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Abstract

This paper presents a Fast Covariance Intersection-based Adaptive Extended Kalman Filter (FCI-AEKF) framework
for PPP-RTK and 5G integrated positioning. The framework addresses key challenges in GNSS-5G fusion, including
limited use of PPP-RTK’s high precision, slow error convergence from simple motion models, and distance-
dependent 5G measurement noise. It enables multi-rate fusion of PPP-RTK and 5G data, combining high-rate 5G
updates with PPP-RTK corrections. A dynamic motion model switching strategy is proposed to adaptively select
between constant velocity (CV) and constant acceleration (CA) models based on real-time vehicle dynamics.
Additionally, a distance-based noise model is introduced to adjust measurement noise covariance, enhancing
robustness under varying conditions. Experimental results on open-source GNSS data from The Hong Kong
Polytechnic University demonstrate that the proposed method outperforms existing GNSS-5G fusion approaches
in accuracy, robustness, and resistance to interference.
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1. Introduction

GNSS generally offers accurate positioning but faces severe challenges in dense urban areas and highway
interchanges due to signal blockage, multipath, and poor satellite geometry. While fusion with INS,
LiDAR, or vision systems can improve performance, these methods often suffer from accumulated drift,
high costs, or increased complexity.

Precise Point Positioning (PPP), with ambiguity resolution and atmospheric corrections, achieves
centimeter-level accuracy, and its real-time extension PPP-RTK reduces convergence time to approxi-
mately 30 seconds. However, PPP-RTK still struggles with limited satellite visibility and non-line-of-sight
(NLOS) issues. Meanwhile, 5G technology provides wide coverage, low latency, and dense network
infrastructure, enabling sub-meter positioning accuracy and serving as a promising complement to
GNSS, particularly in challenging environments [1].

Recent research increasingly focuses on GNSS/5G integrated positioning due to its potential for
low-cost, high-precision, and robust localization [2]. Existing methods mainly fall into three categories:
(i) theoretical analyses deriving position and velocity error bounds [3]; (ii) point positioning approaches
using clustering, particle filters, or tightly coupled nonlinear fusion [4, 5]; and (iii) time-based state
estimation via adaptive Kalman filtering [6].

However, several limitations remain. GNSS-based solutions still heavily rely on SPP, leading to
significant errors under dynamic conditions. Moreover, many studies restrict 5G measurement rates
to 1 Hz, despite the standard supporting much higher positioning rates, limiting their applicability in
fast-changing environments.
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To address these gaps, this paper introduces an adaptive model-switching strategy that dynamically
selects appropriate motion models based on vehicle dynamics. In addition, a distance-aware noise model
and a dynamic fusion weighting mechanism are designed to enable real-time covariance adaptation,
enhancing robustness and positioning accuracy under diverse signal conditions.

Fig. 1 illustrates our proposed hybrid positioning system integrating PPP-RTK, 5G PRS, and CORS
corrections for urban scenarios.
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Figure 1: lllustration of the proposed GNSS-5G hybrid positioning framework integrating satellite signals, 5G
PRS, and CORS corrections in an urban environment.

To this end, we propose a Fast Covariance Intersection-based Adaptive Extended Kalman Filter
(FCI-AEKF) framework, with key contributions:

« First integration of PPP-RTK and 5G in a multi-rate fusion framework, leveraging precise correc-
tions for enhanced accuracy over SPP-based methods.

+ An adaptive motion model switching strategy to improve tracking under varying dynamics.

« A distance-based noise model for real-time adjustment of measurement noise covariance, improv-
ing robustness.

+ A dynamic localization mode-switching strategy to maintain positioning continuity under de-
graded GNSS/5G conditions.

2. System model

2.1. PPP-RTK Measurement Model

The linearized observation equations for pseudorange and carrier phase of the nth satellite on frequency
fare:

AP; =e, 60X, +c- Oty +a"Ty+ " — 5t;£ + 6t ptep (1)
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Here, e, and 6 X, represent the direction cosine and position correction, respectively. c is the speed of
light, 5t is the receiver clock bias, a" and " are mapping functions, and T, I" denote tropospheric
and ionospheric delays. 6N }’ is carrier phase ambiguity, and ¢, &; are Gaussian noise terms. Satellite

clock and relativistic effects are assumed corrected [7].
I"in (1) and (2) can be refined via the DESIGN model:

I" = ay + a; 81 + ay0b + az81% + a, 00 + 1 + ¢; (3)



where g¢; model spatial ionospheric variations, §/ and db are longitudinal and latitudinal differences, r;"
captures temporal variations, and ¢ is noise.
The pseudorange and carrier phase differences are further expressed as:

AP? = ? - \/(xn - xr,k—l)2 + (yn - yr,k—l)2 + (Zn - Zr,k—l)z (4)

A" = P? - \/(xn - xr,k—1)2 + (O — yr,k—l)2 + (2, — Zr,k—1)2 (5)

where (x,, Y, z,) and (x, x—1, Yy k—1, 2 k—1) are satellite and receiver positions.
The PPP-RTK state vector is then:

T
xppp_grk = (6Xp 1t Otgys Sty NI arf') (6)

2.2. 5G Measurement Model

The 5G standard defines downlink Positioning Reference Signals (PRS) for DL-TDOA-based multilater-
ation. Base stations broadcast PRS after receiving assistance data, including their locations. The UE
cross-correlates the received PRS with a local sequence to estimate arrival times and compute DTDOA.
With MIMO antennas, DOA can be estimated using the LAMBDA method.

As signal acquisition is not the focus of this work, technical details are omitted. When the 5G receiver
detects k signals at time m, the 5G measurement model is:

T
Z5G[m] = [6%m, @m: O] = hiG(syn) + n5[m] (7)
Here, 67, = T,’ﬁl — 7} is the time-difference between base stations k and 1. The angles ¢,, and 6,, denote
azimuth and elevation, respectively. nlgG[m] represents measurement noise.
The state vector at time m is:

T
Sm = [Xm: Vi Ams Pns @n] (8)
where X,,,, V,,,, and A,,, are the 3D position, velocity, and acceleration, respectively; p, and ¢, denote

GNSS clock offset and skew.
The nonlinear 5G measurement function is:
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where d,]ﬁ, is the distance to base station k:

d = J(AxE)? + (A2 + (Azh)? (10)

Given low-cost 5G oscillators, clock drift relative to GNSS must be compensated. The clock offset
evolves as:

Pm = Pm—1 + @mdt (11)
Clock skew follows a first-order autoregressive model:
Om =1 Pm-1tém (12)

where 7 is set to 1, and g, ~ A(0, 052) is white Gaussian noise.



3. Proposed Approach

We propose a GNSS-5G hybrid positioning framework leveraging multi-rate fusion, designed to enhance
positioning accuracy and robustness. The framework integrates the following core components:

« Dynamic Motion Model Switching: An adaptive strategy that switches between constant
velocity (CV) and constant acceleration (CA) models based on real-time vehicle dynamics, ensuring
accurate state prediction in varying motion conditions.

+ Distance-Dependent Noise Modeling: A noise adaptation mechanism that adjusts observation
noise covariance in the Kalman filter according to the varying distances between the user and 5G
base stations, improving the reliability of 5G-based measurements.

« Fast Covariance Intersection (FCI) Fusion: An efficient fusion algorithm that combines
GNSS and 5G positioning estimates without requiring iterative optimization, ensuring robust
performance even under partial observability.

Furthermore, we incorporate a multi-rate mode switching mechanism that dynamically selects the
optimal positioning strategy based on the availability and quality of GNSS and 5G signals. This design
ensures consistent, reliable performance across complex urban environments.

3.1. Dynamic Motion Model Switching

We propose a Dynamic Motion Model Switching (DMMS) framework that adaptively switches between
CV and CA models by analyzing velocity and acceleration. The selection rule is:

V- A
CV Model, M
Model Selection = [Vil® + € (13)
CA Model, M >r
[Vinl?® + €
The system state evolves according to:
Sm=A-s,_ 1 +B+W, (14)

where A is selected as either Acy or Aca, depending on the switching rule, and W, is Gaussian process
noise.
The CV model uses a transition matrix Acy that accounts for position, velocity, and clock drift:

I3><3 At'I3><3 0 0
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Here, A models clock bias as in (11), (12). Acceleration changes do not affect velocity or position
updates in this model.
The corresponding process noise covariance matrix Qcy is:

Qy 0 0
Qcv=|0 U 0 (16)
0 0 L

where Qy, U, and L are standard formulations capturing process noise.
Similarly, the CA model uses the transition matrix Aca:

I At-1 %2-1
Aca=l0 1 At-I (17)
0 o0 I



with the process noise covariance matrix Qca defined as:
GUGT o
where G models higher-order motion effects.

This simplified formulation retains key equations and modeling insights while reducing redundancy.
It ensures readability, clarity, and full LaTeX compatibility.

(18)

3.2. Dynamic Noise Covariance Modeling

Observation noise is a critical factor affecting positioning accuracy. Traditional EKF methods typically
assume fixed noise covariance, which neglects variations caused by changes in sensor-target geometry
and environmental conditions. To address this, we incorporate a distance-dependent noise model based
on the Cramér-Rao Lower Bound (CRLB), improving the robustness of 5G-based localization.

At time step m, the 5G measurement noise vector nlgG[m] comprises TDOA and DOA noise compo-
nents, each modeled as independent zero-mean Gaussian variables:

nl',kl ~ ‘/V(Os O—ikl)y n(p,k ~ ‘/V(()’ O-((z)’k)s ng,k -~ /V(O, O.QZ’k) (19)
The CRLBs for TOA and DOA are given by [9, 10, 11, 12]:
2 2
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Signal-to-noise ratio (SNR) is modeled using the path loss model [13]:

1672 .d]‘:PL . 10PsF/10

> (21)
By combining these relationships, we obtain the distance-dependent noise variances for TDOA and
DOA: “ u "
dk PL dk PL dk PL
2 _ 2% 2 _ 2% 2 _ 2%
o = 0of <dr) ., Op =0, <dr> ., 0h =0p <dr> (22)
where d, = 1 is the reference distance.
Thus, the observation noise covariance matrix R is constructed as:
R, 0 0
R=]0 R, 0 (23)
0 0 Ry

This distance-aware model dynamically adjusts measurement noise according to the relative geometry
between the user and 5G base stations, enhancing localization reliability and adaptability under varying
signal conditions.

3.3. FCI-AEKF-based filtering process

5G systems typically rely on GPS as the primary time synchronization source, with synchronization
errors generally within tens of nanoseconds [15]. In real vehicular environments, timing deviations
may be negligible, and thus, this work assumes perfect synchronization for simplicity. In our fusion
framework, the GNSS and 5G measurements are processed in two stages, each at different sampling
rates.

In the first stage of FCI-AEKF, the time index of 5G measurements is defined as:

b=Tpy+) j=1:1, (24)

T =Tp-1+ Ly (25)

where m denotes the GNSS epoch index (starting from 0), and L, = % represents the ratio of 5G and
sat

GNSS sampling rates. This ratio must be an integer.



3.3.1. First Stage of FCI-AEKF

In the first stage, the FCI-AEKF predicts states using 5G TDOA and DOA measurements based on (1),
(3), and (4):
ssoltl = A-siglt—1]1+B (26)

Po[t] = AP [t — 1]AT + Qsqlt] (27)

Here, A and Q depend on the selected motion model. The posterior update follows:

Ksglt] = PogltIHI[t] (Hsolt]Pg[t L[] + R[e]) (28)
siglt] = s5glt] + Ksglt] (Zslt] — hsg (s56lt1)) (29)
P5lt] = (I - KsgltIHsg[t]) Poglt] (30)

where Hss[¢] is the Jacobian matrix of hsg.

3.3.2. Second Step of FCI-AEKF

The second stage uses sz;[t] as the reference position X, and solves the PPP-RTK state via weighted
least squares:

_ -1 _

sppp—rtk[m] = (HsTatRsaltHsat) Hg“atRsaltYSat[m] (31)
_ -1

Pppp-rtk[m] = (HZatRsaltHsat) (32)

To fuse results, FCI combines the 5G and satellite solutions:
_ _ -1
P[m] = (WSG[m]Pscl;[m] + Wsat[m]Psalt[m]) (33)
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The final fused estimate is:

§[m] = wSGP[m]Ps_GI[m]SSG[m] + wsatP[m] s_alt[m]ssat[m] (35)

Here, sg,i[m] = X,,, + 6X,,. The fused estimate s[m] is updated at the satellite sampling rate fg,;.

3.4. Positioning Mode Switching Strategy

To enhance multi-rate GNSS/5G positioning, we propose a dynamic mode switching strategy that
leverages high-rate 5G TDOA/DOA measurements and adapts to variations in GNSS and 5G signal
conditions. The system operates in three modes according to signal availability: (i) GNSS/5G fusion
mode, where 5G predictions are fused with GNSS updates using FCI-AEKF; (ii) 5G-only mode, activated
when fewer than six GNSS satellites are visible; and (iii) PPP-RTK mode, used when fewer than
two line-of-sight (LOS) 5G base stations are available. This adaptive mechanism ensures robust and
continuous positioning across diverse and challenging environments, maintaining high accuracy even
under degraded signal conditions.

The multi-rate switchover scheme for GNSS and 5G hybrid positioning is detailed in Algorithm 1.

Algorithm 1 Multi-rate switchover algorithm for GNSS/5G hybrid positioning

Input: Initial state s[0], GNSS observations, 5G measurements
Output: Fused positioning state §;;;[n]

1: for each GNSS epochn = 1to Ndo

2. Compute RSRP of all base stations



3. Estimate path loss from RSRP and transmit power
4:  Identify the two smallest values PL;, PL,
5. Compare PLy, PL, with threshold Thp; to determine Njg
6: if Njps = 2 then
7: Switch to high-rate MRAKF scheme
8: fori=1to R, do
9: t<—(m—1R,+1i
10: At « 1//135
11: Output posterior estimate §fg[t]
12: end for
13: Output §%4[nR,]
14: Compute fused state §;;,[n] via Eq. (19)-(21)
15:  else if N;pg = 1 then
16: Switch to centralized EKF
17 else
18: Switch to GNSS SPP
190  endif
20: end for

21: return $5,[n] =0

3.5. Results and Discussion
3.5.1. Experiment Setup

To evaluate the proposed FCI-AEKF algorithm, a vehicle-based field experiment was conducted around
the Haidian campus of Beijing Normal University. A GNSS-5G receiver was mounted on a car, and
GNSS measurements were collected at 1 Hz during driving. Distances and angles from simulated 5G
base stations to the user equipment (UE) were computed based on ground-truth positions. Synthetic
noise was then added to emulate realistic 5G measurement errors. Hybrid positioning was performed
by fusing actual GNSS observations with simulated 5G data.

Figure 2: GNSS-5G receiver setup and driving trajectories around the Haidian campus.

3.5.2. Performance Comparison

Fig. 3 shows the positioning error over time for different methods. The proposed FCI-AEKF consistently
maintains low error, demonstrating strong stability. In contrast, tcWLS and PPP-RTK exhibit larger
error fluctuations and occasional peaks, indicating less robustness under challenging conditions.

Fig. 4 presents the cumulative distribution function (CDF) of positioning errors. The FCI-AEKF
achieves the best overall performance, with its CDF curve positioned farthest to the left. TcWLS and
PPP-RTK methods yield higher errors, while RAE and AEKF-R provide intermediate performance.

Table 1 summarizes quantitative results. The FCI-AEKF yields the lowest average error (0.31 m) and
highest probability of 3D error below 1 m (96.47%). In contrast, PPP-RTK exhibits the largest error and
lowest reliability. Other methods, such as RAE and AEKF-R, perform moderately but less consistently
than FCI-AEKF.
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Figure 3: Positioning error over time for FCI-AEKF, RAE, AEKF-R, tcWLS, and PPP-RTK.
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Figure 4: CDF comparison of positioning errors for FCI-AEKF, tcWLS, PPP-RTK, RAE, and AEKF-R.

Table 1

Positioning errors of different methods
Method 5G Rate  Average Error  Probability = Maximum Error

(samples/s) (m) (3D error < 1m) (m)

Proposed FCI-AEKF 10 0.31 96.47% 1.74
tcWLS - 1.21 36.15% 2.52
PPP-RTK - 1.75 12.36% 3.75
RAE 10 0.51 89.97% 2.33
AEKF-R 10 0.84 69.08% 3.56

3.6. Conclusions

This paper presents the FCI-AEKF framework for GNSS/5G hybrid positioning. By fusing high-rate
5G and GNSS data, the algorithm effectively improves positioning accuracy while maintaining low
computational complexity. It also integrates an adaptive motion model switching mechanism and a
distance-based noise model to enhance robustness.

Field experiments confirm that FCI-AEKF outperforms conventional GNSS-5G methods, providing
lower errors and higher reliability, particularly in challenging environments with limited GNSS visibility.

Overall, the proposed FCI-AEKF demonstrates strong potential for improving positioning performance
and system stability in complex real-world scenarios, offering a promising solution for precise GNSS/5G
integration.
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