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Abstract. The misplacement and inefficient tracking of Portable Medical De-
vices (PMDs) represent a persistent operational challenge in hospital environ-
ments, leading to delays in care delivery and increased burden on medical staff.
This paper presents MedTracker, an indoor localization tool based on Bluetooth
Low Energy (BLE), designed for real-time asset tracking in healthcare facilities.
The system employs BLE tags attached to monitored devices and strategically
deployed ESP32-based gateways that forward signal data to a central server. By
combining BLE signals and filtering techniques with machine learning classifi-
cation and clustering algorithms, MedTracker is capable of inferring room- and
floor-level device location, as well as detecting location changes over time. The
proposed tool was motivated by practical demands observed at a public univer-
sity hospital and validated through experimental evaluation, demonstrating its
effectiveness as a scalable and deployable solution for hospital asset manage-
ment.

1. Introduction
The growing complexity of hospital environments, combined with the increasing number
of medical devices in operation, has intensified the challenges associated with asset man-
agement and equipment localization. Traditional inventory systems, based on manual up-
dates, have been proven to be inadequate for real-time control in high-demand scenarios,
as evidenced during the COVID-19 pandemic, when failures in ventilator management
and monitoring equipment negatively affected healthcare systems [Barach et al. 2020],
[Sharma et al. 2021].

While real-time tracking systems offer a clear solution, the high costs of deploy-
ment often make it prohibitive to monitor every Portable Medical Device (PMD) in a
hospital setting. Traditional solutions, such as those based on standard Wi-Fi, Ultra-Wide
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Band (UWB), or RFID, typically require the installation of complex and costly fixed gate-
ways or base stations throughout the hospital’s infrastructure to receive localization data
[Zafari et al. 2019, Aziz and Koo 2025]. Consequently, these traditional Real Time Lo-
calization Systems (RTLS) architectures struggle to adapt effectively to large-scale hos-
pital scenarios without incurring massive financial and operational burdens.

To address these challenges, this work proposes a low-cost indoor localization
system based on Bluetooth Low Energy (BLE). The architecture relies on strategically
deploying fixed gateways, built with ESP32 microcontrollers, across hospital rooms and
corridors, while standard BLE tags are attached to the PMDs requiring real-time moni-
toring. These gateways continuously collect signal information broadcast by the tags and
forward it to a central server, which maintains a mapping between tags and their corre-
sponding monitored devices. By leveraging this signal data with machine learning-based
classification and clustering algorithms, the server is capable of inferring the location of
each device within the hospital premises. Importantly, the system does not aim to deter-
mine precise geographic coordinates, as in GPS-based solutions; rather, it focuses on two
clinically relevant localization objectives: (i) identifying the room or floor where a given
device is currently located, and (ii) detecting whether a monitored device has undergone
a change in location.

In this context, MedTracker addresses a practical demand observed at the Hospital
Universitário Cassiano Antônio Moraes (HUCAM/Ufes), a public university healthcare
facility that encounters persistent difficulties in tracking portable medical devices across
its premises. The absence of a robust indoor localization framework leads to significant
delays, increases the operational burden on medical staff, and reduces overall visibility
regarding asset distribution.

MedTracker aims to bridge this gap, offering a robust framework for real-time
tracking that reduces the burden on medical staff and optimizes resource distribution. The
main contributions are:

• Low-cost Infrastructure: Utilization of standard hardware to reduce the financial
barrier for public healthcare asset management;

• Real-time Monitoring: Continuous and reliable tracking of Portable Medical
Devices (PMDs) to significantly reduce equipment search times, alleviate the op-
erational burden on healthcare staff, and optimize clinical workflows;

• Robust Localization Mechanism: Implementation of RSSI filtering and process-
ing techniques designed to mitigate severe signal interference caused by typical
hospital obstacles.

The rest of this paper is structured as follows: Section 2 presents the system ar-
chitecture and implementation of the localization algorithm. Section 3 describes the ex-
perimental results from practical use cases. Section 4 provides links for the MedTracker
documentation and download, while Section 5 concludes this paper with future work and
extensions.

2. MedTracker Design and Implementation

The MedTracker is a low-cost BLE RSSI-based indoor localization system designed to
use centralized data processing and machine learning-based classification and clustering
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algorithms running inside a Docker environment, using strategically deployed ESP32-
based gateways distributed across the hospital as a sensing network. The system architec-
ture is detailed in the following subsections.

2.1. System Architecture

Figure 1. MedTracker system architecture illustrating the data flow from BLE tags
through ESP32 gateways to the centralized inference server.

Inspired by modern IoT topologies, the system operates through a continuous
pipeline of signal acquisition, edge-level filtering, and centralized processing and ma-
chine learning inference. To facilitate the deployment of the system in public healthcare
facilities, the entire ecosystem relies on certified, commercially available hardware and
open-source communication protocols. Figure 1 illustrates the data flow and main com-
ponents of the architecture, which is divided into the hardware-centric system architecture
and the containerized software infrastructure.

2.2. Hardware Infrastructure

The hardware infrastructure of the proposed system consists of a distributed set of fixed
Bluetooth Low Energy (BLE) scanning nodes and mobile BLE tags attached to the as-
sets being monitored. Figure 2 shows the fixed nodes implemented using ESP32-S3-
WROOM-1 microcontroller boards that have Wi-Fi and BLE capabilities at low cost.
Each node runs the open-source ESPresense firmware, configuring the device as a dedi-
cated BLE scanner. [ESPresense Project 2024]. This setup provides a scalable and cost-
effective localization infrastructure, reducing the financial barriers associated with spe-
cialized indoor positioning hardware.

This approach is particularly suited for large-scale healthcare environments such
as the HUCAM, where the distributed topology of the scanning nodes helps mitigate sig-
nal degradation in these kinds of premises. In the proposed framework, mobile assets are
equipped with heterogeneous BLE tags, such as Apple AirTag, Samsung SmartTag, and
standard Meatek BLE tags, which periodically broadcast connectionless advertisement
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Figure 2. 3D-printed enclosure for the MedTracker node, showing the assembled
case (left) and the internal ESP32-S3 module (right).

packets. These packets contain unique identifiers that allow the system to distinguish and
track multiple tags simultaneously.

The ESP32 nodes passively scan the surrounding radio environment and capture
these advertisement packets, extracting the Received Signal Strength Indicator (RSSI)
associated with each transmission. In the context of indoor localization, the RSSI metric is
commonly used as a parameter to infer the relative proximity and spatial distance between
the mobile transmitter and the fixed receiving node.

However, RSSI measurements in indoor environments are often affected by multi-
path propagation and signal attenuation caused by walls, equipment, and other obstacles,
especially in high-traffic environments such as hospitals. These effects introduce signifi-
cant fluctuations in the raw RSSI values. To address these inaccuracies, the ESPresence
firmware processes the incoming RSSI data using a Kalman filter combined with a me-
dian filtering approach [ESPresense Project 2024, Zhou et al. 2017]. This approach sup-
presses abrupt signal variations and discards outliers, resulting in the stable observations
necessary for accurate localization in dense, interference-heavy environments.

Once filtered, the BLE data is transmitted via the Message Queuing Telemetry
Transport (MQTT) protocol. In this architecture, each node operates as an MQTT client,
publishing real-time payloads containing the tag’s unique identifier, the node’s ID, and the
smoothed RSSI value to a central MQTT broker. These data streams serve as the primary
input for the MedTracker software platform, which processes the telemetry to perform the
final indoor localization of the tracked assets.

2.3. Software Infrastructure

The MedTracker software architecture, presented in Figure 3, provides an overview of the
software modules, their connections, and the corresponding data flow between them.

Input: The software pipeline receives two primary Comma Separated Values
(CSV) datasets as input (in violet in Figure 3) and is used for model training. The first
dataset consists of raw Bluetooth Low Energy (BLE) telemetry logs acquired via MQTT,
which include timestamps, receiver node identifiers, and payload metrics such as Re-
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