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Background

e Data cleaning in GNSS position time series analysis is a critical step that can affect
the accuracy and reliability of GNSS position and velocity estimates.

* We know that data quality degradation is a crucial factor affecting the quality of
GNSS position estimates.

* The data quality indicators plots are used to help understanding outliers in the
position time series.

* Therefore, we need to develop a new algorithm which can automatically identify
degraded GNSS quality that cause outliers in position time series.
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How to achieve the goal?

We investigated the correlations between daily GNSS data quality
indicators and daily position estimates

GNSS data quality indicator

Observed/Expected GPS Observations
ACOROOESP - ROB-EUREF data node

GNSS position time series

Detrended GNSS Position Time Series
ACOROOESP - C2190
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a suitable data-driven model based on the correlation between data quality indicators and position time series
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GNSS Data Quality Indicators

Number of GPS Cycle Slips
ACOROOESP - ROB-EUREF data node
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GNSS Data Quality Indicators

Observed/Expected GPS Observations Number of Satellites Number of GPS Cycle Slips
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Correlation between GNSS Ql
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Supervised Machine Learning

Observed/Expected GPS Observations Detrended GNSS Position Time Series
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Obs/Exp observations (2+freq) *  Number of satellites
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* Lowest elevation cut-off observed *  Number of cycle slips
*  Missing epochs

Random Forest
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Random Forest

Input

* A supervised learning
algorithm consisting of many
decision trees

Subsample 1 Subsample 2 Subsample n

Tree 1 Tree 2 Treen
O - () 0 * Choosing random subsample
s & & - < e s o . from the input
* Building several trees based
Prediction 1 Prediction 2 Prediction n on each su bsample

e Combining the results of all
decision trees to get

Majority - Vioting prediction

Prediction
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Observed/Expected GPS Observations
ACOROOQESP - ROB-EUREF data node
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Feature Selection
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Assessment

No significant impact:
* Eliminating features that are less important (Number of Satellites)

* Changing the size of the training vs. test datasets (using random selection)
* Training different group of stations

The model is consistent
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Evaluate the prediction (Work in Progress)

Residual Position Time Series SHAP force plot (MOPI: 2021-05-03)
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Summary

v’ Most important parameters driving our model:
- ‘Observed vs expected observations (2+freq)’
- ‘maximum observations’
- ‘cycle slips’

v’ Based on current tests:
* Training on different sizes of training and test datasets had no significant impact
* Training on different groups of stations had no significant impact

v’ Based on current evaluation:

The model can detect the degraded GNSS quality, however it is not good enough to identify
possible outliers in position time series =2 Under investigation
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Future work

* To label the position time series into multi-class category
* To investigate using different datasets (NGL, IGS, or our solution)

 To use GNSS Qls that are not available for whole time series? (Multi-GNSS,
Multipath values, and SNR values)
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Thank You

Contact: fikri.oamahry@oma.be
GNSS Team ROB



Changing the size of the training vs. test datasets

Iteration number

1 2 3 k-1 k

v

Fold number

********* Bamahry et al. — Using Machine Learning Algorithms for Automated Data Cleaning of GNSS Position Time Series Based on Data Quality Indicators 16



	Slide 1: Using Machine Learning Algorithms for  Automated Data Cleaning of GNSS Position Time Series  Based on Data Quality Indicators
	Slide 2: Background
	Slide 3: How to achieve the goal?
	Slide 4: GNSS Data Quality Indicators
	Slide 5: GNSS Data Quality Indicators
	Slide 6: Correlation between GNSS QI
	Slide 7: Supervised Machine Learning 
	Slide 8: Random Forest
	Slide 9
	Slide 10: Feature Selection
	Slide 11: Assessment
	Slide 12: Evaluate the prediction (Work in Progress)
	Slide 13: Summary
	Slide 14: Future work
	Slide 15: Thank You
	Slide 16: Changing the size of the training vs. test datasets

