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4: Learn with the loss function of Eq. ()
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ABSTRACT

Machine learning based indoor Localization using Wifi

and Inertial Sensors

Chanyeong Ju

Department of Future Convergence
Technology Engineering

Graduate School of

Sungshin University

With the advancement of smartphones and the increasing prevalence of
location—based services (LBS), the demand for positioning technologies in
indoor environments, where traditional Global Navigation Satellite System
(GNSS) signals may not reach, has risen significantly. Various wireless
technologies such as bluetooth low energy (BLE), ultra-wideband (UWB),
and Wifi have been explored for indoor positioning. Due to the widespread
installation of Wifi access point (AP) in the majority of indoor buildings,
Wifi received signal strength indicator (RSSI) fingerprint data is considered
an important sensor data type. However, the process of labeling fingerprint
data, consisting of Wifi RSSI measurements and their corresponding

locations, involves significant effort and time due to the need for manual
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annotation of reference points.

In this paper proposes a learning technique for Wifi RSSI-based
positioning model without actual location data to overcome the limitations
of constructing static fingerprint databases. Pseudo positions are computed
using inertial measurements unit (IMU) data instead of real location data.
The geometric relationships between these pseudo positions are modeled as
the objective function for deep learning training, enabling the
implementation of learning without initial position and absolute orientation
information. Enabling a simple way to collect data while walking with a
smartphone significantly improves data collection efficiency.

In many modern buildings such as schools, subways, and department
stores, Wifi AP are commonly installed. However, spaces lacking
infrastructure, such as construction sites and logistics warehouses, may not
have a sufficient number of Wifi AP for positioning. In this paper, we
propose the installation of BLE beacons in WiFi signal shadow areas. By
integrating BLE RSSI with Wifi RSSI, we aim to minimize positioning
shadow areas and enhance performance.

The proposed learning technique is tested in the 4th floor of Sungshin
Women's University’s Sujeong Hall and the 1st floor of COEX. The paper
demonstrates that the output distribution of the model trained with the
proposed method can be mapped onto the actual map. The accuracy of the
positioning model trained with the proposed method is compared with
fingerprint-based positioning. Additionally, the fusion of AI-IMU estimation
and Wifi RSSI estimation through particle filtering exhibits trajectory

similarity with actual movement trajectories. Furthermore, we validated the
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integrated Wifi and BLE RSSI model in a warehouse and confirmed

performance improvement through the integration of each wireless signal.
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