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ARTICLE INFO ABSTRACT

Keywords: Network Real-Time Kinematic (NRTK) high-precision deformation monitoring is affected by the superposition of

NRTK multipath effects and residual atmospheric delay. Unmodeled atmospheric errors can contaminate multipath

Landslide monitoring correction models and degrade positioning accuracy if not properly separated. This study proposes a refined

xﬁzszﬂrﬁl:ﬁﬁ:n multipath mitigation method. First, Complementary Ensemble Empirical Mode Decomposition (CEEMD) is

Sidereal filtering applied to suppress high-frequency white noise. Multichannel Singular Spectrum Analysis (MSSA) is then used to
jointly decompose the denoised residuals from multiple Orbital Repetition Times (ORTs) and generate the cor-
responding Reconstructed Components (RCs). We then evaluate the temporal coherence of RCs across channels,
components that exhibit high temporal similarity across ORTs are identified as multipath-related and are used for
multipath modeling. Using data from the Hong Kong SatRef network, including various Virtual Reference Station
(VRS) baseline lengths and an ultra-short baseline scenario, we demonstrate significant improvements in posi-
tioning accuracy and robustness across baselines. The proposed method consistently improved horizontal posi-
tioning by 9% and vertical positioning by 6% compared to a conventional three-day SF, and by 15-19% relative
to unfiltered solutions. Moreover, heavy rainfall, as an important landslide trigger, was observed to amplify both
multipath and atmospheric errors, temporarily reducing NRTK positioning accuracy.

modeling, differencing, or observation combinations. Fortunately, for
static or quasi-static GNSS stations, multipath errors exhibit strong

1. Introduction

Global Navigation Satellite System (GNSS) positioning technique
plays a crucial role in various deformation monitoring scenarios, land-
slide monitoring [1], seismology [2], and structural health monitoring
of bridges [3]. Among existing GNSS positioning techniques, Real-Time
Kinematic (RTK) positioning is widely adopted due to its high precision
and instantaneous Ambiguity Resolution (AR). However, RTK usually
requires to establish and maintain a local reference station for accurate
deformation solutions, which increases monitoring cost [4]. With the
development of Continuously Operating Reference Station (CORS),
network-based RTK (NRTK) positioning has emerged as a solution that
utilizes multiple reference stations to model distance-dependent errors,
enabling high-accuracy, real-time positioning over large areas [5].

One of the most challenging error sources in NRTK positioning is
multipath error, which cannot be directly eliminated through functional

spatial and temporal repeatability, making them amenable to targeted
mitigation techniques. Two representative methods for multipath miti-
gation include the Sidereal Filtering (SF) [6] and Multipath Hemi-
spherical Mapping (MHM) [7,8], which leverage the temporal and
spatial characteristics of multipath errors, respectively. Temporal-
domain methods extract multipath components from coordinate or
observation residuals and apply Orbital Repeat Times (ORTSs) to correct
multipath errors in real time. Common multipath extraction techniques
include low-pass filtering [9,10], Wavelet Transform (WT) [11-13], and
Multichannel Singular Spectrum Analysis (MSSA) [14]. On the other
hand, spatial-domain methods mitigate multipath by averaging [8] or
modeling residuals [15,16] within a predefined grid to suppress high-
frequency noise.

These methods rely on predefined spectral assumptions, that is, the
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assumption that multipath and other unmodeled errors can be separable
in the frequency domain. Such assumptions are valid in short-baseline
RTK scenarios, where double-differencing largely eliminates most
error sources and leaves only multipath and high-frequency noise in the
residuals [17]. However, the large inter-station distances in CORS net-
works reduce the spatial correlation of atmospheric delays, resulting in
less accurate atmospheric delay modelling [18]. Consequently, NRTK-
derived Double Differenced (DD) residuals inevitably contain unmod-
eled atmospheric errors. Due to the spectral overlap between atmo-
spheric and multipath errors, traditional filtering or spatial averaging
approaches struggle to distinguish between these two error sources
[19,20]. If atmospheric errors are not properly identified, they may be
mistaken for multipath errors and ultimately degrade the performance
of multipath corrections [21].

Current strategies for decoupling multipath errors and other
unmodeled errors can be classified into two categories. The first strategy
is to suppress other unmodeled errors before extracting the multipath
errors. For example, Zheng et al. [22] exploited the spatiotemporal
differences between Common-Mode Errors (CME) and multipath errors
in regional GNSS networks. They applied Principal Component Analysis
(PCA) to first extract CME from residuals, treating the remaining low-
frequency residuals at each station as multipath errors. Other studies
[23,24] have reduced tropospheric modeling errors by constructing
precise tropospheric correction models during residual extraction. While
such approaches can effectively mitigate specific types of unmodeled
errors, their limitation lies in their specificity, only targeting particular
error sources and leaving behind residual low-frequency errors that may
still contain non-multipath components.

The second strategy leverages the pronounced temporal repeatability
of multipath errors to isolate them from other unmodeled error sources.
Geng et al. [19,20] demonstrated that averaging multipath errors
extracted from multiple days can attenuate other unmodeled errors. This
method leverages the assumption that other unmodeled errors generally
lack temporal repeatability, making them susceptible to reduction
through multi-day averaging. Dai et al. [25] and Yu et al. [26] applied
PCA to residuals over several consecutive days, treating the principal
components as multipath errors. This approach performs well in short-
baseline RTK scenarios where multipath dominates the residuals.
However, under NRTK conditions, the introduction of atmospheric er-
rors reduces the relative significance of multipath errors, making it
difficult for PCA to effectively distinguish multipath from atmospheric
errors.

As a nonparametric and adaptive signal processing method, Com-
plementary Ensemble Empirical Mode Decomposition (CEEMD) [27]
decomposes time series into a set of Intrinsic Mode Functions (IMFs) and
a residual term based on the inherent temporal scales of the data. It
effectively addresses the mode mixing problems commonly encountered
in EMD, while improving computational efficiency and enhancing the
suppression of added white noise compared to EEMD. MSSA is another
nonparametric spectral estimation technique widely used to extract
periodic and long-term signals from multivariate time series[28].

In this study, we propose a novel approach to mitigate the contam-
ination of multipath correction models by residual atmospheric delays.
The proposed method exploits the intrinsic spatiotemporal differences
between multipath and atmospheric errors, enabling the direct separa-
tion of multipath errors from observation residuals containing multiple
error sources, without relying on predefined spectral assumptions or
requiring multipath to dominate the signal energy. The effectiveness of
the method is validated using real GNSS data from a landslide moni-
toring network in Hong Kong.

2. Methodology
This section theoretically analyzes the components of the DD re-

siduals in NRTK and outlines the precise steps for extracting multipath
errors from DD residuals that contain atmospheric errors.
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2.1. The observation residuals components at the user-side of NRTK

After the server generates virtual observations based on the
approximate coordinates near the monitoring station, these virtual ob-
servations, along with the corresponding coordinates, are transmitted to
the designated user. Then, the DD observations is formed, which effec-
tively eliminate errors associated with satellite orbits, satellite and
receiver clock biases, as well as satellite and receiver hardware delays.
However, in Virtual Reference Station (VRS) mode [5], the interpolated
atmospheric information is directly applied to correct the observations,
which imposes a strong atmospheric constraint and introduces atmo-
spheric modeling errors. As a result, the DD residuals will not only
contain multipath and observation noise but also ionospheric and
tropospheric errors [29]. Therefore, the DD residuals can be expressed
as,

VAPR = VAPRL + VALL + VAT + VAMYS o, + €p;
VALRY , = VApR, — VALL + VAT + VAMYL 40+ A-VANG, (1)

where VA is the DD operator. A and B indicate the monitoring and
virtual reference station, respectively; and superscripts p and q denote
the observed and reference satellites, respectively. i is the GNSS signal
frequency number. p is the geometric distance form the satellite antenna
phase centre to the receiver phase centre. I is the slant ionospheric delay.
T denotes the troposphere delay. Mp(ep) and My, (e1) denote the multi-
path errors (observation noise) in pseudorange and phase, respectively.
VANRL ; is the DD ambiguity.

When the exact receiver positions are known, the geometric range p
can be easily calculated, and the DD integer ambiguity VANE%J can also
be resolved. To improve the ambiguity resolution fixed rate, a partial AR
strategy was employed in this study [30]. When VAp}3 and VANSS ; are
known, the DD pseudorange or phase residuals can be expressed as,

RO} = MPL +ATMLG  + & (@)

where R}, represents the double difference residual. MPL}; and ¢
correspond to the multipath errors and observation noise in the re-
siduals, respectively. ATMR} ; represents the atmospheric errors caused
by ionospheric and tropospheric modeling errors. To avoid the influence
of changing reference satellites on the residuals, a “zero-mean” condi-
tion is used to separate the inter-station single-difference (SD) residuals
R}y, from RY}; [10]. The subsequent multipath extraction is based on

P .
the Ry ; residuals.

2.2. Decoupling multipath and atmospheric components

For static stations, multipath errors exhibit strong spatiotemporal
repeatability, manifesting as consistent temporal patterns across ORTs,
whereas atmospheric errors generally do not. Leveraging this property,
we propose a refined multipath extraction method consisting of three
main steps. First, CEEMD is applied to decompose the residuals into
IMFs, which are then classified as either “noise only” or “signal + noise”
modes. Second, MSSA is used to decompose the retained “signal + noise”
residuals from multiple ORTs into a series of RCs. Multipath components
are subsequently identified based on their inter-ORT temporal coher-
ence. The detailed workflow of the proposed method is illustrated in
Fig. 1.

Step 1: Data preprocessing and CEEMD-based high-frequency noise
removal.

Since the subsequent identification of multipath and atmospheric
errors relies on spatiotemporal patterns across multiple ORTs, denoising
the residuals in advance improves the signal-to-noise ratio (SNR) and
enhances the extraction of physically meaningful structures. CEEMD is
applied to decompose the preprocessed SD residuals into n IMFs and a
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Fig. 1. Flowchart of refined multipath extraction method considering the influence of atmospheric errors.

residual term res. Cross-validation (CV) is then used to determine the
optimal boundary layer b that minimizes the mean variance [31],
thereby identifying the boundary between noise and signal components.
To avoid discarding useful high-frequency multipath signals, IMF; to
IMF,,_; are classified as “noise only” and discarded, while IMF; to IMF,
are retained as “signal + noise” and reconstructed for the next step. For
frequency i, this can be expressed as,

LOWS; = CEEMD,,(R};) =res+» . IMF; 3

where 1 <b <n, and LOW","B represents the “signal + noise” residuals
after CEEMD filtering. Detailed settings for the CV method can be found
in Zhong et al. [31] and Qu et al. [32]. For implementation simplicity,
IMF; can also be directly removed as “noise only” as an alternative.

Step 2: Low-frequency residual decomposition based on MSSA.

We use the residuals from the first three ORTs to extract multipath
errors, after alignment to the sidereal day, can be expressed as
LOWEB_l(t) (l =1,2---L;t =1,2,...,N), where t denotes the epoch index,
N is the total number of epochs within one ORT for the satellite, and L is
the number of ORT (with L = 3 in this case). For simplicity, we denote
LOWE () as X;(t); thus, we have,

X3(t) = Xo(t + Torr) = X1(t+ 2Torr) ()]

where Torr represents the orbital repetition time (for Global Positioning
System (GPS) data with a 30-second epoch interval, Togr = 23 h 56 m
[oD.

Next, the MSSA technique is adopted to decompose X;(t) into a series
of RCs, which can be expressed as,

(A, [RCY(t), RC5(t),RC5(t) | ) = MSSA([ X1 (), Xa(t), X3 (t)] )k
=1,2,,IM 5)

where A is the eigenvalue matrix arranged in descending order, i.e., A =

diag[2*, 2%, -, A - M) with 21 > 22 > e > 25 > > MM RCK(e)
denotes the k-th reconstruction component of the I-th ORT, corre-
sponding to A¥; and M is the lag-window size, where 1 < M < N/2. In
this study, M is set to (N+1)/(L + 1), ensuring the trajectory matrix
reaches maximal rank and enabling separation of distinct components
[33]. For further details on the MSSA in Eq. (5), please refer to Egs. (4)—
(10) in Li et al. [14].

Each eigenvalue 4* quantifies the energy contribution of the corre-
sponding component across three channels, indicating how much of the
original residuals fluctuations is represented by that component. Each
RC triplet [RC¥(t), RCK(t), RCK(t) | captures a specific spectral embedded
in the multichannel time series, effectively representing different man-
ifestations or projections of the same underlying dynamic process (e.g.,
multipath or atmospheric error) across multiple channels (i.e., different
ORTs) [34].

Step 3: Multipath error identification based on distinct error
characteristics.

Multipath errors, due to their inherent sidereal periodicity, tend to
project similarly across ORTs, resulting in RCs that exhibit strong tem-
poral coherence. In contrast, atmospheric errors generally lack such
inter-ORT repeatability, leading to greater variability in their RCs across
channels. Based on this difference, we propose a correlation-based
strategy to distinguish multipath-related RCs. Specifically, we compute
the Pearson correlation coefficient (PCC) for each k-th RC across all
channel pairs. The selection criterion for multipath-related components
is:

corr(RCf.‘(tLRCJ’.‘(t)) S TaViAjiij=1,2,3 ©)

where T, is the predetermined PCC threshold, which is set to T, = 0.6 in
this study. In practice, the multipath identification is only weakly sen-
sitive to the choice of T, value, because RCs typically exhibit either
strong inter-ORT coherence or almost no correlation. To avoid inter-
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ference from short-term pseudo-repetitive atmospheric signals[22], only
the RCs satisfying the threshold condition across all three ORT pairs are
retained as multipath components.

For the I-th ORT, the multipath and atmospheric errors are recon-
structed from the selected RCs as:

MP,,(t) = > RC(t)

keK,

ATMy (1) = >~ RCH() @

keKno—t

where K; denote the index sets of RCs passing the correlation threshold.
K, represents the index set of RCs that do not meet the threshold and
have corresponding eigenvalues greater than 0.9* iflﬂk, in order to
exclude the influence of residual white noise. Finally, we apply the si-
dereal filtering (SF) method by averaging the I\//I\P/l:B,z forl=1,2,3 to
obtain the corresponding multipath correction value. This makes the
proposed method fundamentally different from conventional filtering
approaches that rely on predefined spectral separability between
multipath and other errors. Instead, it identifies multipath based on the
distinct spatiotemporal behaviors of different error sources, allowing
effective separation even when multipath is not the dominant compo-
nent in the residuals.

To quantify the contribution of multipath or atmospheric error to the
residuals, we define their relative energy ratio Rx as the sum of their
associated eigenvalues normalized by the total eigenvalue sum across all
RCs,

LM
Ry= [ 3 A Sx € {KiKnot} ®)
keSx k=1

3. Results and analysis

To validate the proposed method, we collected datasets from a
monitoring station and a local reference station in a real-world landslide
area. The observations from DOY 1 to DOY 15, 2023 are adopted. In
addition, eight CORS stations from the Hong Kong Satellite Positioning
Reference Station Network (SatRef) are also collected to calculate VRS-
RTK solutions (Fig. 2a). In order to evaluate the performance of the
proposed method under networks with different sizes, two calculation
schemes were designed.

e Scheme 1: The VRS observations are generated by the observation of
the CORS station with an average inter-station distance of approxi-
mately 13 km, denoted as short-baseline VRS (SVRS);

% Landslide area
A Reference station

Scheme 1 (SVRS)
[ Scheme 2 (LVRS)

113°51'E 114°00E 114°09E 114°18'E
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e Scheme 2: The VRS observations are generated by the observation of
the CORS station with an average inter-station distance of approxi-
mately 29 km, denoted as long-baseline VRS (LVRS).

For comparative verification, we also utilized data from a locally
established reference station (REFE) with a baseline length of only 100
m to form an ultra-short baseline RTK (SRTK) solution. The location of
the monitoring station (SA02) and the REFE station are shown in Fig. 2b.
Fig. 2¢, 2d, and 2e display the environmental conditions in the vicinity
of the SA02 and REFE stations, where dense vegetation and significant
obstructions are evident; detailed information on the environment sur-
rounding the CORS stations can be found at https://www.geodetic.gov.
hk/en/index.htm. During the experiments, dual-frequency GPS and
BeiDou-2 Navigation Satellite System (BDS-2) observation data were
used, with an epoch interval of 30 s.

3.1. Multipath errors extraction under NRTK

We selected data from DOY 5 to DOY 7 as an example. Fig. 3 shows
the phase and pseudorange residuals for satellites GO5 and CO6 at station
SA02 over three consecutive ORTs calculated using SVRS and LVRS
schemes. As the network baseline length increases, the inter-ORT cor-
relations of the carrier phase residuals for both satellites decreases
significantly, indicating increased atmospheric errors at the monitoring
station.

Fig. 4a presents the CEEMD decomposition results of the phase re-
siduals for satellite GO5 in ORT3 under the LVRS scheme, along with the
corresponding Fast Fourier Transform (FFT) spectra. It can be observed
that IMF1 mainly contains high-frequency white noise, while IMF2 ex-
hibits a mixture of noise and low-to-mid frequency signals. Fig. 4b shows
the variance mean values when selecting IMF1 to IMF?7 as the cutoff IMF.
The minimum mean variance is reached at IMF2, indicating it as the
optimal boundary between noise and signal. Therefore, IMF1 is classi-
fied as the “noise only” component, and IMF2 to IMF7 are considered
“signal + noise” components, which are retained for subsequent multi-
path error extraction.

We then apply the MSSA to the CEEMD denoised residuals to obtain a
series RCs. Fig. 5(a) and (b) show the first eight RCs and their corre-
sponding FFTs for the GO5 and CO6 satellites, respectively. The RC that
pass or fail to pass the criteria Eq. (6) are depicted in black and red,
respectively. For example, for the GO5 phase residuals, RC3 fulfills the
threshold requirement for all ORTs, while RC4 in ORT3 does not.
Consequently, RC3 is classified as a multipath component, whereas RC4
is excluded from the multipath modeling.

Fig. 6 compares the multipath errors extracted using the traditional
CEEMD approach (i.e., discarding the boundary IMF and treating the
remaining IMFs as multipath) with those obtained using the proposed

B N |l A Reference station (SRTK)
A Monitoring station

Fig. 2. Overview of the study area. a Distribution of SVRS and LVRS schemes, along with the location of the landslide area. b Locations of the REFE reference station
and the monitoring station (SA02). ¢ and d Surrounding environments of the REFE and SA02 stations. e Installation example of the REFE station.
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method. Compared to the CEEMD-only approach, the proposed method
more effectively suppresses non-repetitive atmospheric components in
the low-frequency residuals. Moreover, comparison of the pseudorange
residuals before and after final reconstruction reveals that our method
better preserves high-frequency multipath features.

For C06, the recovered multipath amplitudes are smaller. This is
primarily attributed to the less stable ORT of BDS Inclined Geo-
Synchronous orbit (IGSO) satellites, which weaken the inter-ORT
coherence of multipath [35]. In addition, the atmospheric modeling
and interpolation accuracy of the BDS-2 system is generally lower than
that of GPS, resulting in more pronounced atmospheric errors in the BDS

phase residuals [36]. As a result, the partial RCs derived by MSSA does
not completely separate multipath and atmospheric errors. These mixed
components fail to meet the correlation criterion in Eq. (6), and there-
fore only the strongly coherent multipath components are finally
retained.

We use data from DOY 5 to DOY 7 to build four different multipath
correction models, and then apply to the data from DOY 8 for multipath
mitigation with SF technique. The four multipath extraction and SF
model construction are as follows: unfiltered (MO0), Multipath extraction
using single ORT data with CEEMD denoising (M1), Multipath extrac-
tion by averaging three ORTs data with CEEMD denoising (M2, [20],
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and proposed methods. The correlation coefficients of the multipath errors for each ORT relative to ORT1 were computed.

Multipath extraction by combine CEEMD and PCA to extract principal
components (M3, [26], and proposed method (M4). Fig. 7 illustrates the
phase residual Power Spectral Density (PSD) for GO5 and C06 under the
LVRS scheme, before and after multipath correction. In the mid-
frequency band (200 s to 2,000 s wavelength), all four methods effec-
tively mitigate multipath errors. However, in the low-frequency band
(less than 2,000 s wavelength), atmospheric errors become more
notable, leading to noticeable low-frequency deviations for C06 in M1
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Fig. 7. Phase residual PSD for satellites GO5 (left column) and C06 (right
column) at station SAO2 under the LVRS scheme with different multipath
correction strategies.

and M3. The proposed method demonstrates better performance in
handling such low-frequency atmospheric components.

3.2. Impact of multipath mitigation on positioning accuracy

Fig. 8 shows the original Root Mean Square (RMS) positioning errors
at station SAO2 on DOY 8 under three different solutions (SRTK, SVRS,
LVRS), as well as the results after applying four multipath mitigation
methods (M1-M4). Under the SRTK scheme, the four multipath miti-
gation methods (M1-M4) exhibit similar correction performance. This is
because the DD residuals contain only multipath and observation noise,
allowing each filtering approach to effectively remove high-frequency
noise, leaving only multipath errors in the final correction model.
However, with the SVRS and LVRS solutions, the DD residuals still
include atmospheric errors. The conventional M1 method cannot
effectively remove these errors, leading to a significant “negative opti-
mization” in the east component after multipath correction. Compared
to M1, the M2 and M3 methods partially mitigate atmospheric errors,
but as the baseline length increases (from SVRS to LVRS), their effec-
tiveness gradually weakens, causing deterioration in the corrected re-
sults. In contrast, the proposed M4 method avoids introducing
atmospheric errors into the multipath correction model and thus ach-
ieves robust correction performance across all three baseline lengths.

Fig. 8 also reveals that although the baseline for SRTK is merely 100
m, its raw positioning accuracy is lower than that of SVRS. To investi-
gate this, we used the proposed multipath extraction method to separate
atmospheric errors from multipath errors, extracting multipath com-
ponents for each satellite under both SRTK and SVRS. We then computed
the standard deviation (STD) of each satellite’s multipath errors, as
illustrated in Fig. 9, which is now unaffected by atmospheric errors. The
dashed lines represent the mean STD value of all satellites. The results
show that SRTK’s phase and pseudorange multipath values exceed those
of SVRS by an average of 0.12 cm and 0.13 m. This suggests that the
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Fig. 8. RMS positioning errors at station SAO2 on DOY 8 under three schemes (SRTK, SVRS, LVRS), before and after multipath correction with four mitigation

methods (M1-M4).

reflection environment around the baseline reference station (REFE) in
the SRTK scenario is more severe than that of the virtual reference sta-
tion used in SVRS. A 0.12 cm difference in phase multipath can be
interpreted as having a strong reflector placed near the station [37]. This
observation aligns with Fig. 2(c), which shows dense tree coverage
around REFE.

To further investigate the respective contributions of atmospheric
and multipath errors to observation residuals under different baseline
lengths (SRTK, SVRS, and LVRS), we used GPS L1 and BDS B1 data from
DOY 7 as a case study. Fig. 10 illustrates the relative energy ratio of
multipath in both phase and pseudorange residuals for each satellite,
calculated using Eq. (8), across the three baseline schemes, along with
the average relative energy ratio for all satellites in the GPS and BDS
constellations.

In the phase residuals, more than 95% of the SRTK residuals are
dominated by multipath errors. By contrast, under the SVRS and LVRS
schemes, the proportion of multipath in the residuals decreases signifi-
cantly compared to SRTK. Moreover, as the baseline increases from
SVRS to LVRS, the multipath ratio further declines, while the atmo-
spheric error ratio increases. This observation explains why, in Fig. 8,
the M2 and M3 correction methods perform less effectively under LVRS
than SVRS. The heightened proportion of atmospheric errors in the
phase residuals makes it challenging for M2 to offset atmospheric in-
fluences on the multipath model, while M3 struggles to accurately
extract principal components when multipath is no longer dominant.
Interestingly, in the pseudorange residuals, the multipath ratio under
SRTK is noticeably lower than that under SVRS or LVRS, and the trend of
decreasing multipath ratio with increasing baseline length no longer
applies. A plausible explanation is that atmospheric modeling accuracy,

relative to the magnitude of pseudorange residuals, remains sufficiently
high to minimize atmospheric impacts under both SVRS and LVRS.
Furthermore, because the environment around the SRTK reference sta-
tion is heavily obstructed by trees, the variability in local reflection
conditions across consecutive ORTs is greater [38,39], reducing the
fraction of correlated multipath in the SRTK solution compared to SVRS
and LVRS.

4. Discussions
4.1. Assessment of multipath model applicability

To evaluate the applicability of the multipath correction model
under the NRTK mode, we adopted two strategies to assess its perfor-
mance. Strategy 1: Use the data from the three days preceding the
correction day to build the correction model. Strategy 2: Use the data
from DOY 1 to DOY 3 to construct the multipath correction model,
which is then applied to DOY 4 to DOY 15. Fig. 11 shows the positioning
errors in the east, north, and up directions for DOY 4 to DOY 15 under
the SVRS scheme at station SA02. It compares the original unfiltered
against the correction results of the M2 and the M4 method for both
strategies. In each subfigure, the numeric labels denote the average STDs
of positioning errors for M2 and M4 under both strategies. As seen,
neither M2 nor M4 exhibits any significant decline in correction per-
formance as time progresses, regardless of the strategy used.

To investigate why the correction performance does not degrade
over time, we extracted the multipath components for satellites GO2,
GO05, and CO06 across 15 days using the proposed method. We then
computed the time-based cross-correlation of both the multipath and
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Consequently, a multipath correction model built using M2 or M4 can be
applied up to 12 days into the future without requiring a full rebuild.
Nevertheless, as the lower panel of Fig. 12 reveals, the original SVRS
residuals still contain low-frequency components that lack temporal

atmospheric errors. The results are presented in Fig. 12. It is evident that
the multipath correlation for all three satellites does not diminish
significantly over the 15-day span, suggesting that the multipath effect
remains relatively stable over short periods (fewer than 15 days).
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repeatability, and these components degrade the precision of traditional
multipath correction approaches such as M2. This explains why, in

10

Fig. 11, M4 outperforms M2. Compared to M2, the M4 approach im-
proves the east, north, and up positioning accuracies by 9%, 9%, and
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6%, respectively, and achieves 15%, 19%, and 16% improvements
relative to the unfiltered data.

4.2. Rainfall-induced variations in multipath and atmospheric errors

We collected 2-hourly rainfall data from the Tsuen Wan District, the
site of the landslide monitoring station. The proposed method was then
applied to classify the low-frequency residuals of each satellite from
DOY 1 to DOY 15 into multipath errors and remaining low-frequency
components. Under the SVRS and SRTK schemes, the remaining low-
frequency residuals can be interpreted as atmospheric errors and back-
ground noise [26], respectively. The daily average STDs of the multipath
and remaining low-frequency residuals were computed across all satel-
lites. For the SVRS scheme, the unfiltered RMS positioning errors in the
up direction were also included to analyze their temporal behavior, as
illustrated in Fig. 13. For clarity, the multipath and remaining low-
frequency residuals were centralized, and the up-component RMS
values were normalized to a comparable scale.

We categorized DOY 1 to DOY 8 as non-rainy days and DOY 10 to
DOY 14 as rainy days, and calculated the average STDs for each period
(dashed lines in Fig. 13). The results show that rainfall significantly
increases both multipath errors and the remaining low-frequency re-
siduals under both SVRS and SRTK. For multipath errors, one plausible
explanation is that rainfall-induced increases in soil moisture enhance
the ground attenuation coefficient [40,41], which strengthens multipath
reflections. Under the SRTK, the multipath STD increases by 0.9 mm,
slightly higher than the 0.7 mm increase under SVRS, reflecting differ-
ences in the surrounding environments of the reference stations.

Under the SVRS, the increased water vapor during rainfall also re-
duces the accuracy of the tropospheric delay model [42], leading to an
atmospheric error increase of 0.4 mm between non-rainy and rainy
periods. In contrast, the background noise under the SRTK exhibit little
change, confirming that the double-differencing effectively eliminates
tropospheric delay errors. Furthermore, it is evident that a short-
duration heavy rainfall event (e.g., DOY 13) under the SVRS scheme
sharply increased both multipath and atmospheric errors, resulting in
reduced positioning accuracy.

=v—Up —e—Multipath —J—Remaining low-freq. Rainfall
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5. Conclusions

Increasing baseline length leads to a higher proportion of atmo-
spheric errors in the phase residuals. Conventional multipath correction
models can inadvertently introduce these unmodeled atmospheric er-
rors, degrading correction performance. In this study, we proposed a
refined multipath modeling method that accounts for the effects of at-
mospheric errors and maintains robust accuracy across varying base-
lines. It improves the east, north, and up component positioning
accuracies by about 9%, 9%, and 6%, respectively, compared to a
standard three-day SF, and achieves roughly 15%, 19%, and 16% im-
provements relative to unfiltered data.

Heavy rainfall was observed to significantly increase both multipath
errors and residual atmospheric errors, leading to reduced NRTK posi-
tioning accuracy during those periods. Since rainfall is a key trigger for
landslides, such accuracy degradation poses a potential challenge for
high-precision GNSS monitoring in adverse weather conditions. Further
analysis of rainfall-induced error variations and the performance of the
proposed method under different observation environments will be
carried out in future work.

Machine-learning-based GNSS multipath modeling is a promising
research direction, but it requires reliable features and, in particular,
accurate multipath labels for supervised training. The proposed method
provides cleaner multipath estimates that can serve as high-quality la-
bels, facilitating future integration with machine-learning models for
NRTK applications.
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