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Abstract: Fault detection and identification
algorithm is essential to ensure the reliability of
global navigation satellite systems (GNSS) systems
for high-precision intelligent applications. Low-cost
receivers always suffers from GNSS pseudorange
gross-error detection and carrier-phase cycle-slip
anomaly in complex environments, which would
degrade positioning accuracy. To address these issues,
this paper proposes an enhanced low-cost RTK
precise-positioning algorithm with an adaptive
strategy, designed to detect multiple pseudorange
gross errors and carrier-phase cycle slips. By
leveraging time differenced darrier phase (TDCP)
observations, the proposed method dynamically
adjusts detection thresholds in real time, thereby
minoring multiple faults and improving positining
accuracy. To evaluate the performance of the
proposed algorithm, a dynamic vehicle experiment
equipped with ublox and BeiYun low-cost GNSS
devices was conducted. Four schemes including GL,
GLF, GLFTC, and GLFTA methods are compared.
Results show that the 3D RMS positioning errors of
the proposed GLFTA method achieves maximum
19.34% improvement. That is because the proposed
GLFTA method incorporating an adaptive strategy
can detect small carrier phase cycle slips than the GL,
GLF, and GLFTC methods, thereby enhancing RTK
positioning performance in complex environments.

Keywords: Global navigation satellite system
(GNSS); Real-time kinematic (RTK); Time
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1.Introduction

Owing to the advantages of cost-effectiveness,
high accuracy and rapid convergence, low-cost real
time kinematic (RTK) positioning has a wide
applications, such as UAV aerial navigation,
autonomous intelligent transportation and so on.
However, in complex environments, the GNSS
observations inevitably  contained multiple
pseudorange faults and frequent cycle slips, which
affected by multipath effects, signal interference, or
satellite malfunctions. As a result, it would degrade
the quality of GNSS observations and positioning
accuracy.

Extensive research has been conducted to deal
with this issue, mainly summarized with two
approached including the detection of pseudorange
faults and the detection of cycle slip in carrier phase
observations. There are mainly two approaches to
deal with pseudorange faults including fault detection
and exclusion and robust estimation algorithms. For
example, Jiang et al. proposed an enhanced advanced
integrity monitoring extrapolation (AIME) method,
which identifies faulty satellites by analyzing the
innovation sequence and its covariance derived from
a sliding-window Kalman Filter (KF)[”. However,
this approach relies heavily on a fixed-length window
analysis of KF innovations, which may lead to
missed detections or false alarms under dynamic
environment. Alternatively, Du et al. proposed an
proposed an advanced receiver autonomous integrity
monitoring (ARAIM) fault detection and exclusion
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(FDE) availability optimization method based on
dynamic budget allocation. By dynamically
distributing integrity and continuity risk budgets and
adjusting the risk weights of different fault modes in
real time, the method enhances the system
availability and reliability under multi fault
scenarios’?. Liu et al.! proposed an FDE consistency
check method based on virtual satellite pseudorange
observations generated from an orbital database. By
comparing the synthesized virtual measurements with
real-time observations, the method effectively detects
and excludes potential faults in the observation data.
Wau et al. developed a least squares system innovation
based FDE algorithm that avoids solving observation
equations for all potential fault cases. Simulation
results validated its performance and analyzed the
influence of satellite geometry on detection
effectiveness. However, they rely heavily on accurate
stochastic modeling and exhibit limited capability in
detecting correlated faults among multiple satellites.
Furthermore, robust algorithms is another effective
approach for achieving integrated Positioning,
Navigation, and Timing (PNT) solutions®®. Firstly,
“Danish Method”, as the first application of robust
estimation theory in surveying, has been introduced
by Krarup et al.l’ in 1980. This method uses an
iterative weight reduction strategy, though the
weighting parameters are determined rather than
through theoretical optimization. In addition, 1GG
(Institute of Geodesy and Geophysics) robust
estimationt”? and IGG 11 model'® have been proposed,
which is based on equivalent weights and further
improves the robustness of parameter initialization.
On this basis, Yang!® further proposed the IGG 111
robust estimation, later refined and extended in
subsepuent studites™®. Building on this foundation,
Yang et al.ldeveloped a series of robust adaptive
filtering frameworks, including variance component
estimation based robust adaptive filtering method™2.
At present, robust estimation algorithms can satisfy
the demands of dynamic positioning and demonstrate
robustness and computational efficicency. However,
the robust estimation and FDE still have limited
performance to detect multiple faults with constant
threshold in complex environments.
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Furthermore, cycle slips in carrier phase
observations remains an essential issue in GNSS
pre-processing™®. For single frequency cycle slip
detection, common approaches include the high-order
difference method™¥, polynomial fitting™, and
wavelet analysis™®™*"). For Dual frequency cycle slip
detection, there are pseudorange/phase combination
approach™, TurboEdit"® and STPIR (Satellite Time
Phase lonospheric System Innovation) algorithmf.
Besides, geometry free and ionosphere free models
are typically combined for triple frequency cycle slip
detection®®. In the single frequency cycle slip
detection mode, Remondi first proposed the high
order difference method, which laid the foundation
for subsequent developments in cycle slip
detection.This method applies successive epoch to
epoch differencing to carrier phase observations,
amplifying the impact of cycle slips and enabling
accurate estimation of their magnitudes®®?. Beutler et
al.™ employed a polynomial fitting approach to
detect cycle slips with a polynomial model, which is
flexibile and adaptable through  parameter
adjustments but has poor real time performance.
While the high-order difference method is sensitive
to large cycle slips but amplifies observation noise,
resulting in less effective for small cycle slips.
Moreover, higher order polynomials may
misinterpret random noise cycle slips, causing false
detections. Blewitt?®! Proposed TurboEdit algorithm
by forming the Melbourne Wibbena (MW) and
Geometry Free (GF) combinations, and this
algorithm is the most widely applied for cycle slips
detection. However, the MW combination performs
poorly for low elevation satellites, while the GF
combination is highly sensitive to data sampling rates.
To address these issue, Zhang et al.”® analyzed large
scale GNSS datasets and proposed an empirical
threshold model to improve detection reliability.
Overall, the TurboEdit algorithm has advantages of
computational simplicity and minimized detection
blind zones but remains sensitive to ionospheric
variations®®and less effective in identifying small
cycle slips®”. Thanks to TDCP method, known for
its high sensitivity to small cycle slips?®®!, are
combined with GF models for cycle slip detection.
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For example, Xu et al.”% proposed an effective
GF+GB hybrid approach, where GF firstly detect
large cycle slips and TDCP assisted to detect small
cycle slip. Li et al.BY proposed an enhanced
Improved Geometry Free (IGF) integrated with the
TDCP, enabling identification of small cycle slips on
specific frequencies. In a novel study, Chen et
al.B¥incorporated cycle slip processing into a TDCP
GNSS/INS system by modeling cycle slips as outliers
and mitigating them using a robust extended kalman
filter (EKF). Similarly, Can et al.*employed raw
GNSS observations to construct multiple linear
combinations for cycle slip detection and repair,
while employing posterior residuals from observation
equations to identify additional outliers and slips.
However, it still lacks a universally applicable
solution for frequent small cycle slips across arbitrary
frequencies. Overall, research on cycle slip detection
has been more extensive for single frequency®"*"
and dual frequency™*! applications. Additionally,
inertial navigation system (INS) data have been
increasingly usd to assist in cycle slip detectiont>*).

Although extensive research has been conducted
on fault detection in GNSS positioning systems,
subatantial ~ challenges  presist in  hangding
pseudorange faults and frequent cycle slips in low
cost GNSS devices. Existing methods struggle to
promptly detect multiple faults, especially under
complex conditions involving frequent small
anomalies. Traditional detection techniques, which
rely on empirically fixed thresholds, often fail to
adapt to the multi fault characteristics of low cost
GNSS receivers, resulting in degraded positioning
accuracy. To address these limitations, this study
proposes an enhanced RTK positioning method for
low cost GNSS receivers. In pseudorange fault
detection, the method integrates position-domain
global detection with observation-domain local
detection and combines fixed thresholds with
sliding-window dynamic thresholds to effectively
reduce missed detections under multiple gross error
conditions. For carrier-phase processing, an adaptive
threshold algorithm is developed to dynamically
adjust detection limits based on the statistical
characteristics of the observations, enabling accurate

\ol. 21, Issue 1, 2025

identification of frequent minor cycle slips.It is
implemented within a low cost dynamic RTK
framework and validated through vehicle mounted
experiments. Experiment results show that the
proposed method significantly improves RTK
positioning performance by effectively detecting
frequent minor faults while maintaining high
precision in GNSS positioning.

2.Methodology

In this section, the methodology of the system
innovation-based chi-square detection method and
the doppler assisted TDCP observation for cycle slip
detection would be introduced.

2.1 System Innovation based chi-square
detection method

The system innovation based chi-square
detection method is applied to effectively identify
multiple pseudorange errors by integrating global and
individual fault detection. When no fault is present,
the linearized form of the GNSS observation equation
at epoch k can be expressed as follows:

Z =HX, +A, (€))
Among these terms, Z, denotes the observation
vector, H, represents the state geometry matrix, X,
refers to the state vector containing the unknown
parameters, and Ak _denotes the measurement noise

vector, which is assumed to be temporally uncorrelated.

When a fault occurs, the fault model is denoted
as V., and the linearized GNSS observation
equation can be expressed as follows:

Z, =H,X, +CV, +A, @

The standard Kalman filter model forms the
mathematical foundation for the system innovation
based chi-square detection method. It primarily
operates on the state and observation equations to
generate the system innovation sequence, after which
the chi-square test is applied to detect observation
errors. The linear discrete system model of the
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standard Kalman filter can be described as follows:

{Xk = q)k,k—lxk—l + rk,k—ka—l (3)

Z, =H /X, +A,

Here, X, denotes the state vector, @, .. represents
the state transition matrix, I, is the control or
coefficient matrix, Z, stands for the measurement
vector, and_ H, corresponds to the measurement
model coefficient matrix. The process noise vector
W, is typically modeled as zero-mean Gaussian
white noise with covariance matrices Q, and_ R,
respectively, and W, is assumed to be statistically
independent of A,.

The subsequent prediction step of the Kalman
filter can be expressed as follows:

Xk,k 1= q)k,k—lxk—l

(4)

The system innovation vector can be expressed
as follows:

Vi=Z, - Hkik/k—l (5)

The covariance matrix of the system innovation
vector can be expressed as follows:

ka = HkPk,k—lHlI + Rk

(6)
When no fault is present, the system innovation

vector V, behaves as zero-mean white noise.

However, once a fault occurs, the statistical
characteristics of the system innovation change, and
its mean deviates from zero.

Therefore, two hypotheses are defined: the null
hypothesis H, and the alternative hypothesis H, .
The null hypothesis H, indicates that no fault exists,
which can be expressed as follows:

Ho E{Z,3=H, X, V, ~N(O,R,) ()
Here, D{Z,}=Q, denotes the variance-covariance
matrix of the observations, while E{} and D{}
represent the expectation and dispersion factors,
respectively. The alternative  hypothesis H,
indicates that a fault exists, which can be expressed
as follows:

H,:E{Z,}=H. X, +C,V,, V, ~(u, P (8)

Here, C, contains the observed values associated with
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the fault, and 4 represents the mean of the system
innovation vector V,. Since fault detection requires
redundant observations, it is assumed that m
observations contain df degrees of freedom; therefore,
the maximum number of detectable faults is
1<gm<df .

For fault detection and identification, the
position estimation (X is recalculated by
deriving the updated position (%) from all
observation domains, during which the
suspicious observation faults in each fault
mode are identified and removed. The fault
detection and identification process is
implemented through a two-step detection
scheme that applies dual thresholds to
accomplish ~ both  fault detection and
identification. Accordingly, the global fault
detection function can be expressed as follows:

A= VkT Pv;lvk (9)
The global detection statistic A, follows the
chi-square distribution function »*, whose degree of
freedom df corresponds to the dimension of the
observation vector. When no fault occurs,
A, ~ 7%0,df> obeys a central chi-square distribution,
whereas in the presence of a fault, 4, ~ x°(o,df)
follows a non-central chi-square distribution
characterized by the non-centrality parameter o.
Therefore, the global fault detection standard can be
expressed as follows:

A>Ty, theexistenceof fault
(10)

A, <Ty, nofaultoccurs

Among them, Ty, represents the global monitoring
threshold, which is determined based on the
Neyman-Pearson criterion. When the false alarm rate
is specified as a, the threshold T, can be obtained
by solving the equation P{A, >T,,/H }=«a, through
which the missed detection rate is minimized.

By calculating the global detection statistics and
corresponding thresholds, the system can effectively
perform global fault detection. This process is
essential for identifying reliable observations,
eliminating erroneous measurements, and incorporate
local testing methods, thereby enhancing fault
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detection performance and improving the accuracy of
RTK navigation solutions.

When a fault is identified through global detection
at epoch k, the potential faults occurring at the same
epoch are subsequently examined one by one. At this
stage, the system innovation vector becomes V,, and
the single-fault detection function can be expressed as
follows:

vy

A = ﬁ (11)

where 4, denotes the normalized system innovation,
P, represents the ith diagonal element of the
covariance matrix P, ,and V; corresponds to the ith
element in V.. When the observation vector contains
a single fault, the null hypothesis is defined as
Ho: A ~(01), whereas the alternative hypothesis is
Hi:A ~(5.1) , where & is a non-centrality
parameter that can be determined according to the
false alarm rate o, and the missed detection rate
B, . Therefore, the local fault detection criterion can
be expressed as follows:

A >T,, theexistence of fault
_ (12)
A <T,,» no fault occurs
Here, T,, denotes the threshold used to detect
the occurrence of a single fault, and its corresponding
value, obtained from the Gaussian distribution
function, is expressed as N, ,,(0.1).

During the fault detection process, each
observation vector is individually tested for potential
faults, as any measurement may be unreliable. Once
both global and single fault detections are completed,
the identified faulty measurements are removed, and
the remaining valid observations are used to update
the filter. This procedure iteratively performs local
and single fault detection until the detection statistics
meet the global threshold criterion.

2.2 Doppler assisted TDCP cycle slip detection

The dopper assisted TDCP cycle slip method
can detecte carrier phase cycle slips with adaptive
thresholds.The TDCP measurement is primarily
based on the time differencing of carrier phases. It
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determines the relative position by evaluating the
carrier phase time difference between two receivers
or between a receiver and multiple satellites. The
TDCP measurement represents the carrier phase
change between two consecutive epochs, t,.; and t,
which can be expressed as follows:

AD=D, —D, =%Ar+%AdtR +AN +Ag, (13)

In the above equation, A® denotes the variation
in the carrier phase measurement between two
consecutive epochs, with the unit of cycles. Ar
represents the change in the geometric distance
between the receiver and the satellite, with the unit of
meters. The symbol ¢ denotes the speed of light in a
vacuum. Adt; corresponds to the variation in
receiver clock bias over time, while AN denotes the
change in the carrier phase integer ambiguity. When
no cycle slip occurs, AN remains zero. The term
Ag, represents other unmodeled errors, which are
typically small and therefore negligible.The change
in the distance between the receiver and the satellite
over two consecutive epochs can be expressed as:

Ar=r —r =F -(Ar'=Ar") (14)

wherein  Ar* and Ar® denote the position
increments of the satellite and the receiver,
respectively, in the Earth-centered Earth-fixed
coordinate system between two consecutive epochs.

r represents the unit vector directed from the

receiver to the satellite, while “-” denotes the vector
inner product operator. Based on Egs. (13) and (14),
the expression for A® can be written as follows:

k+1

AD :%ﬁ -(Ar® —AI’R)-F%AdtR +AN +Ag,, (15)

Among them, Ar? and Adt; are the unknown
guantities, while all other variables can be
determined except AN . The unknown parameters
are estimated using the Least Squares Method (LSM),
which can be formulated as follows:

Arf Tpy\-1pT
LAdtJ:(B B)'B'C (16)
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In the actual positioning solution, the presence
of AN may cause pronounced peaks to appear in the
solution results. Therefore, efficient and accurate
fault detection and identification plays a crucial role
in ensuring an accurate and reliable TDCP solution.

For each satellite calculated using TDCP, the
carrier phase integer ambiguity may vary between
epochs. Since the doppler frequency shift is
unaffected by cycle slips, the relationship between
the doppler frequency shift and the carrier phase can
therefore be established. The doppler integral,
obtained by integrating the doppler shift over time,
represents the total relative displacement of the
receiver with respect to the satellite during an epoch
interval. The carrier phase measurement can be
interpreted as the doppler integral plus an unknown
integer ambiguity. Unless the carrier tracking loop
loses lock or experiences a phase discontinuity, the
TDCP and the doppler integral remain consistent
between the two epochs, indicating that no fault
occurs. Consequently, TDCP is utilized to assist in
fault detection and identification. The doppler
integral difference between epochs tx and tx+; can be
expressed as follows:

d> =—["" Dt (17)

wherein D denotes the doppler frequency shift.
Therefore, according to the relationship with TDCP,
the difference between TDCP and d® can be
expressed as :

k+1

V=A0-db=Ad+["Ddt=AN+z  (18)

k

Eq. (18) can be simplified into :
V =Ad+(D, +D, JD, -D, )/2=Ad+e(19)

wherein D and D, represent the doppler
frequency shift measurements at epochs t+; and ty,
respectively, and dt=t,,, —t, denotes the sampling
interval. The remaining error, which is typically on

the order of a few centimeters, is much smaller than a

e
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cycle slip represented by the symbol & and can
therefore  be  neglected. Consequently, the
mathematical expectation and covariance of V can be
expressed as follows:
E(V)=AN+E(¢) (20)
Cov(V)=Cov(¢) (21)

wherein E(V) denotes the mathematical expectation,
Cov(V) represents the covariance, and E(g) and
Cov(¢) correspond to the mathematical expectation
and covariance within less than one cycle,
respectively. Unlike traditional approaches, this
method employs a real-time recursive computation to
determine the test statistics and corresponding
thresholds, thereby improving both the detection
statistic and the threshold estimation. This enables
rapid fault detection, precise fault identification and
elimination, and the realization of an efficient and
accurate multi-fault monitoring model, which
ultimately enhances the quality of navigation
observation data and the accuracy of subsequent
integrity monitoring. Accordingly, the mean V, and
variance o/ of the current epoch V, calculated based
on real-time recursive computation, can be expressed
as follows:

— = 1

V=V, +E(Vk -Vi4) (22)
k-2 1 —

O'k2 = mo-kz—l +E(Vk _Vk-l)2 (23)

wherein V, represents the mean value from epoch 1
to k, V., denotes the mean of V from epoch 1 to k

-1, o7 is the covariance matrix of V at epoch k, and

ot, indicates the covariance matrix of V at epoch k
-1. Accordingly, the test statistic and corresponding
threshold for TDCP fault detection and identification
can be expressed as follows:

M —\71(‘3 m-o, (24)

wherein m denotes the scaling factor of the threshold,
which determines the fault detection capability. As a
fixed parameter, it is set to 3 according to the 3c rule.
If (24) is satisfied, a fault is considered to be present;
otherwise, no fault is detected.
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3 Data collection and processing

To verify the proposed method, a dynamic
short-baseline experiment is conducted in Qujiang
Cultural Park, Xi’an, Shaanxi Province, China. As
shown in Figure 1, the reference station was
established on the rooftop of the administrative
building at the YanTa Campus of Xi’an University of
Science and Technology. The reference station is
equipped with Trimble BD990 receiver in an
open-sky environment. As for the rover station
depicted in Figure 2, u-blox F9P receiver modules
and BeiYun M22 navigation boards were equipped on
a moving vehicle. The experimental environment was
relatively complex with several multipath effects. The
experimental setup and operating environment for the
rover are depicted in Figure 2.

The dynamic vehicle experiment covered a
baseline of approximately 6.3 km, which rover data

=

r .-. 5 : ‘_ -‘ Q
Figure 1. Configuration of the reference station
and its surrounding environment
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over 2,400 seconds. Both the reference station and
the rover stations sampled at 1 Hz, recording
pseudorange,  carrier  phase, and  doppler
measurements from four satellite constellations: GPS,
BDS, Galileo, and GLONASS. Detailed dataset
information is provided in Table 1.The reference
trajectory was generated using the built in RTK
solution of the commercial u-blox F9P receiver.
During data collection, observations from the Trimble
BD990 reference station were transmitted to the
rover’s u-blox F9P module for internal RTK
processing. According to the manufacturer, the FOP is
built in RTK achieves an accuracy of about 10 mm +
1 ppm horizontal and 20 mm + 1 ppm vertical,
sufficient to server as a reliable ground truth
reference.The experiment equipment configuration is
shown in Figure 3, and Figure 4 presents the sky
plots of the observed BDS, GPS, GLONASS, and
Galileo constellations observed during the test.

Figure 2. Data acquisitic;n setup for the dynamic,

vehicle mounted rover system
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Figure 3. Equipment layout diagram for the Figure 4. Sky plot of satellite visibility during
dynamic vehicle-mounted experiment the experiment.

Table 1. Description of the dynamic experiment dataset collection

Base equipment Trimble BD990
Rover equipment u-blox FO9P. BeiYun M22
Sampling rate 1Hz
Elevation cut-off angle 10 degrees
Observations Pseudorange+carrier phase+doppler
Elapsed time 2400s
Baseline length 6.3 kilometers
GPS Cl1C L1C D1C/C2S L2S D2S
Acquired signals BDS C21 L2I D2I/C5P L5P D5P
GLONASS CiCL1C Dic/c2C L2C D2C
Galileo C1B L1B D1B/C5P L5P D5P
Figure 5 trajectory of the vehicle experiment. overlays the trajectory on a satellite map for clearer
The left panel shows the detailed route, including the visualization.

start point and end points, while the right panel

51
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Figure 5. Trajectory of the dynamic moving-car test route

4 Experiments and results

In this section, we present a comprehensive
analysis of data quality and experimental results.
First, he observation quality from the BeiYun M22

and u-blox F9P datasets is evaluated. Then, the
positioning  performance and fault detection
capabilities of four methods GL, GLF, GLFTC, and
GLFTA are compared. The processing strategies of
these methods are summarized in Table 2.

Table 2. Four schemes with different processing strategies

Scheme Full name with different processing strategy
GL GF+LLI method
GLF GF+LLI+FDE method
GLFTC GF+LLI+FDE+TDCP+ constant threshold
GLFTA GF+LLI+FDE+TDCP +adaptive threshold

4.1 Experiment data analysis

To assess data quality, three key metrics were
analyzed for the BeiYun M22 and u-blox F9P
datasets: the number of visible satellites, carrier
phase to pseudorange ratio, and the carrier phase
cycle slip count, the results are shown in Figures 6
and 7. The carrier phase to pseudorange ratio
indicates the proportiona of valid carrier phase to
pseudorange observations; a higher ratio suggests
less signal blockage and greater positioning stability.
In contrast, the carrier phase cycle slip count reflects
measurement continuity, as excessive slips often arise
from receiver instability or poor signal propagation
conditions, leading to reduced positioning accuracy.
Notably, a lower carrier phase to pseudorange ratio
accompanied by frequent cycle slips indicates
degraded carrier phase continuity and consequently
poorerl positioning performance.

Comparative  analysis reveals notable
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distinctions between the two datasets. The BeiYun
M22 receiver achieves an average carrier phase to
pseudorange ratio of 98.4%, while the u-blox F9P
records 83.1%. In terms of cycle slip frequency,
BeiYun M22 average of 0.98% per epoch compared
with 2.0% for u-blox F9P, indicating more stable
carrier phase tracking for the former. Variations in
visible satellite count directly affect the carrier phase
to pseudorange ratio, as differences in satellite
observation quality affects the proportional of uasble
carrier phase and pseudorange measurements.
Consequently, these variations determine the share of
high quality data available for precise GNSS
positioning.Figure 8 compares the HDOP, VDOP, and
PDOP values for BeiYun M22 (left) and u-blox F9P
(right). Both datasets maintain PDOP values below
1.0, indicating excellent satellite geometry. However,
the u-blox F9P shows slightly better spatial
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distribution, providing improved observation stability
and superior vertical(VDOP) performance. Overall,
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Figure 6. Number of BDS, GPS, GLONASS, and Galileo satellites, and their carrier phase to
pseudorange ratios for the BeiYun M22 receiver.
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Figure 8. HDOP, VDOP, and PDOP values for the BeiYun M22 dataset (left) and the u-blox F9P

dataset (right).

4.2 Experiment result analysis

This section systematically evaluates the
performance of the four methods GL, GLF, GLFTC,
and GLFTA in terms of cycle slip detection and
positioning accuracy. The analysis focuses on
comparing detection performance and analyzing RTK
positioning accuracy. A dynamic vehicle experiment
was conducted to collect multi constellation GNSS
data in complex environments, enabling verification
of algorithm robustness. In addition, rigorous
statistical analysis were performed to quantify
differences among the four methods, providing a
solid basis for evaluating their effectiveness under
realistic conditions.

4.2.1 Comparison of cycle slip detection
anomalies

This section compares the cycle-slip detection
performance of four methods GL, GLF, GLFTC, and
GLFTA using data from the BeiYun M22 and u-blox
FOP receivers. Figure 9 shows the cycle slip
distribution for BeiYun M22 (left) and u-blox F9P
(right), where the represents
observation epochs and the vertical axis idicates

horizontal axis
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satellite numbers. Different colors and markers are
used to distinguish the four methods. As shown in
Figure 9, the GLFTA method detects the largest
number of cycle slips for BeiYun M22, including all
slips identified by the GL, GLF, and GLFTC methods,
as well as additional ones missed by the others. This
demonstrates its high  detection  sensitivity,
particularly for small or short duration cycle slips.
Tthe detected cycle slips are relatively continuous
and spatially clustered, mainly due to sudden
environmental changes during the dynamic vehicle
experiment.For the u-blox F9P dataset, the GLFTA
method once again detects the most cycle slips,
encompassing all detections from the other three
methods. Compared with BeiYun M22, u-blox F9P
exhibits a greater number and denser distribution of
cycle slips, primarily due to the hardware limitations
of low cost receivers, which tintroduce higher
observation noise.To further highlight performance
differences among the four methods, line charts of
detected cycle slips counts for both datasets were
generated for clearer quantitative comparison.
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Figure 9. Cycle-slip detection distributions obtained using four methods (GL, GLF, GLFTC, and
GLFTA) for the BeiYun M22 dataset (left) and the u-blox FOP dataset (right).
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Figure 10. Line charts comparing the number of detected cycle slips using four methods (GL, GLF, GLFTC,
and GLFTA) for the BeiYun M22 dataset (left) and the u-blox FOP dataset (right).

As shown in Figure 10, the cycle slip detection
distributions across epochs for the BeiYun M22 and
u-blox FOP datasets were compared using the four
methods GL, GLF, GLFTC, and GLFTA.For the
BeiYun M22 dataset, the GLFTA method, shown in
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red and positioned at the bottom layer, detected the

largest number of cycle slips.

identified all cycle slips

It successfully
captured by the GL, GLF,

and GLFTC methods, including all epochs with triple
cycle slips, demonstrating a comprehensive detection
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capability. For the u-blox F9P dataset, the GLFTA
method again achieved the highest detection count.
Compared with BeiYun M22, u-blox F9P exhibited
more frequent and concentrated cycle slips,
particularly around epoch 1200.

To further validate the performance of the
adaptive dynamic threshold in carrier phase cycle slip
detection, statistical analyses of detection thresholds
and test statistics were conducted using the BeiYun
M22 dataset. Six representative satellites E27, E29,

C02, C06, R14, and R15 were selected for evaluation.

Figure 11 illustrated the distribution of the adaptive
dynamic thresholds and corresponding test statistics.
As shown, several epochs exhibited test statistics
exceeding their thresholds, confirming successful
cycle slip detection. The adaptive thresholds adjusted
dynamically with varying observation conditions,
maintaining sensitivity to subtle changes in signal
quality. For satellites C02 and C06, most detected
cycle slips occurred around epoch 44 and 660-800,
where noticeable variations between thresholds and
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test statistics were observed. Similarly, satellites E27
and E29 showed significant slip events, with E29
exhibiting higher frequency between epochs 200-300.
Table 4 summarizes the comparison between the
fixed-threshold and adaptive dynamic-threshold
methods for the six satellites. The results demonstrate
that the adaptive dynamic threshold method is more
sensitive in detecting minor or short-duration cycle
slips and achieves superior positioning accuracy by
effectively identifying these subtle anomalies.

Table 4 presents the statistical results of cycle
slips detected by the GLFTC and GLFTA methods.
The results show that, compared with the fixed
threshold GLFTC method, the proposed adaptive
threshold GLFTA approach detects a greater number
of cycle slips, demonstrating significantly improved
fault detection capability. Furthermore, the GLFA
method successfully identifies small cycle slips
missed by the GLFC method and maintains effective
detection performance across all satellites.
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Figure 11. Distribution of cycle-slip detection thresholds and test statistics for each satellite based on the

adaptive dynamic threshold method.
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Table 4. Statistical comparison of cycle-slip detection counts between the adaptive dynamic
threshold method and the fixed threshold method across satellites (unit: epoch).

Satellite ID
Abbreviation
C02 C06 E27 E29 R14 R15
GLFTC 7 15 15 11 18 11
GLFTA 16 19 22 23 27 18

4.2.2 Positioning results analysis and
comparison

To further assess the RTK positioning accuracy
of the four methods, a comparative analysis was
conducted across all experimental schemes. Figure 12
shows the positioning errors in the East, North, and
Upward directions for both the BeiYun M22 (left)
and u-blox F9P datasets, using the GL, GLF, GLFTC,
and GLFTA methods. The BeiYun M22 results show
that the GL (green) and GLF (black) methods yield
similar error across all three directions. In contrast,
the GLFTC (blue) method shows notable
improvements in accuracy, while the GLFTA (red)

method achieves the highest overall precision.
Notably, the GL and GLF methods exhibit errors
during the first 50 epochs, with significant error
jumps around the 100th epoch and between epochs
1000-1500. In contrast both GLFTC and GLFTA
methods perform better across all directions,
especially in reducing initial fluctuations and
eliminating error jumps near the 100th epoch. The
GLFTA method consistently outperforms GLFTC,
especially during the first 50 epochs and around
epoch 1000, confirming the effectiveness and
adaptability of the proposed adaptive threshold
strategy in improving positioning stability and
accuracy under dynamic conditions.

GL —— GLF ——GLFTC —— GLFTA

BeiYun M22

ublox F9P

East/m

North/m

Upwardim

Epoch/s

0 500 1000 1500 2000

0 500 1000 1500 2000
Epoch/s

Figure 12. Comparison of positioning errors in the East, North, and Up directions among the four methods (GL,
GLF, GLFTC, and GLFTA) for the BeiYun M22 dataset (left) and the u-blox FOP dataset (right).

The positioning error plot for the u-blox F9P
dataset clearly shows that the GL (green) and GLF
(black) methods produce the largest errors across all
three coordinate components. In contrast, the GLFTC
(blue) and GLFTA (red) methods demonstrate
significantly better performance. Notably, the GL and

\ol. 21, Issue 1, 2025

GLF methods exhibit much larger errors during the
first 50 epochs, with distinct error jumps around the
100th epoch and between epochs 1000-1500. In
comparison, the GLFTC and GLFTA methods show
considerable improvements in accuracy, effectively
reducing initial fluctuations and eliminating errors
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near the 100th epoch. The GLFTA method further
outperforms GLFTC, particularly in the first 50
epochs and around epoch 1000, highlighting its
superior adaptability under dynamic signal conditions.
Between epochs 50 and 2100, both GLFTC and
GLFTA maintain significantly lower errors than GL
and GLF, demonstrating their better stability and

robustness. Overall, the GLFTA method resolves
issus where GL and GLF, and even GLFTC under
fixed threshold conditions, fail to achieve reliable
convergence, achieving better accuracy in all
coordinate directions. The adaptive threshold
mechanism of GLFTA enhances fault detection
sensitivity, further improving positioning accuracy.

Table 5. RMS, STD, and improvement rate statistics for the BeiYun M22 dataset (unit: meters).

Scheme GL GLF GLFTC GLFTA

East 0.0192 0.0179 0.0136 0.0134

RMS North 0.0297 0.0291 0.0257 0.0246
Upward 0.0234 0.0204 0.0200 0.0196

East 0.0279 0.0178 0.0136 0.0134

STD North 0.0290 0.0289 0.0254 0.0242
Upward 0.0232 0.0203 0.0197 0.0191

3D RMS 0.0424 0.0398 0.0353 0.0342
Improvement Percentage 0 6.13% 16.75% 19.34%

Table 6. RMS, STD, and improvement rate statistics for the u-blox FOP dataset (unit: meters).

Scheme GL GLF GLFTC GLFTA

East 0.0223 0.0192 0.0181 0.0164

RMS North 0.0298 0.0279 0.0263 0.0251
Upward 0.0245 0.0234 0.0222 0.0204

East 0.0219 0.0186 0.0176 0.0160

STD North 0.0296 0.0275 0.0261 0.0250
Upward 0.0245 0.0232 0.0222 0.0203

3D RMS 0.0446 0.0412 0.0390 0.0363
Improvement Percentage 0 7.62% 12.56% 18.61%

Tables 5 and 6 summarize the positioning errors
statistics for the BeiYun M22 and u-blox F9P datasets,
comparing the performance of the methods GL, GLF,
GLFTC, and GLFTA methods in terms of RMS, STD,
and percentage improvement across the East, North,

\ol. 21, Issue 1, 2025

Upward, and 3D directions.For Table 5, the 3D RMS
for the GL method is 0.0424 m, while the GLF
method improve this to 0.0398 m, representing a
6.13% imorovement in the 3D direction. The GLFTC
method further reduces the 3D RMS to 0.0353 m,
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showing a 16.75% improvement over the GL method.
The GLFTA method achieves the best performance
with a 3D RMS of 0.0342 m, reflecting a 19.34%
improvement over the GL method. From Table 6, The
3D RMS values for the GL, GLF, GLFTC, and
GLFTA methods are 0.0446, 0.0412, 0.0390, and
0.0363, respectively. The GLF method shows a
7.62% improvement over GL in the 3D direction, the
GLFTC method improves by 12.56%, and the
GLFTA method achieves an 18.61% improvement
compared to GL. The statistical results from Tables 5
and 6 clearly indicate that, compared to the
traditional GL method, the other three methods
consistently deliver better positioning accuracy, with

the dynamic adaptive threshold method GLFTA
demonstrating the most significant improvements.

Figure 13 presents the comparative bar charts of
RMS values in the East, North, Upward, and 3D
directions for the four methods GL, GLF, GLFTC,
and GLFTA using the BeiYun M22 and u-blox F9P
datasets. The chart clearly shows a gradual reduction
in RMS values from GL to GLFTA, indicating
progressively improved positioning performance.
Notably, the GLFTA method demonstrates the most
significant RMS reduction compared to the GL
method, achieving the lowest RMS in all directions,
while the GL method consistently exhibits the highest
RMS values across all directions.
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Figure 13. Comparative bar charts of RMS values in the East, North, Up, and 3D directions for the BeiYun M22
(left) and u-blox FOP (right) receivers using the four methods (GL, GLF, GLFTC, and GLFTA).
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Figure 14. Cumulative distribution statistics of positioning errors for the BeiYun M22 (left) and u-blox FOP

(right) receivers.

To provide a clearer comparison of positioning
performance between the BeiYun M22 and u-blox
FOP datasets, Figure 14 presents the cumulative
distribution function CDF statistics of 3D positioning
errors for the four methods GL, GLF, GLFTC, and
GLFTA with BeiYun M22 on the left and u-blox FOP
on the right. The horizontal axis represents error
magnitude, while the vertical axis indicates the
probability of the error not being exceeded. The
shape and steepness of the CDF curves reflect the
accuracy distribution and reliability of each method.

From Figure 14, the green GL and black GLF
curves exhibit nearly identical CDF characteristics
with only minor variations, both showing gentle
ascents and relatively low slopes in the error >0.15 m
region. Approximately 50% of their positioning
errors fall within <0.025 m, while the error tails
extend beyond 0.3 m, indicating limited stability and
sensitivity to multipath interference or signal
obstructions. In contrast, the blue GLFTC curve
demonstrates intermediate steepness, achieving
notable improvement in the low error region (<0.025
m) compared with GL and GLF, yet retaining a
moderate tail length, suggesting partial suppression
of large outliers. The red GLFTA curve, however,
displays the steepest ascent and most compact
distribution, rapidly increasing within the low error
range, where 50% of the positioning errors are <0.02

\ol. 21, Issue 1, 2025

m. Its tail segment is considerably shorter and flatter,
signifying enhanced stability and concentration of
errors. When zooming into the regions with rapid
CDF growth, these distinctions become even more
apparent across both datasets. Overall, the CDF
analysis confirms that the GLFTA adaptive algorithm
effectively adjusts detection thresholds in real time,
effectively, suppressing outlier errors and enhancing
positioning robustness. This mechanism results in
more concentrated error distributions, greater
reliability, and markedly improved positioning
consistency compared with the other three methods.

5 Summary and conclusions

To address multiple pseudorange gross errors
and carrier phase cycle slips in low cost GNSS
receivers, this study proposes an enhanced RTK
method incorporating an adaptive dynamic threshold
adjustment mechanism for dynamic RTK positioning.
This approach effectively reduces missed detections
of pseudorange errors, enables timely identification
of minor cycle slips, and significantly enhances
positioning accuracy and reliability. Validation using
dynamic vehicle experiments confirms that the
proposed method can detect additional cycle slips and
substantially improve RTK performance for low-cost
GNSS devices under complex environments.
Conclusions are summarized as follows:
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(1) The analysis of data quality evaluation
shows that the high end BeiYun M22 receiver
maintained a carrier phase to pseudorange
observation ratio of 98.4%, compared with 83.1% for
the low cost ublox F9P. The average cycle slip
occurrence rate was 0.98% per epoch for BeiYun
M22 and 2.0% for ublox F9P. These discrepancies
can be attributed to hardware design and
environmental influences, indicating that the low-cost
ublox F9P is inherently more susceptible to cycle
slips.

(2) The proposed adaptive GLFTA method can
effectively detect cycle slips that were miss-detected
by the GL, GLF, and GLFTC approaches. Results
demonstrate that dynamic threshold-based strategies
offer significant advantages for GNSS fault detection
under complex and time-varying conditions.

(3) It illustrated that the GLFTC with
fixed-threshold and GLFTA with adaptive threshold
methods reduced the 3D RMS of positioning errors
by 16.75% and 19.34% for BeiYun M22, and by
12.56% and 18.61% for ublox F9P, when compared
to the GL method. Particularly, the GLFTA method
based on the low cost ublox FOP datasets shows the
most improvement, underscoring its capability to
enhance positioning accuracy even on cost-optimized
hardware.
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