appropriate parameter initialization is therefore adopted
to enhance estimation robustness and accuracy. Since the
Doppler multipath error primarily manifests as a high-
frequency component, it can be reduced by averaging
over a time period. "l:hus, the initial estimate of the LOS
Doppler frequency, fros,ini» can be approximated as the
mean Doppler measurement over an estimation window:

M
fros,ini = % 7; fo,rec(n) (28)
Second, as indicated by (19) and the simulation results in
Fig. 2, the Doppler oscillation frequency is determined by
the period of the trigonometric functions, which in turn
is governed by the parameter Foni r¢. Consequently, for a
Doppler oscillation with a period of P seconds, fshi 7t can
be initialized as:

1

Fshiptini = P (29)

Finally, the amplitude ratio can be initialized using (15)
as:

max(fo, Ree

)—fLOS.ini
min(fo, Rec)—fLOS,ini

(30)

Qini = =
max(fo,rec)—fLOS,ini
min(fo, rec)—frLos,ini

B. Algorithm design

The overall process for multipath detection and mit-
igation is outlined in Algorithm 2. Step 3 in Algorithm

Algorithm 2 Proposed D-NLS estimator for multipath

detection and mitigation

Input: The received Doppler measurement consists of
K satellites, with Y estimation windows for each
channel

Output: The estimated signal parameters x, The multi-
path indicator

1. fori=1,2,...., K do

2: for j=1,2,....Y do

3: Initialize X;n; = [fLOS,inia.fshift,iniaov&ini]
based on (28), (29) and (30)

4: Apply parameter estimation based on Algo-
rithm 1 and get f5(%X) and %

5: if max (fy(%X)) — min (fo(%X)) > v then
: Add the j-th detection window of i-th

satellite to the deterministic multipath subset

7: Calculate fLos and fref based on (22)
and correct receiver Doppler measurement with fros

8: end if

9: end for

10: end for

11: Utilize the updated receiver Doppler measurements
for navigation

2 estimates rough signal parameter ranges based on the

7



observed Doppler oscillation characteristics. The opti-
mization process can be initialized from multiple starting
points, such as through randomized initializations, to im-
prove the likelihood of converging to the global minimum.
Step 5 of Algorithm 2 detects multipath by comparing the
oscillation range of the estimated Doppler measurement
with a predefined threshold. In this work, the threshold is
set to 4 Hz, chosen based on the estimator’s sensitivity to
noise under practical operating conditions. Under LOS
conditions, the receiver Doppler measurement contains
minimal oscillation, and the estimator modeling Doppler
under multipath conditions according to (19). This typ-
ically produces either an excessively large amplitude
ratio or a near-zero Doppler frequency shift, resulting
in an estimated Doppler measurement that is oscillation-
free. In contrast, when multipath interference is present,
the estimator reconstructs the oscillatory pattern. The
accuracy of this reconstruction is essential for reliable
multipath detection, as a pronounced oscillation range in
the estimated Doppler indicates the presence of multipath.
The optimal threshold, however, may depend on specific
implementation scenarios. Future work could determine
this threshold using data-driven or adaptive methods that
account for the statistical characteristics of noise rather
than relying on a fixed empirical value.

The derived theoretical models and the signal pa-
rameter estimator can also be applied in special cases
where the reflected signal is stronger than the direct
signal. In such scenarios, the modeling of the estimated
receiver Doppler measurement remains similar to (19).
However, the definitions of the outputs from the D-
NLS estimator differ. Specifically, the estimated fLos
represents the Doppler frequency of the reflected signal,
while f,.e ¢ corresponds to the desired LOS signal Doppler.
Additionally, the estimated & indicates the ratio of the
reflected signal amplitude to the LOS signal amplitude.
The occurrence of this special case can be identified using
a pseudorange-based estimator that determines the signal
time-of-arrival, along with a consistency check between
the pseudorange and Doppler frequency of the signal
components. Therefore, this scenario is not well suited
to the proposed framework and is not considered further.

The computational complexity of the proposed D-
NLS estimator is primarily governed by the trust-region
reflective optimization (Algorithm 1). For each estimation
window, the nonlinear least squares subproblem involves
computing a residual vector of size M and solving a
least-squares system using a Jacobian matrix of dimension
M x 4, where 4 is the number of signal parameters. The
dominant cost of this step scales as O(42M) per iteration,
with 42 rises from computing the 4 x 4 matrix JTJ. Since
4 is fixed, it is simplified to O(M). Given that Algorithm
1 is invoked for each of the Y estimation windows across
K satellite channels, the overall computational complexity
of the full estimation process is:

O(KY MEpay) (3D

where k. is the number of iterations in Algorithm 1.
Therefore, the method scales linearly with the number
of satellites, estimation windows, iteration number, and
Doppler measurements per window. The experimentally
calculated processing time are listed in Table II.

C. Simulation on estimator accuracy

This section evaluates factors that influence estimation
accuracy through simulation. First, the CRLB provides the
theoretical minimum variance for any unbiased estimator
and is derived from the inverse of the Fisher information
matrix (FIM) [46]. For instance, the FIM for the param-
eter fLOS is given by:

82 lnp (f(],Rec; X)
9ftos
where p (fo, rec; x) denotes the likelihood function of the

receiver Doppler frequencies given x, expressed as:

p (fO,Rec; X) =

FIM(fros) = —E

1 (32)

M

Z

M

(2m0?) " % exp

fo,Rrec ( fo (n;X))ﬂ
(33)

Assuming white Gaussian noise in the receiver Doppler
measurement, and o2 is the noise variance. Therefore,
CRLB for frogs is given by:

CRLB (fros) = FIM(fros)™" = Vi

The CRLBs for the remaining three parameters are com-
puted using numerical approximation. The CRLBs can
be derived by approximating the partial derivatives of the
signal model with respect to the unknown parameters. For
instance, the partial derivative of the signal model with
respect to a parameter x; is given by:

dfo (n;x) _ fo(n;z; +ece;) —
ox; - €

It is mathematically equivalent to the Jacobian compu-
tation in (26). The Jacobian matrix quantifies how small
changes in the parameters affect the model output, making
it a direct measure of the estimator’s sensitivity. This
sensitivity, in turn, determines the amount of Fisher infor-
mation and thus influences the CRLB. The corresponding
element of the FIM is then computed as [46]:

0ty (n;x) 0fy (n;x)
FIM;; = — nzl o, oz,

Second, simulations are conducted to assess the per-
formance of the proposed D-NLS estimator, focusing on
two key factors: noise variance and measurement sample
size. Doppler measurement noise v,eq(n) is primarily
attributed to thermal noise, and its standard deviation is
simulated based on the 1-sigma frequency jitter as [1]:

(34)

fo (n; ;)

(35)

(36)

1 [4FB,
= 2T \| O/, ( * TC/N0> 7
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where

F =1 at high C/Ny
= 2 near threshold
B,, = Noise Bandwidth (Hz)

C/Ny represents the strength of the received compound
signal. Using the derived model, the receiver Doppler
measurement under multipath interference is simulated for
predefined signal parameters and impact factor settings.
Parameter estimation is performed with Algorithm 2, and
for each impact factor setting, S000 Monte-Carlo trials
are run to compute the root mean square error (RMSE),
which is then compared with the corresponding CRLB.
Throughout the simulations, the parameters of the direct
and reflected signals, as well as the receiver settings, are
kept constant, as specified in Table I.

TABLE 1

Simulation parameter settings

A¢spift o T
0 degree 2 1 ms

By,
20 Hz

fshigt
15 Hz

fros
0 Hz

The impact of noise is analyzed with a fixed mea-
surement sample size of 300 milliseconds (ms). Fig.
5 (a) presents the simulation and theoretical parame-
ter estimation accuracy across varying C/Ny. An in-
crease in C'/ Ny reduces the noise impact on the receiver
Doppler measurement, making the Doppler oscillation
feature more distinct and improving the accuracy of
parameter estimation. Compared with fsm fts fLos has a
higher CRLB, indicating a theoretically lower estimation
accuracy. However, its estimation performance closely
approaches the CRLB, suggesting that the proposed algo-
rithm operates near optimally for f ros. The parameters
fshiﬁ, A(nghift, and & exhibit similar CRLBs as they
are mainly influenced by the Doppler oscillation. For
low C/Ny values, extremely high noise interferes with
the initial guess process in the algorithm, preventing the
estimator from converging properly. However, since these
parameters are constrained by fixed boundaries, where
& is limited to [1,30] and Aq;shift is constrained by
[—7, 7], their estimated values remain artificially within
these bounds. As C'/ Ny increases beyond approximately
30 dB-Hz, the discrepancy between simulation and CRLB
diminishes. However, estimation accuracy of fshi £ still
has room for improvement. Future enhancements could
focus on developing a more robust algorithm with noise
filtering techniques to reduce sensitivity to noise and
outliers.

The impact of the sample size on the estimator is eval-
uated with a fixed C/Ny of 40 dB-Hz. As shown in Fig.
5 (b), the estimator accuracy improves with increasing
sample size, with acceptable performance for sample sizes
greater than 120 ms. However, as the sample size exceeds
300 ms, the estimator error gradually increases, deviating
from the CRLB. This occurs because the proposed D-NLS
method does not explicitly account for noise distribution
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20 yy : .

" —e— fros - — — CRLB of fros
181y —4— faist = — — CRLB of fug
6L ™ Adgipt CRLB of At |

n ——a — — —=CRLBof &

Parameter estimation error RMSE
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CIN, (dB-Hz)
(a)
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18 L —— ijos — = = CRLB of ijOS
—— fshjft — = = CRLB of fshjft

16 | Adsnife CRLB of Aggnir
—>—a — — = CRLB of &

Parameter estimation error RMSE
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Measurement sample size (ms)
(b)
Fig. 5. Plots of the RMSEs and CRLBs for the LOS signal’s

Doppler frequency (Hz), Doppler frequency shift of the reflected
signal (Hz), initial carrier phase shift (radians), and signal amplitude
ratio, varying with (a) C'//Np values and (b) measurement sample size.

or variance, and increasing the number of measurements
introduces more noise, causing the estimator to fit to these
noisy deviations. Additionally, the highly nonlinear nature
of the Doppler measurement model means that too large
a sample size does not necessarily improve accuracy, as
the estimator becomes invalid over larger regions of the
parameter space. When the sample size is too small, the
numerically simulated CRLBs appear to be too large. In
conclusion, the proposed estimator performs well in high
C'/Ny and moderate sample size scenarios.

IV. EXPERIMENTS

To investigate both the fundamental characteristics
of multipath-induced Doppler errors and the robustness
of the proposed mitigation method, two experimental
scenarios are presented. In scenario 1, a pedestrian walks



perpendicular to a building surface, as indicated by the
red arrow in Fig. 6 (a), allowing for multipath reception
from the south. This controlled setup creates a well-
defined reflected path geometry and induces a varying
Doppler shift in the reflected signals, enabling theoretical
validation and baseline performance evaluation of the
proposed algorithm. The pedestrian carries a backpack
equipped with test devices, as shown in Fig. 6 (b). A
LABSAT 3 Wideband (3W) system records GPS L1
intermediate frequency (IF) data for post-processing using
a GNSS software-defined receiver (SDR), while a No-
vAtel SPAN-CPT system, connected via a splitter to the
same antenna, provides centimeter-level ground truth for
validation [47, 48]. Scenario 2 extends the evaluation to a
vehicle navigating a dense urban canyon (Fig. 6 (c)), char-
acterized by rapidly changing satellite-receiver dynamics
and time-varying multipath. Although the presence of
multipath is often brief and localized in such scenarios, it
offers a realistic assessment of the algorithm’s operational
performance. The same test devices are shown in Fig. 6
(d), and are installed in the vehicle for consistency across
scenarios.

The sky plots categorize satellites into LOS and mul-
tipath types based on ray-tracing analysis. The ray-tracing
algorithm [36], which incorporates satellite ephemeris,
the 3D building model, and user PVT data, estimates
the most probable signal propagation paths. The ray-
tracing model assumes perfect specular reflections from
building surfaces, and a satellite is classified as experi-
encing multipath interference if more than one satellite-
receiver path is identified. The ray-tracing result indicates
that for scenario 1, PRN 22 is geometrically susceptible
to multipath effects throughout the test, while PRN 5
experiences multipath interference over several epochs.
For scenario 2, around 10 seconds of signal from PRN
15 are classified as multipath. Therefore, the subsequent
analysis focuses on PRN 22 of scenario 1 and PRN 15
of scenario 2, which exhibit the highest likelihood of
sustained multipath interference.

In the GNSS SDR implementation, the coherent inte-
gration time is set to 1 ms. The PLL loop bandwidth
is set to 20 Hz for pedestrian tests and 40 Hz for
vehicular tests, while the D-NLS method processes a
300 ms sample window for each estimation. Table II
summarizes the computational environment and measured
runtime of the proposed D-NLS estimator implemented
in MATLAB. Under the same hardware configuration,
the processing time required for the correlation stage
in MEDLL is also reported and will be discussed in
detail in Section IV.B. Here, F,, B, K, C, and T denote
the sampling frequency, the front-end bandwidth, the
number of satellites, the number of correlators, and the
coherent integration time, respectively. The GPS IF data
and ground truth have been open-sourced on GitHub at:
https://github.com/Fangjingxiaotao/GNSS-OpenlF.

TABLE II

System configuration and processing time

Item Value
CPU Intel i9-12900K, 3.19 GHz
RAM 32GB
Operating system Windows 11 Pro
MATLAB R2024a
GPS IF data Fs =58 MHz, B = 56 MHz
D-NLS
Algorithm parameters K =6, Y = 333, M =
300, kmax =~ 16
Mean proc. time (1 s GNSS)  1.38s
MEDLL
Algorithm parameters K=6,C=161, T=1ms
Mean proc. time (1 s GNSS) 4405

A. The proposed parameter estimator performance

1) Scenario 1: The receiver Doppler measurements
correspond to the nominal GNSS receiver outputs ob-
tained from the GNSS SDR after PLL filtering. Fig. 7
(a) presents the receiver Doppler measurements of PRN
22 of scenario 1. Fig. 7 (b) illustrates the corresponding
true velocity of the pedestrian. The pedestrian remains sta-
tionary for approximately 15 seconds before engaging in
a repeated reciprocating motion. The Doppler frequency
exhibits periodic variations corresponding to velocity vari-
ations during the reciprocating movement. The subfigures
in Fig. 7 (a) provide a detailed view of the Doppler
performance at approximately 48 and 53 s, respectively.
Notably, the Doppler measurement demonstrates distinct
high-frequency oscillations with a prolonged upward or
downward tail. This observed Doppler oscillation fea-
ture closely resembles the theoretical multipath-induced
Doppler oscillation simulated in Fig. 2.

The receiver Doppler measurement is input to the
D-NLS estimator, and the parameter estimation perfor-
mance is presented in Fig. 8. Fig. 8 (b) and (c) provide
zoomed-in views at approximately 48 and 53 seconds,
respectively. The received Doppler is the receiver Doppler
measurement from the GNSS receiver. The estimated
Doppler represents the estimation output from D-NLS,
showing strong consistency with the received Doppler
across multiple epochs, validating the effectiveness of
the proposed estimator in capturing the multipath-induced
oscillation feature. The estimated Doppler frequency of
the LOS signal follows the variations in the receiver
Doppler measurement, while the estimated Doppler fre-
quency of the reflected signal exhibits an inverse pattern.
In certain epochs, the Doppler difference between the
LOS and reflected signals reaches 20 Hz. This is because
the reflected signal path changes perpendicularly to the
building surface, altering the velocity projection along
the LOS and reflected signal paths in different directions.
Consequently, the Doppler difference between the LOS
and reflected signals exists. In Fig. 8 (b), the estimated
Doppler frequency of the reflected signal is approximately
15 Hz lower than that of the LOS signal, whereas in
Fig. 8 (c), the reflected signal exhibits a higher Doppler
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Scenario 1: Pedestrian
-

Fig. 6. (a) Test environment in scenario 1, showing the test trajectory (red arrow) and sky plot and (b) equipment setup in scenario 1. (c) Test
environment in scenario 2, showing the test trajectory (pink icons) and sky plot in 35 seconds and (d) equipment setup in scenario 2. Satellites
in green indicate LOS signals, while those in orange represent multipath interference based on ray-tracing analysis.
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Fig. 7. (a) Doppler measurement of PRN 22 of scenario 1 obtained 53.5 54
from the GNSS SDR. (b) True user velocity recorded by the T‘(“‘b)e © T‘:‘c‘)e ©
SPAN-CPT system.

Fig. 8. (a) Overview of the D-NLS estimator performance for PRN
22 of scenario 1. (b) Zoomed-in view at approximately 48 seconds.
(c) Zoomed-in view at approximately 53 seconds.

frequency. This is attributed to the reversal of the user’s

velocity direction between the two cases. In addition, the Fig. 9 presents the performance of the proposed D-
oscillation period is measured to be approximately 76 NLS estimator for PRN 17 in a LOS reception scenario.
ms, corresponding t0 a fspife,ins Of around 13 Hz, as  The results indicate that the estimated Doppler remains
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flat, with the estimated Doppler frequencies of the LOS
and reflected signals nearly overlapping. This outcome is
expected, as the absence of Doppler oscillation features
causes the estimator to stabilize, fitting the noise opti-
mally. This behavior aligns with the theoretical analysis
in Section III. B. However, in certain epochs, a high-
frequency shift of the reflected signal is estimated, pos-
sibly leading to false alarms in the proposed detector.
To mitigate this, more advanced estimation algorithms
that account for noise distributions and incorporate outlier
detection may be required to enhance the robustness and
accuracy of Doppler oscillation feature matching.

-1960 Received Doppler

Estimated Doppler

Estimated LOS Doppler
Estimated reflected Doppler

N
E 1980 ‘
Z.-2000 ’ '
@ .
AL LA ey
5] -2000 ' f WW | w
a -2040 2010 MIM
L 30, 30.5, 31, 1 L
10 20 30 40 50 60 70
Time (s)
Fig. 9. D-NLS estimator performance for PRN 17 of scenario 1.

The ray-tracing algorithm utilizes ground truth PVT
information from the SPAN-CPT, satellite ephemeris, and
the 3D building model to determine the most possible
signal propagation paths and compute the correspond-
ing Doppler frequency for each signal ray. The ray-
tracing simulated Doppler frequencies remain unaffected
by GNSS-related interference, including noise, multipath
effects, and atmospheric disturbances. Therefore, the ray-
tracing simulated Doppler frequencies are considered the
true Doppler values. Since receiver clock errors affect
all satellites uniformly within the same test, the single-
difference Doppler frequency is computed to mitigate the
impact of receiver clock drift on Doppler measurements.
The single-difference Doppler frequency is defined as the
Doppler difference between a test satellite and a reference
satellite that receives only a LOS signal, expressed as:

fsingle = ftest - frefe'r (38)
Thus, the single-difference Doppler frequency retains the
multipath-induced error from the test satellite. In this
analysis, PRN 22 is selected as the test satellite, while
PRN 20 serves as the reference satellite. Fig. 10 presents
a comparison between the estimated Doppler frequen-
cies and the true Doppler frequencies simulated by the
ray-tracing technique for PRN 22. The estimated LOS
Doppler closely aligns with the true values throughout the
test, demonstrating the accuracy of the proposed method.
The estimated reflected Doppler also exhibits satisfactory
accuracy, although occasional outliers are expected. As
shown in Fig. 5, the simulated RMSE of fshi ¢ is higher
than that of f ros under the considered C'/Ny and sample
size. Because the reflected signal is weaker, its Doppler
estimate is more susceptible to noise and receiver dy-
namics. The dominance of the stronger LOS component

is also evident in Fig. 2 (a). The RMSE for the estimation
of LOS Doppler and reflected Doppler is 2 Hz and 6 Hz,
respectively.

True LOS Doppler
Estimated LOS Doppler

True reflected Doppler
Estimated reflcted Doppler

-3835
-3840
-3845
-3850
-3855
-3860
-3865

-3870

Single-difference
Doppler frequency (Hz)

10 20 30 40 50 60 70
Time (s)

Fig. 10. Comparison of the estimated Doppler frequencies obtained
using the proposed method with the true Doppler frequencies
simulated by the ray-tracing technique. PRN 22 of scenario 1 serves
as the test satellite, while PRN 20 of scenario 1 is used as the
reference satellite for single-difference Doppler calculation.

2) Scenario 2: Fig. 11 (a) presents the parameter
estimation performance of PRN 15. Strong oscillatory
behavior is observed in the Doppler measurements in
Fig. 11 (b). At around 36 seconds, the oscillation period
is approximately 45 ms, and the frequency shift of the
reflected signal is estimated to be around 25 Hz, corre-
sponding to a vehicle speed of about 5 m/s. After around
50 seconds, the receiver loses lock on the signal, likely
due to signal blockage. Measurements from around 31 to
45 seconds are classified as under multipath interference
according to ray-tracing. As shown in Fig. 11 (c), the
green diamonds represent reflection points determined
via ray-tracing, while the blue dots indicate the vehicle’s
trajectory. The reflection points are concentrated around
the surface of a glass-curtain high-rise building, confirm-
ing the physical plausibility of the detected multipath.
Compared with the pedestrian scenario (Scenario 1), the
increased user velocity in this vehicular setting leads
to a larger Doppler shift in the reflected signal, which
enhances observability but also introduces challenges.
Specifically, the high dynamics result in noisier Doppler
measurements and reduced tracking stability, making it
more difficult for the estimator to maintain robust and
consistent performance throughout the entire period.

Fig. 12 compares the single-difference Doppler fre-
quencies produced by the proposed D-NLS estimator with
the ray-tracing ground truth for PRN 15 in scenario 2. Due
to the high mobility of the vehicle, PRN 15 is susceptible
to multipath interference only between 31 and 45 seconds.
In this interval, the estimated reflected Doppler matches
the ray-tracing-based ground truth, demonstrating the
potential of the proposed method in urban vehicular sce-
narios. Outside this interval, some inconsistencies appear
between the estimator and the ray-tracing labels. Four
representative cases are enclosed by dashed boxes in Fig.
12 and analyzed in detail in Fig. 13.

Fig. 13 presents four magnified time windows, each
spanning approximately 0.4 seconds, illustrating condi-
tions where the D-NLS estimator and the ray-tracing
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Fig. 11. (a) Overview of the D-NLS estimator performance for PRN

15 of scenario 2. (b) Zoomed-in view at approximately 36 seconds.
(c) The vehicle trajectory and reflection point locations of PRN 15
from around 31 to 45 seconds.
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Fig. 13.  Zoomed-in views of the D-NLS estimator performance for

PRN 15 in scenario 2, illustrating inconsistency cases arising from: (a)
estimation gap between D-NLS and ray-tracing; (b) ray-tracing false
alarms; (c) missed detections in ray-tracing; and (d) false alarms in

the D-NLS estimator.
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reference diverge. Fig. 13 (a): At around 41 seconds, the
two methods differ by around 10 Hz according to Fig. 12.
This does not necessarily indicate the D-NLS estimator
failure, as the D-NLS output aligns well with the observed
Doppler oscillation. Moreover, ray-tracing, which relies
on simplified geometric optics, cannot fully account for
effects induced by irregular building geometries, vegeta-
tion, or dynamic occlusions [36, 49]. Fig. 13 (b): Ray-
tracing detects a multipath event at around 18 seconds,
whereas the D-NLS estimator does not. This discrepancy
may result from a ray-tracing false alarm or from Doppler
oscillation features too weak to emerge from noise. Fig.
13 (c): The D-NLS estimator detects multipath-induced
Doppler oscillation, but the ray-tracing method remains
silent, possibly due to the limited precision in its 3D build-
ing model. Fig. 13 (d): The D-NLS estimator generates
a false alarm by misinterpreting noise-induced or dynam-
ically unstable tracking fluctuations as multipath. These
observations indicate that both the D-NLS estimator and
the ray-tracing technique face challenges in maintaining
robustness under highly dynamic and noisy conditions.
Future improvements may be achieved through enhanced
noise-filtering and outlier-detection strategies.

In conclusion, the proposed estimator demonstrates
satisfactory accuracy and robustness in the pedestrian
scenario, as well as a promising capability for estimation
in high-dynamic vehicular environments. The results also
reveal several key limitations of this method. First, its
effectiveness is primarily constrained to dynamic user
scenarios. Second, the impact of noise on practical FLL
tracking accuracy is not accounted for, which may af-
fect estimation precision. Improved accuracy could be
achieved by incorporating a posterior noise model in
the Doppler measurement. Lastly, the proposed model
is limited to multipath scenarios involving two incoming
signals where LOS remains dominant. In more complex
cases with multiple reflected signals within a single chan-
nel, the accuracy of signal parameter estimation may be
compromised.

B. Comparison

The accuracy of the parameter amplitude ratio is
verified by comparing it with the widely recognized
correlator-based parametric method, MEDLL, using sce-
nario 1 data. Originally proposed by Van Nee [11],
MEDLL is frequently employed as a benchmark for
multipath parameter estimation, particularly under mild
multipath conditions [50]. The purpose of this compar-
ison is to highlight the relative strengths, operational
properties, and limitations of each method under realistic
multipath conditions.

Recognizing that the performance of MEDLL signif-
icantly depends on its correlator configuration, this work
implemented a high-performance version to ensure a ro-
bust comparison with our proposed estimator. Specifically,
the search region is set to +2 chips, with a correlator
spacing of 0.025 chips, resulting in a total of 161 correla-
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tors. The coherent integration time and estimation window
size are configured identically to the D-NLS algorithm,
meaning that 300 ms of correlator outputs are averaged
for each MEDLL estimation. According to Table II, the
processing time for a single correlation in MEDLL is
approximately 0.46 ms, which is comparable to the values
reported in [51, 52]. MEDLL estimates parameters such
as code delay, amplitude ratio, and initial carrier phase
shift between the LOS and reflected signals. The esti-
mated amplitude ratio is used for direct comparison, while
the estimated code delay is analyzed to assess MEDLL’s
effectiveness in parameter estimation. The carrier phase
error is not discussed due to its rapid variations caused by
the integer ambiguities and cycle slips in the stand-alone
receiver.

Fig. 14 (a) presents the amplitude ratio between LOS
and reflected signals as estimated by both the D-NLS
and MEDLL algorithms for PRN 22. The shaded areas

Amplitude ratio from D-NLS
Amplitude ratio from MEDLL

Static period
Dynamic period

£ 30 29.5
E

o Reference threshold —_
= =]
20 26T
L >
T10 20%
< 8]
E

< 10
=0 0

® LOS code delay from MEDLL
Reflected code delay from MEDLL

True LOS code delay
True reflected code delay

Estimated code delay (chips)

Time (s)

(b)

Fig. 14. (a) Comparison of amplitude ratio (C'/Ng loss of reflected
signal) estimation between the proposed D-NLS and MEDLL for PRN
22 of scenario 1. (b) Code delay estimation results from MEDLL and
true code delays simulated by ray-tracing, for PRN 22 of scenario 1.
The gray-shaded area indicates the user-static period, and the
orange-shaded area represents the user-dynamic period.

indicate user movement, referring to the user velocity
in Fig. 7 (b). Short static periods occur due to changes
in movement direction during the user’s reciprocating
motion. Determining true amplitude ratios from real data
is challenging, as reflected signal power depends on
unknown reflector materials and environmental noise.
Studies report that reflected signals in urban GNSS envi-
ronments typically experience 5-20 dB attenuation relative
to the LOS component [53, 54]. Therefore, a reference
amplitude ratio threshold is included in the plot to help
assess the realism of the estimated values. An amplitude
ratio greater than 10 suggests that the reflected signal has
a C'/Ny approximately 20 dB lower than the LOS signal,
implying minimal or undetectable multipath interference.

During static periods, the D-NLS algorithm shows limited
performance, while the MEDLL amplitude ratio output
remains between 2 and 4 for several epochs. An amplitude
ratio of 2 to 4 corresponds to a reflected signal power
loss of approximately 6 to 12 dB, which is realistic in
real-world applications. When the user is dynamic, the D-
NLS estimated amplitude ratio ranges from 2 to 5, while
MEDLL shows unreliable estimation. Fig. 14 (b) presents
the code delay estimation from MEDLL alongside the true
signal code delays provided by the ray-tracing algorithm.
The LOS signal code delay is consistently estimated to be
around zero, which aligns with expectations. During the
static period, the estimated code delay for the reflected
signal remains stable at approximately 0.2 chips in a
few epochs, indicating that MEDLL successfully detects
multipath and estimates the signal parameters. However,
during the dynamic period, the estimated code delay
exhibits rapid fluctuations, likely due to the ACF feature
of multipath being masked by noise. This instability
suggests a failure of convergence in multipath parameter
estimation.

Table III summarizes the characteristics of the tradi-
tional MEDLL and the proposed D-NLS methods. The
results suggest that both methods provide reasonable
estimation and multipath detection, but under different
user dynamics. Therefore, combining the two methods is
advantageous, allowing for greater adaptability in a wider
range of applications. The combination method can also
refer to the PR and PR rate envelopes described in Section
II. C.

The following section compares the multipath de-
tection performance of the proposed D-NLS method,
MEDLL, and SQM metrics, including the delta test and
the (single-sided) ratio test. The detection threshold for
the D-NLS detector () is set to 4 Hz. The multipath
detection performance of the D-NLS method can be visu-
ally verified from Fig. 8 (a). Specifically, intervals where
the estimated reflected Doppler notably deviates from
the stable LOS Doppler, resulting in significant Doppler
oscillations, correspond directly to successful multipath
detection events. According to the MEDLL performance
example shown in Fig. 14, multipath detection in MEDLL
is empirically configured based on the estimated ampli-
tude ratio and code delay. A multipath alarm is triggered
when the estimated amplitude ratio is below 13, and the
estimated code delay of the reflected signal lies within
the interval (—1,1) chips. Multipath interference affects
SQM metric statistics (e.g., mean and variance), and it is
detected when these metrics deviate from their nominal
values, as detailed in [16]. The threshold is calculated
based on the signal’s C'/ Ny, with a false alarm probability
set to 1%. The detector sample size is set to 300 ms,
consistent with the proposed method. The performance of
the delta and ratio metrics on PRNs 17 and 22 is shown
in Fig. 15.

The multipath detection rate is determined as the ratio
of detected epochs to the total number of epochs. For
satellites under LOS conditions, this rate represents the
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TABLE III
Characteristics of the proposed D-NLS method and the typical MEDLL method

D-NLS MEDLL [15, 11]
Input Doppler measurement Correlator values
Output Doppler frequencies, carrier phase errors, Code delays, carrier phase errors,

amplitudes of signal components

amplitudes of signal components

Additional receiver

. No Multiple correlators
configuration
s Only work in dynamic users; High computational burden;
Limitation . .. . .
Only work in one LOS + one reflected (attenuated) cases  Sensitive to noise and user dynamics
Feature Higher Doppler resolution improves performance Higher correlator resolution improves performance

Delta metric

Ratio metric
=
n

N
'S

Time (s)
(b)
(a) Delta metric and (b) ratio metric performance for PRN
17 (LOS) and PRN 22 (multipath) of scenario 1, respectively.

Fig. 15.

false alarm rate, whereas for satellites affected by multi-
path, it corresponds to the correct detection rate. Table IV
summarizes the multipath detection rates of the methods
for all observed satellites. The satellites are ordered based
on signal power, with PRN 20 having the strongest signal
and PRN 22 the weakest. All four methods indicate a high

TABLE IV
Detection rates for the D-NLS method, MEDLL algorithm, delta
metric, and ratio metric for all satellites. PRNs 5 and 22 of scenario 1

are classified as multipath-type satellites.

Detection rate\PRN 20 19 17 5 9 22
D-NLS (%) 1.2 08 438 14 12 50.8
MEDLL (%) 0 0 6.5 113 0 41.7
Delta test (%) 16 12 6 11.6 10.8 272
Ratio test (%) 72 56 936 24 128 44

likelihood that PRN 22 is affected by multipath, consistent
with the ray-tracing classification results. While the ratio
test achieves an acceptable detection rate for PRN 22, it
exhibits a high false alarm rate for LOS satellites due
to its sensitivity to ACF distortion. The proposed D-
NLS detector achieves a 51% detection rate for PRN
22, which increases to 64% when considering only user
dynamic epochs. For PRN 5, the D-NLS, MEDLL, and
delta metrics demonstrate a higher detection rate than
those observed for LOS satellites. These results suggest
that, compared to traditional detectors, the proposed D-

AUTHOR ET AL.: SHORT ARTICLE TITLE

NLS method offers high sensitivity to multipath interfer-
ence while maintaining a low false alarm rate for LOS
reception.

V. CONCLUSION

Multipath interference represents one of the primary
error sources in GNSS positioning. This study derives
a theoretical Doppler measurement model by analyzing
error propagation in the receiver’s FLL and identifies a
Doppler oscillation phenomenon induced by multipath
interference. A Doppler-based signal multipath parameter
estimation method is proposed, leveraging Doppler oscil-
lation features for multipath detection and mitigation. The
estimator, implemented using a nonlinear least squares
algorithm, estimates the Doppler frequency difference,
carrier phase difference, and signal strength difference
between LOS and reflected signals. The proposed D-NLS
estimator is evaluated using real-world pedestrian and
vehicle tests conducted in urban areas, with its estima-
tion accuracy validated against ray-tracing simulations.
Results indicate that the estimated Doppler oscillation
closely aligns with measured Doppler performance under
multipath conditions. The estimated Doppler frequencies
of the LOS and reflected signals show satisfactory consis-
tency with those simulated via ray-tracing. Compared to
the MEDLL algorithm, the D-NLS method demonstrates
better estimation accuracy in dynamic scenarios, whereas
MEDLL remains more effective in static cases. Compar-
ative analysis with traditional SQM metrics, including
delta and ratio metrics, shows that the D-NLS method
achieves a multipath detection rate of approximately 64%
in dynamic scenarios while maintaining a low false alarm
rate.

The proposed Doppler-based parameter estimation
method shows considerable potential for further enhance-
ment in estimation accuracy and robustness against in-
terferences from receiver dynamics and noise. Future
research could explore more advanced estimators or ma-
chine learning-based techniques to meet the demands
of commercial applications, such as scenarios involving
multiple reflections. Additionally, this study highlights
the reliability and effectiveness of Doppler measurements
for multipath detection and parameter estimation. Future
work should focus on integrating corrected Doppler fre-
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quencies into receiver frequency and code tracking loops
to enhance overall navigation performance.

APPENDIX
A. Deviation of receiver Doppler measurement model

Although the Doppler measurement in (13) is defined
in discrete epoch (¢,, = ty + nT), the derivations in ap-
pendixes are carried out in continuous time and evaluated
at t = t,,. Hence, the sampled value of any continuous-
time quantity g(t) at ¢,, is denoted by g(n) £ g(tn). (13)
can be approximated by taking derivative over time as:

8A¢]\/[p (n)

2mot @A

fo(n) = fros (n) +

t=tp

According to (10),

OAprp (1)
21Ot

t=ty,

9 arctan ( sin (A¢res (1) — Adros (1)) >
2mot a(n) + cos (Agres (n) — Adros (n))

(A.2)
Let variable = written as:
r = Ag¢rey (n) — Adros (n)
tn
2/ 27 (frey (1) = fros (7))dr
to
+ Agres (to) — Adros (to) (A.3)
Let variable y represents:
y = A¢pyp (n) = arctan (u (x)) (A4)
where
B sin (x)
u(e) = a(n) + cos () (A-5)
Then the chain rule gives:
Qy_ 1 Ou
B a(n)cos(z) +1
a2 (n) +2a(n)cos(x) + 1 (A.6)
According to (A.3), get
19)
3L, =2 e () = fros (t)
227 (frep (n) = fros (n))  (A)

The amplitude ratio «a(n) is assumed to be constant within
one epoch. Therefore, the component of the Doppler
multipath error can be written as:
8A(f)]wp (n) 1 8y ox
2mot

t—t., 2w Ox Ot

— (fres () = Fros(n) (

t=tn

a(n)cos(z) +1

a? (n) 4+ 2a (n) cos(x) + 1
(A.8)

Finally, without loss of generality, the receiver Doppler

measurement model is transformed as (A.9)

t=t

B. The maximum and minimum Doppler multipath
errors

According to (14), the Doppler multipath error is

model as
a(n)cos(z)+1
Iap(n) = fonife(n) - <a2 (n) _(~_ ;a (n() c)():(w) + 1>
(B.1)

where @ = [ 2mfoips (T)dr + Adanigs (to). The
continuous-time notation in Appendix A is adopted here
and the sampled value of any continuous-time quantity
g(t) at t,, is denoted by g(n). For each epoch, o and fsp s+
are treated as constants when taking time derivatives. Take
derivative of fj;p over ¢, get

Ofmp(n) dfmp(n) Oz

ot Ox Ot

t=t,

t=tn
a(n)sinz — a3 (n)sinz
(14 2a(n)cosz + a2 (n))?

=21 f25(n) - (B.2)

The extreme points of fa;p(n) exist when % =0.

Therefore, the maximum and minimum Doppler multipath

error occurs when sinx = 0 or equivalently cosz = +1.
For example when «(n) > 1, they can be expressed as

% , maximun
fup(n) = Fsnige(n) ini e
Tragm | minimum

Vice versa for cases when «(n) < 1.
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