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Introduction

◼ Integer-ambiguity resolution-enabled PPP (Wübbena et al. 2005 & Teunissen 2020)

PPP-RTK technical flow PPP-RTK architecture 

Usually, Network-side ambiguity fixing directly affects the quality of the products. 3



Introduction

...

◼ The number of ambiguities keeps increasing with multi-GNSS/multi-frequency data

• Multi-GNSS and multi-frequency observations rapidly increase the ambiguity dimension

• High-dimensional ambiguity resolution (HDAR) bottlenecks in real-time network processing

Ambiguity covariance matrix
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Introduction

Estimator Advantage Limitation

IR Computationally efficient Neglect ambiguity correlations

IB Fast sequential estimation Conditional wrong fixes propagate

ILS-FAR Optimal (Success Rate) Search cost grows rapidly with dimension

ILS-PAR High SR for subset Discards remaining integer information

BIE Optimal (Mean Squared Error) Prohibitive cost for high dimensions

RT-based IA Rejects unreliable fixes No failure-rate control

FFRT-based IA Controls failure rate Model-dependent threshold

◼ Commonly Used Ambiguity Estimators 

Challenging to balance efficiency and accuracy 5
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Methods

Vectorial Integer Bootstrapping framework (Teunissen et al. 2021)

Float ambiguity solution

Partition into blocks
 

Sequential conditional estimation

Block-wise integer estimation

VIB fixed ambiguities
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ො𝑎 = ...ො𝑎1 ො𝑎2 ො𝑎𝑣

𝑛1 𝑛2 𝑛𝑣

estimators can be chosen block by block

Performance

𝑄 ො𝑎 ො𝑎 ∈ ℝ𝑛
𝑎ු𝑖 = ℐ𝑖 ො𝑎𝑖∣𝐼 , ℐ𝑖: ℝ𝑛 ↦ ℤ𝑛
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Methods

Hierarchical Ambiguity Resolution

ILS estimation
◼ One estimator for the full 

ambiguity vector

◼ Different (classes of) 

estimators for subsets with 

different precision levels

(Dashed lines: sub-block boundaries)

IA estimators are not considered here, as their inclusion would require redesigning the sequential conditional estimation framework.
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Methods

VIB-HAR Workflow

The thresholds are flexible and can be adapted to 

different applications

𝑃𝑠 =
def

𝑃 Ƽ𝑧 = 𝑧
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𝑃𝑘
IB =

def
𝑃𝑠

IB Ƹ𝑧Ω𝑘
, 𝑘 = 1,2,3,4

Ω1 = 1 … 𝑛1 , 𝑃1
IB ≥ 𝑃th,1,

Ω2 = 𝑛1 + 1 … 𝑛2 , 𝑃2
IB ≥ 𝑃th,2,

Ω3 = 𝑛2 + 1 … 𝑛3 , 𝑃3
IB ≥ 𝑃th,3,

Ω4 = 𝑛3 + 1 … 𝑛 .
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Distribution of network and user stations

◼ Data and experiment design

◼ 19 stations, one-week data (DOY210-216)

◼ Network side: 15

◼ User side: 4

◼ Sampling rate: 30 s / 1 s

◼ Observations: G/E/C dual-frequency

◼ re-start every hour

◼ Network-side experiment groups:

◼ Float

◼ IR and IB

◼ ILS-FAR & ILS-PAR (with 99% SR threshold)

◼ VIB-HAR

Experiments
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◼ Network computational efficiency

Ambiguities dimensionality

~350 dimensions
~13× faster than ILS-FAR

Consumed time

Results
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◼ Network products

Results

AR methods differ mainly during filter initialization

◼ Hourly re-starts: 168 one-hour windows over 7 
days

◼ Initial product differences reach the dm-to-m 

level

◼ The combined corrections become consistent 

once the network filter reaches a steady state
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Results

◼ User positioning: convergence time (95-percentile)

◼ Hourly re-start: 168 samples over 7 days

◼ Convergence is achieved when the 3D 

error remains below 10 cm for at least 10 

min

◼ Achieves, in average, the shortest 

convergence time of around 3 minutes
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◼ User positioning: precision

Results

smaller errors with higher efficiency Overall accuracy: VIB-HAR ≈ ILS-FAR
15



Results

◼ Summary

Shorter mean convergence time Quasi-optimal positioning accuracy
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Conclusions

◼ Different (classes of) estimator according 
to ambiguity reliability.

◼ It exploits moderate-reliability ambiguities 
that conventional PAR may discard.

◼ VIB-HAR achieves a trade-off between 
computational efficiency and solution 
accuracy
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Thank you！

Yishi  Wang
wangyishi@apm.ac.cn
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