Virtual Graph Neural Networks: A Novel Approach for
ding-Agnostic Indoor Positioning Systems
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Challenges

Indoor localizations systems often face the following challenges:

 Network configuration changes lead to performance degradation.

* Lack of generalizability to unseen environment, systems are usually trained and

deployed on the same environment.

 Need additional data collection, retraining or fine-tuning to handle changes in
environment.
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Motivation & Objectives

There is an increasing need for robust and accurate indoor localization
services that are not only precise but are able to adapt to new environments
without additional data collection overhead or model retraining.

We aim to develop a system that can learn environment-invariant features
that are robust to changes in network configuration and can generalize to
unseen environments without additional data collection or model retraining.
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Methodology
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System
DeepFi[2] by 136% and 340% respectively.

Evaluation on Same Building

Evaluation

Evaluation on Unseen Buildings
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Median Error Increases slightly but
consistent performance across buildings.

outperforms WiDeep[1l] and

Conclusion

We proposed a novel approach to indoor localization that can generalize to unseen
environments without additional data collection, retraining or fine-tuning. The system learns
environment invariant features by utilizing virtual representations and Graph WNeural
Networks. The approach outperforms other systems and can generalize to unseen buildings.
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