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A GNSS Multipath and NLoS Mitigation Method
for Urban Scenarios Based on Particle Filtering
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ABSTRACT
Global navigation satellite systems (GNSSs) are at the basis of many location services. However, in harsh environments such
as urban canyons, the performance can be highly degraded due to lack of satellite visibility and complex reflection phenomena
like multipath and Non-Line-of-Sight (NLoS). This work aims at exploiting the consistency of the information provided by
GNSS receivers to detect and mitigate the effect of multipath and NLoS on the positioning solution. The proposed method
extends the definition of innovation for the Particle Filter (PF), while also exploiting its native capability to handle more complex
probability models of the errors. The use of multi-modal probability densities adds robustness to the filter in harsh conditions.
The proposed method has been tested on real open-source datasets, showing considerable improvement in terms of position
error compared to other state-of-the-art solutions based on the Extended Kalman Filter (EKF).

I. INTRODUCTION
In recent years, Global Navigation Satellite System (GNSS) has become ubiquitous for providing localisation information to
emerging technologies, such as autonomous vehicles, precision agriculture, smart wearables, etc EUSPA (2022). However, its
standalone performance may be degraded in harsh scenarios such as urban canyons, thus limiting its usage capabilities Zhu et al.
(2018b). The main source of GNSS faults in urban scenario are multipath and Non-Line-of-Sight (NLoS) Chen et al. (2013);
Groves and Jiang (2013); Joerger and Pervan (2016); Vilà-Valls et al. (2020). According to McGraw et al. (2020), multipath
occurs when the receiver receives a signal via more than one path. On the other hand, NLoS reception happens when the signal
is received through reflection, but only from a single path. Many different methodologies have been proposed to detect and
mitigate the impact of multipath/NLoS. Most research can be categorised based on the stage of the receiver in which they are
applied Strode and Groves (2016):

1. Antenna-based techniques: Multipath/NLoS are caused by the reflected signals, which have different polarisation and
reception angles w.r.t. direct signals. Due to this, choke rings, dual-polarisation, and array antennas are some of the most
popular solutions developed Taghdisi et al. (2021); Groves et al. (2010); Vagle et al. (2016).

2. Receiver-based techniques: For multipath, reflected signals cause a distortion of the auto-correlation in the code tracking
loop in the signal processing stage. Therefore, more sophisticated tracking loops designs, such as narrow correlators,
double-delta correlators, strobe correlators, and vector tracking, are exploited to detect and separate the reflected signals
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McGraw and Braasch (1999); Sun et al. (2022); Wang and Huang (2020); Xu et al. (2019).

3. Navigation-processor-based techniques: Multipath/NLoS can result in inconsistencies between measurements in the
positioning unit, including pseudorange, carrier phase, pseudorange rate, and signal strength. Some methods use
measurement redundancy Chang et al. (2022) to perform statistical tests such as chi-square test to detect faults. Besides,
3D city maps and elevations and azimuths of satellites can be utilised as additional information to detect and mitigate
faults Hsu (2017); Groves and Jiang (2013); Medina et al. (2018).

Regardless of the wide range of signal blockage and reflection scenarios that may occur, the effect is most often a bias introduced
in the measurements. This research focuses on navigation-processor-based techniques because they have the possibility to detect
and mitigate faults from most causes. In particular, it utilises the Particle Filter (PF) (whose advantages will be discussed in
a later section) to detect and mitigate both multipath and NLoS. The PF has garnered increased attention in recent years for
addressing the multipath/NLoS problem due to its robustness features. Previous work has systematically explored its potential
within the Receiver Autonomous Integrity Monitoring (RAIM) framework Mohanty et al. (2021); Gupta and Gao (2019). In
contrast to prior studies, this work primarily leverages information from the previous epoch provided by the particle filter to
estimate pseudorange biases caused by multipath/NLoS, thereby mitigating their impact.

A main principle for detecting multipath/NLoS is to exploit redundancy, which allows the finding of faulty measurements
producing large residuals. The redundancy can be split into two domains: the space domain and the time domain. The first
refers to the possibility of observing multiple satellites in a single epoch, checking whether all the measurements match the
solution under a certain error bound. One example is to check the consistency of measurements from different satellites Blanch
et al. (2012) or using additional sensors like Inertial Navigation System (INS) to check its consistency with GNSS measurements
Wang et al. (2020). On the other hand, time domain consistency is considered between two consecutive epochs Zhu et al.
(2018a). The estimated states should change smoothly according to the motion of the user. Filtering-based approaches monitor
the consistency over time using innovations of the filter Zhu et al. (2018a). The main reason for leveraging filtering techniques
is to exploit additional redundancy from the time domain when satellite visibility is poor, and hence, redundancy in the space
domain is limited. The contributions of this research can be detailed as:

1. The concept of innovation to determine multiple multipath/NLoS is extended to the PF.

2. A threshold of the PF innovation is derived, to detect multipath/NLoS for pseudorange measurements.

3. To mitigate the impact of multipath/NLoS, the measurement likelihood functions used in the PF are refined by modelling
the multipath/NLoS term.

II. METHOD AND ALGORITHM
This section first shows the state-space formulation of GNSS Position, Velocity and Time (PVT) Spilker Jr et al. (1996). Then,
the basic framework of the particle filter is introduced Särkkä (2013). The proposed multipath/NLoS detection and mitigation
method is developed based on this framework.

1. GNSS state-space model
The state-space model for a filtering problem can be written in the form:

xk = f (xk−1) + qk−1 (1)
yk = h (xk) + rk (2)

where xk is a vector of states at epoch k; yk is a vector of measurements at epoch k; f(·) is a set of state transition functions
representing the dynamic model; h(·) is a set of measurement functions; qk−1 ∼ N (0,Qk−1) and rk ∼ N (0,Rk) are Gaussian
distributed process and measurement noises, with zero-mean and known covariance matrices Qk−1 and Rk, respectively. More
in detail, the state vector xk is composed of the state variables of interest:

xk = [ sk δtu,k vk δfu,k ]
T (3)

where vector sk = [sx,k sy,k sz,k] is the position of the receiver at epoch k in a Cartesian reference frame; vector
vk = [vx,k vy,k vz,k] is the velocity of the receiver at epoch k; δtu,k and δfu,k are respectively the clock bias and clock drift
of the receiver expressed in meters and meters per second. On the other hand, the measurement vector is:

yk = [ρk ρ̇k ]
T (4)



where ρk is an M by 1 vector of pseudorange measurements w.r.t. to M visible satellites; ρ̇k is an M by 1 vector of pseudorange
rate (Doppler) measurements. The dynamic model f(·) is a discrete-time formulation given by the state transition matrix Fk:

Fk =

I3×3 03×1 I3×3∆t 03×1

01×3 1 01×3 ∆t
03×3 03×1 I3×3 03×1

01×3 01×1 01×3 1

 (5)

where ∆t is the time elapsed between consecutive epochs (i.e., discretisation step); I3×3 is a 3-by-3 identity matrix. The
measurement model h(·) consists of the measurement functions of pseudorange and pseudorange rate. First, the pseudorange
equation w.r.t satellite i is given by:

ρ
(i)
k =

√
(s

(i)
x,k − sx,k)2 + (s

(i)
y,k − sy,k)2 + (s
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r
(i)
k
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(6)

where ρ
(i)
k is the pseudorange w.r.t. satellite i at epoch k; r(i)k is the geometrical distance between satellite i and the receiver at

epoch k; Vector s(i)k =
[
s
(i)
x,k s

(i)
y,k s

(i)
z,k

]
is the position of satellite i at epoch k; δt(i)k is the clock bias of satellite i at epoch

k; I(i)k is the ionosphere delay w.r.t. satellite i at epoch k; T (i)
k is the troposphere delay w.r.t. satellite i at epoch k; F (i)

ρ,k is the
ranging bias w.r.t. satellite i due to GNSS multipath/NLoS at epoch k; ϵ(i)ρ,k is the receiver noise in the pseudorange measurement
from satellite i at epoch k. Then, the pseudorange rate equation w.r.t satellite i is given by:

ρ̇
(i)
k︷ ︸︸ ︷

−λf
(i)
d,k =

(
v
(i)
k − vk

)
·Φ(i)

k + δfu,k + ϵ
(i)
ρ̇,k (7)

where λ is the nominal carrier wavelength of the transmitted signal; f (i)
d,k is the Doppler measurement from satellite i at epoch k;

Φ
(i)
k is a unit vector pointing from receiver to satellite i at epoch k; v(i)

k =
[
v
(i)
x,k v

(i)
y,k v

(i)
z,k

]
is the velocity vector of satellite

i at epoch k; δfu,k is the receiver clock drift; ϵ(i)ρ̇,k is the receiver noise on the pseudorange rate measurement from satellite i at
epoch k.
In the PF, the process noise Qk−1 is used to model the uncertainty about the dynamics of the receiver between observation
times. The dynamic model in a discrete form with infinite terms can be written as:

sk = sk−1 + vk−1∆t+
1

2
ak−1∆t2 + ...

vk = vk−1 + ak−1∆t+ ...

δtu,k = δtu,k−1 + δfu,k−1∆t+
1

2
δau,k−1∆t2 + ...

δfu,k = δfu,k−1 + δau,k−1∆t+ ...

(8)

To make this model computation feasible, it can be truncated before the terms related to ak−1 and δau,k−1. As a result, all
the neglected terms containing ∆t and higher order derivatives of sk−1 and δtu,k contribute to the process noise. The typical
measurement frequency of GNSS for land vehicles is equal or larger than 1Hz (∆t < 1 s). Therefore, higher powers of ∆t
approach small values and higher order terms are negligible. Once the maximum values of acceleration amax and receiver drift
rate δamax,u are obtained according to the application at hand, the process noise can be tuned to account for the unmodeled terms
in the dynamic model (8). Based on the three-sigma rule of the normal distribution, this research sets the standard deviation as
1/3 of the maximum unmodeled terms containing ak−1 and δau,k−1 in the dynamic model. Therefore, the diagonal covariance



matrix is written as:

Qk−1 = diag



((
1
3
1
2amax∆t2

)2)T((
1
3amax∆t

)2)T(
1
3
1
2δamax,u∆t2

)2(
1
3δamax,u∆t

)2

 (9)

In order to obtain the measurement noise covariance matrix Rk, this research exploits an elevation-based model to determine
the measurement noise variances σ2

ρ(i) and σ2
ρ̇(i) for each pseudorange and pseudorange rate, respectively Wang et al. (1998):

σ2
ρ(i) = a2ρ +

b2ρ
sinθ(i)

(10)

σ2
ρ̇(i) = a2ρ̇ +

b2ρ̇
sinθ(i)

(11)

where aρ, bρ, aρ̇, and bρ̇ are model parameters, which should be determined for every specific type of the GNSS module, θ(i) is
the elevation angle for satellite i.

2. Particle Filter
The PF, a member of the sequential Monte Carlo methods, aims to approximate the posterior Probability Density Function
(PDF) of the state-space by employing Bayes’ formula. In the context of nonlinear filtering problems, the goal is to compute the
PDF p(xk|y1:k), where the state sequence can be modelled as a Markov chain. Leveraging this property, the past information
can be effectively summarised by the state at the previous time step Elfring et al. (2021). Consequently, the target PDF can be
expressed as:

p(xk|y1:k) =
p(yk|xk)p(xk|y1:k−1)

p(yk|y1:k−1)
(12)

Where p(yk|xk) represents the conditional probability of measurements given the states. The term p(yk|y1:k−1) denotes the
marginal PDF, serving as a normalisation factor dependent solely on measurements. Finally, p(xk|y1:k−1) represents the prior.
The procedure of PF algorithm can be divided into the steps as follows:

• Initialisation: Sample N particles xi
0 from an initial prior distribution p(x0) and assign them equal weights:

xi
0 ∼ p(x0)

wi
0 = 1/N i = 1, ..., N

(13)

The initial prior distribution can be obtained from any other estimators, such as the Least Squares estimator, at the first
epoch. the superscript i refers to the i-th particle. It should be noticed that the superscript (i) means the i-th GNSS
satellite, which should be distinguished from i.

• Iterative estimation: Execute the following steps when new measurements are available.

1. Predict the position of particles based on the importance distribution:

xi
k ∼ p(xk | xk−1) i = 1, ..., N (14)

which exploits the dynamic model of the state-space model Särkkä (2013).

2. Update weights of particles based on:
wi

k ∝ wi
k−1p(yk | xi

k) (15)
where p(yk | xi

k) represents the conditional probability distribution of the measurements, known as the measurement
likelihood, given the i-th particle, and wi

k−1 denotes the weights from the previous epoch. Subsequently, the updated
weights {wi

k}Ni=1 are normalised to ensure their collective sum equals one.

3. Compute the effective number of particles Särkkä (2013):

Nef =

(
N∑
i=1

(
wi

k

)2)−1

(16)



Then, the effective number of particles, denoted as Nef , is compared with a predefined threshold, Nth. If Nef is
less than or equal to Nth, resampling is carried out, and the weights are reset to wi

k = 1/N . This procedure helps
prevent particle degeneracy, a scenario where the majority of weights approach zero Cappé et al. (2007).

3. GNSS multipath/NLoS detection
To ensure the performance under scenarios where satellite visibility is limited, the proposed GNSS multipath/NLoS detection
method is based on the PF techniques, which can leverage the consistency from both space and time domains.

a) Pseudorange Innovation
Innovation is a common concept in the Extended Kalman Filter (EKF) framework. This work aims to extend the definition for
the PF. The innovation in a PF is the difference between the measurement vector and the nominal measurement vector. The
nominal measurement vector is the output of the measurement model given as input the predicted states, which in turn are
given by the one-step prediction through the dynamic model given the estimated states of the previous epoch. Based on (6), the
nominal measurement for pseudorange ρ̂

−(i)
k is written as:

ρ̂
−(i)
k = r̂

−(i)
k + δ̂t

−
u,k − δ̂t

−(i)

k + Î
−(i)
k + T̂

−(i)
k + F̂

−(i)
ρ,k

(17)

where the superscript ”− ” indicates that the corresponding variable is predicted (a priori). It is worth mentioning that F̂−(i)
ρ,k

is assumed to be zero to detect GNSS multipath/NLoS. By subtracting (17) from (6), the pseudorange innovation v
(i)
ρ,k can be

written as:

v
(i)
ρ,k = ρ

(i)
k − ρ̂

−(i)
k

= (r
(i)
k − r̂

−(i)
k ) + (δtu,k − δ̂t

−
u,k)− (δt

(i)
k − δ̂t

−(i)

k )+

(I
(i)
k − Î

−(i)
k ) + (T

(i)
k − T̂

−(i)
k ) + (F

(i)
ρ,k − F̂

−(i)
ρ,k ) + ϵ

(i)
ρ,k

= ∆r
(i)
k +∆δtu,k −∆δt

(i)
k +∆I

(i)
k +∆T

(i)
k +∆F

(i)
ρ,k + ϵ

(i)
ρ,k

(18)

The innovation for each satellite incorporates information from both the previous epoch (nominal measurement) and the
current epoch (real measurement), enabling the assessment of consistency in the space domain. Similarly, examining multiple
innovations from different satellites at the same epoch allows for the evaluation of consistency in the time domain.

b) Pseudorange Innovation threshold

Referring to (18), the pseudorange innovation value encompasses all terms except ∆F
(i)
ρ,k under multipath/NLoS-free conditions.

Thus, the accuracy of the state-space model and the estimation precision from the previous epoch dictate the innovation value.
In the absence of multipath/NLoS and when the filtering solution approximates the true solution adequately, the innovation
remains bounded, a point that will be empirically validated in the experimentation section. However, the occurrence of
a multipath/NLoS can significantly alter pseudorange measurements, consequently impacting the innovation. For instance,
multipath-induced faults can lead to deviations up to 70m for GPS L1 C/A signals Braasch (1996). Hence, it becomes crucial
to monitor innovation values to detect GNSS multipath/NLoS, typically by setting a threshold v

(i)
ρ,k,th on the innovation.

c) Advantages of PF
This subsection will discuss two advantages of using the PF-based techniques in detail to provide a theoretical basis for the
PF-based multipath/NLoS mitigation method. The EKF, which has been adopted by some research Zhu et al. (2018a); Joerger
and Pervan (2013), is selected as a reference for comparison. In some cases, the measurement biases caused by multipath/NLoS
are small, and their contribution to the innovation can be overwhelmed by the dynamics of the user, atmosphere model error,
and other terms. As a consequence, some small-value multipath/NLoS can cause missed detections. PF can guarantee stronger
constraints to divergence in such cases. The estimated states in PF are computed as a weighted average of the particles.
Therefore, an estimate can not be outside the support of where the probability density is samples at. The range of values of
these particles is driven by the process noise and hence by the dynamics of the user. The meter-level range between particles in
land vehicle applications can protect the filter from diverging quickly in case of missed detections. However, the EKF behaves
differently. Considering the presence of multipath/NLoS Fρ,k in a set of input measurements, the update step can be expanded
as follows:

x̂k = x̂−
k +Kk(yk + Fρ,k −Hkx̂

−
k ) (19)



where Kk is the Kalman gain. Hence, the estimated error due to the multipath/NLoS ∆x̂k can be written as:

∆x̂k = KkFρ,k (20)

which can be of several meters, thus resulting in loose constraints to states compared to the PF. The second advantage is that the
PF can utilise non-Gaussian and possibly multi-modal noise models, which may be more suitable to model the error statistics of
measurements affected by multipath/NLoS and protect from false alarms which may arise in harsh conditions. This can increase
the robustness against false alarms and thus motivates the design of this work.

4. PF measurement function
The typical pseudorange measurement model assumes the multipath/NLoS term is zero, so it might become biased when such
events indeed occur. As a result, the unmodelled multipath/NLoS can produce large errors in the estimated states. To mitigate
their effect, this work aims at modeling multipath/NLoS in the measurement function by estimating the F (i)

ρ,k term. To be specific,
when the innovation is larger than a threshold, it is assumed that its value is mostly driven by the multipath/NLoS term, so F̂

(i)
ρ,k

is estimated as the value of the innovation:

F̂
(i)
ρ,k :=

{
v
(i)
ρ,k for v(i)ρ,k ≥ v

(i)
ρ,k,th

0 for v(i)ρ,k < v
(i)
ρ,k,th

(21)

Substituting F̂
(i)
ρ,k into (6), a modified measurement model is obtained which accounts for multipath/NLoS. This design is

graphically shown in Fig. 1a, which compares the original likelihood function without multipath/NLoS compensation and the
multipath/NLoS-compensated likelihood function. The unnormalised particle weights obtained from the original likelihood
function can be represented as:

wi
k = wi

k−1p(yk | x̂−,i
k ,F

(i)
ρ,k = 0) = wi

k−1

M∏
m=1

wi
k,m (22)

While the unnormalised particle weights obtained from the multipath/NLoS-compensated likelihood function can be computed
as:

w̃i
k = wi

k−1p(yk | x̂−,i
k ,F

(i)
ρ,k = F̂

(i)
ρ,k) = wi

k−1

M∏
m=1

w̃i
k,m (23)

To enhance the robustness of the proposed mitigation method, this work leverages the concept of Soft Information introduced
in Conti et al. (2019). This involves combining the original likelihood function with the likelihood associated with the
multipath/NLoS term. By integrating these two sources of information, the method can effectively account for false alarms and
improve overall multipath/NLoS detection accuracy. This work proposes an adaptive way to combine these two likelihoods
together to obtain a new non-Gaussian likelihood function determining the weight of each particle. Fig. 1b depicts this adaptive
combination design. The multipath/NLoS detection and bias estimation are more reliable when only one or two satellites
are affected. In such cases, correcting the measurements proves to be the most effective strategy. Conversely, when multiple
measurements are detected to be impacted by multipath/NLoS at the same epoch, the reliability of F̂ (i)

ρ,k decreases. Therefore,
the confidence level of the likelihood p(yk | x̂−,i

k ,F
(i)
ρ,k) should be decreased. As a result, the unnormalised combined particle

weights wi
adp,k are the sum of wj

k and w̃j
k with adaptive weights:

wi
adp,k = h1 · wj

k + h2 · w̃j
k (24)

where the weights h1 and h2 can be computed according to the following adaptive strategy:

h1 =
number of detected multipath/NLoS satellites

number of visible satellites
h2 = 1− h1

(25)

5. Divergence protection
The effectiveness of the proposed PF-based method relies on the assumption that the navigation solution from the previous
epoch maintains acceptable accuracy. If the filter produces a solution with significant errors, it becomes challenging to estimate
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Figure 1: Comparison of proposed likelihood function for the PF. (a) A comparison between the multipath/NLoS-compensated (red) and the
legacy likelihood function (green); (b) Combination the multipath/NLoS-compensation and the legacy likelihood functions.

reliable innovation values. Consequently, in some instances it can be useful to re-initialise the filter to avoid this problem. A
Generalized Least Square (GLS) estimator with classical RAIM-Fault Detection and Exclusion (FDE) is employed to monitor
the divergence in filtering solutions. The current navigation solution is considered invalid and needs to be re-initialised under
the following two conditions:

• The distance between positions obtained by the filter and by the GLS estimator with RAIM-FDE is larger than 50m while
the visible satellite number is larger than 12.

• The receiver has lost lock on all satellites for more than a second.

III. EXPERIMENT AND RESULTS
1. Experimental settings
This experiment leverages a real-world open-source dataset UrbanNav Hsu et al. (2021), provided by Hong Kong Polytechnic
University, to verify the effectiveness of the proposed method. The dataset was collected in Shinjuku, Tokyo, in harsh GNSS
scenario with multipath and NLoS. This research utilises 10Hz of PVT step size and signals from four constellations, including
GPS L1 C/A, GLONASS G1 C/A, Galileo E1, and BeiDou B1I. State estimation errors are computed w.r.t. a reference trajectory
obtained with an Real Time Kinematic (RTK)/INS integration system. Figure 2a depicts the whole trajectory of the dataset.
The sky plot with Carrier-to-Noise Density Ratio C/N0 is shown in Figure 2b. As can be seen, many satellites have low C/N0,
which might indicate the presence of multipath and NLoS. The position, velocity, and clock bias of satellites are computed
from the broadcast ephemeris, as could be done by real-time applications. Tropospheric delay is estimated using Saastamoinen
model, while ionospheric delay is estimated from one-day ahead predicted Global Ionospheric Maps (GIM) from Center for
Orbit Determination in Europe (CODE). The inter-system clock biases are calculated based on the model parameters provided
by International GNSS Service (IGS). The particle number of the PF is fixed as 1000 and the resampling threshold is set to 0.1. It
is assumed that the measurement errors are Gaussian, with zero means and known covariances. These covariances are computed
based on an elevation-based model whose coefficients are shown in Table. 1. Table 2 recaps the settings for process noise
covariance. The value of the threshold on the pseudorange innovation v

(i)
ρ,k,th is determined by empirical attempts and is set as

5m. This experiment first implemented the proposed PF-based method, which is named PF-ADP in the following discussion.

Table 1: Measurement noise coefficients for pseudorange and pseudorange rate.

Pseudorange Pseudorange rate
aρ bρ aρ̇ bρ̇

0.5m 0.3m 0.05m/s 0.03m/s

To validate the performance of the proposed method, this research also implements two classical methods as references. The
first is the classical RAIM-FDE, as described in Zhu et al. (2018b). In this method, the fault exclusion assumes that at most
one satellite is faulty. If the chi-squared test cannot be satisfied after testing all fault subsets, the navigation solution is marked
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Figure 2: Experimental scenarios.

Table 2: Process noise parameters.

amax,X amax,Y amax,Z δamax,u

2.5m/s2 2.5m/s2 2.5m/s2 0.4m/s3

as invalid. Secondly, following the approach proposed in Zhu et al. (2018a), this research implements an EKF-FDE method,
utilising the same parameter settings as the PF-ADP method.

2. Estimation accuracy
Experimental results present a comprehensive comparison between the proposed method and two classical methods. Figure. 3
illustrates the Cumulative Distribution Function (CDF)s of horizontal and vertical positioning errors, while Table. 3 provides
positioning errors at different percentiles within these CDFs. Notably, the proposed PF-ADP method not only ensures high
accuracy compared to classical methods but also effectively prevents the occurrence of large errors induced by multipath and
NLoS effects. Table. 4 summarises the 3D Root Mean Squared Error (RMSE) and mean positioning errors for all implemented
methods in this experiment. In the case of PF-ADP, CDF and RMSE results are averaged across 20 runs. Table 4 also presents
the availability of navigation solutions, defined as the ratio between navigation solutions obtained by each estimator and the
total number of epochs. In the case of RAIM-FDE, if the measurement redundancy is insufficient or one fault assumption fails,
the navigation solution is marked as unavailable. For EKF-FDE and PF-ADP, if all signals lose lock for more than 1 s and the
initialisation of the filter fails, no solution is available. The results demonstrate that filtering methods offer higher availability
compared to traditional RAIM-FDE in challenging GNSS conditions.
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Figure 3: CDFs horizontal (left) and vertical (right) positioning errors for different multipath/NLoS mitigation methods.

Table 3: Horizontal and vertical positioning errors at different percentiles of CDFs.

Horizontal [m] Vertical [m]
50th 75th 90th 99th 50th 75th 90th 99th

RAIM-FDE 1.2668 2.5095 12.6849 44.4291 2.0359 4.7982 25.0405 63.1595
EKF-FDE 1.1741 2.2022 11.4075 26.7038 1.8744 4.5163 13.1415 52.2684
PF-ADP 0.9453 1.6702 8.7259 17.8284 1.5323 3.6384 9.7879 45.1657

Table 4: 3D RMSEs and mean errors for different multipath/NLoS mitigation methods.

RMSE [m] Mean error [m] Availability
RAIM-FDE 15.6818 6.9351 70.00%
EKF-FDE 11.3112 5.5782 99.02%
PF-ADP 7.6907 4.0647 99.02%

Figure. 4 depicts the time series of positioning errors under the East-North-Up (ENU) frame, in the case of PF-ADP from
a single run of the Monte Carlo experiment. Additionally, the bottom plot presents the number of faulty satellites due to
multipath/NLoS, as detected by the threshold in the PD-ADP. The overall trajectories obtained from three different methods are
shown in Figure. 5.

3. Discussion
Based on the experimental results obtained from a single run of the PF-ADP method, Figure. 6 illustrates the pseudorange
innovations from the PF and the corresponding threshold to detect the occurrence of multipath/NLoS. Additionally, Figure. 7
presents the percentage of epochs during which multipath/NLoS is detected.

IV. CONCLUSION
This research introduced a PF-based method for mitigating multipath/NLoS effects in GNSS. Firstly, the definition of innovation
is extended to the PF framework, enabling the detection of multipath/NLoS. Subsequently, an adaptive strategy is designed to
generate a multi-modal likelihood function, reducing the impact of multipath/NLoS. The effectiveness of the proposed method
is validated using an open-source dataset collected in a challenging scenario. The proposed method achieves an accuracy of
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Figure 4: Time series of positioning errors for East, North, and Up directions. The bottom plot provides the time series of faulty satellite
numbers with multipath/NLoS detected by the PD-ADP method.

7.6907m in terms of RMSE. This outperforms two baseline methods: RAIM-FDE with an RMSE of 15.6818m and EKF-FDE
with an RMSE of 11.3112m. Future work is going to focus on other strategies for combining likelihoods under different
hypothesis, as well as setting the value of the threshold adaptively.
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The following abbreviations are used in this paper:

CDF Cumulative Distribution Function
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CODE Center for Orbit Determination in Europe
EKF Extended Kalman Filter
ENU East-North-Up
FDE Fault Detection and Exclusion
GIM Global Ionospheric Maps
GLS Generalized Least Square
GNSS Global Navigation Satellite System
IGS International GNSS Service
INS Inertial Navigation System
NLoS Non-Line-of-Sight
PDF Probability Density Function
PF Particle Filter
PVT Position, Velocity and Time
RAIM Receiver Autonomous Integrity Monitoring
RMSE Root Mean Squared Error
RTK Real Time Kinematic
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