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Abstract. In modern fitness environments, accurate tracking of user ac-
tivity and identification poses significant challenges due to the dynamic
nature of gym settings. This project introduces an innovative system
that uses RFID for entry/exit tracking and OSNet-based deep learning
for robust, real-time re-identification of a person. The system incorpo-
rates a custom-designed wearable device with IMU sensors and machine
learning algorithms to monitor and analyze exercises with high accuracy
and minimal user intervention. A key design principle of this system is
seamless usability, prioritizing minimal disruption to the user’s work-
out flow. Once checked in via RFID, users are passively tracked across
stations without requiring further action, allowing them to focus solely
on their exercise routines. Each station operates independently, using
a sequence of motion detection, re-identification, and exercise-specific
analysis, while multi-threading enables simultaneous monitoring across
multiple stations. The system employs a dual-modality approach, com-
bining data from IMU sensors on a wrist-worn device with video-based
pose estimation to accurately track user movements and exercise form.
This complementary setup ensures robustness, compensating for limi-
tations in each modality—for example, addressing occlusions in video
or stationary poses undetectable by IMU. Together, these data streams
allow for precise repetition counting and detailed movement analysis,
making the system adaptable to diverse exercise types and enhancing
the accuracy and reliability of real-time exercise monitoring.
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1 Introduction

In recent years, technology has become increasingly important in fitness envi-
ronments, where accurate tracking of user activity and identification is critical
to enhancing the user experience, ensuring safety and improving fitness out-
comes [1]. However, the dynamic nature of the gym environment presents unique
challenges for tracking solutions, with factors such as variable user movement,
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crowded spaces, and high equipment usage making accurate identification diffi-
cult [2]. Traditional methods, such as manual check-ins or device-based tracking,
often lack the accuracy, automation, and non-intrusive design required for real-
time exercise monitoring. This creates a need for a more sophisticated, passive
tracking system that allows users to focus solely on their workout.

Existing solutions in fitness centers include biometric systems, device-based
tracking, and manual check-ins, all of which have limitations. Biometric sys-
tems can require additional user input, disrupting the flow of the workout, while
manual check-ins are prone to user error and lack automation. Wearable devices,
while useful for tracking certain activities, often require interaction or provide
limited insight into the workout. These limitations highlight the need for a user-
centered system that is adaptable, accurate, and minimizes user intervention[3].

In conducting this study, a review of the literature on real-time, multi-user
tracking in gym environments was conducted, which revealed limited research
in this area. The GymCam study provides a valuable foundation while the lit-
erature on real-time, multi-user tracking in gym environments remains limited
[4]. GymCam introduces a camera-based system that autonomously detects and
tracks exercises, overcoming challenges such as occlusion and variable lighting
by focusing on equipment motion rather than directly on users. This approach
demonstrates the potential for non-invasive, scalable exercise tracking in complex
gym environments. Similarly, ProxiFit introduces proximity magnetic sensing as
an innovative method for holistic strength exercise monitoring using a single mo-
bile device, further highlighting the potential for passive, user-centric tracking
solutions [5]. This approach uses mobile sensing to accurately capture exercise
details, highlighting the value of minimally intrusive monitoring in fitness set-
tings. Our project builds on these ideas by advancing user-centric identification
and tracking through a combination of Radio Frequency Identification (RFID),
Inertial Measurement Unit (IMU) sensors, and re-identification models.

Building on these concepts, our project aims to advance user-centric iden-
tification and exercise tracking through a novel system that combines RFID-
based check-in, Omni-Scale Network (OSNet) based deep learning for real-time
re-identification, and a dual-modality approach using both IMU sensors (accel-
eration and angular velocity) and computer vision. By integrating IMU data
from a wrist-worn device with video-based pose estimation, this system achieves
high accuracy and adaptability across different exercise types, ensuring seam-
less, non-intrusive monitoring and increasing the reliability of exercise tracking
for gym users.

The project is structured around three core components, each of which con-
tributes distinct strengths. First, it prioritizes non-intrusive tracking by mini-
mizing user intervention, allowing users to focus on their exercise. Second, each
exercise station operates independently with a multi-threaded structure, allow-
ing multiple stations to be monitored simultaneously. The system also leverages
OSNet’s multi-scale architecture for robust re-identification, capturing subtle
visual cues to distinguish between users with similar appearances. Finally, the
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dual-modality approach combines IMU and pose estimation data to provide de-
tailed motion tracking for a wide range of activities.

2 Method

The system architecture and methodologies for accurate exercise tracking and
user identification in gym environments are described in detail in this section.

2.1 System Overview

Our exercise tracking and user identification system is designed to improve the
user experience and the management of the gym by providing seamless identifi-
cation, tracking and data analysis - all with a minimum of user intervention. We
ensure that users can focus on their workout without interruption or distraction.
We prioritize ease of use and seamless integration into the gym environment. The
overall structure of the system is shown in Fig 1, which provides a comprehensive
view of its components and functionalities.

System Block Diagram
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information via
Bluetaoth

Action Recognition send exercise

tracking results

Feature Extraction Database
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Fig. 1: System Block Diagram

The system is composed of several key components that work together to
provide real-time exercise tracking and user identification. It includes four main
modules for effective monitoring: First, users begin their session by scanning an
RFID tag, allowing the system to recognize them without further input. Next,
the Feature Extraction and Re-identification (Re-ID) module uses OSNet to cap-
ture and store the user’s visual characteristics, enabling re-identification as they
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move between stations. Each exercise station, monitored by a fixed camera, op-
erates independently following a customized exercise recognition flow based on
station type. Users also wear a wristband equipped with IMU sensors and Blue-
tooth Low Energy (BLE) functionality, which continuously transmits motion
data to the central system for real-time analysis. The system utilizes a multi-
threaded architecture, allowing each station to function as a separate thread,
enabling efficient, simultaneous monitoring without bottlenecks, as shown in
Fig. 2. At each station, motion is detected by a camera that continuously com-
pares the current frame with a reference frame, periodically updated to adapt to
lighting or environmental changes. When motion is detected, the re-identification
module periodically confirms the presence of a registered user, minimizing the
risk of misidentification due to transient movement, such as bystanders passing
by. Once the user is confirmed, the system tracks their movements by wearable
IMU device and camera-based pose estimation, applying specialized algorithms
to accurately count repetitions.

Are Results
Consistent

Collect Data

-

Fig. 2: Flowchart Detailing the Station-Based Process

2.2 User Identification

The User Identification component is designed to track users seamlessly from
their initial check-in at the gym entrance through to activity tracking across
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exercise stations. This process is initiated by RFID scanning, followed by feature
extraction using a deep learning model, and finally, re-identification at each
station.

The RFID check-in process begins with users scanning their RFID tag at the
gym entrance, triggering a feature extraction process to capture a unique visual
representation for identification throughout their session. This initial check-in
links the user’s appearance to their RFID tag. This enables seamless tracking as
they move between exercise stations.

For feature extraction and re-identification, the system uses OSNet, a pre-
trained deep learning model. OSNet processes an image of the user and generates
a (512,)-dimensional feature vector that captures subtle, unique patterns, such
as specific textures or logos on clothing. OSNet’s multi-scale design allows it
to recognise fine-grained detail, which is critical for accurate identification in
environments where users may have a visually similar appearance [6].

Once extracted, each user’s feature vector is stored with their session data.
At each training station, real-time images from the station’s cameras are com-
pared to the stored vectors using cosine similarity to ensure correct identification
when users begin training. This re-identification process is activated on motion
detection and runs periodically to avoid false positives from transient movement,
and only recognizes registered users.

To deal with temporary visual obstructions, the system includes a retry mech-
anism that continues re-identification attempts until a match is confirmed or the
movement ends. This mechanism increases the resilience of the system, providing
accurate, uninterrupted tracking even in the dynamic environment of the gym.

2.3 Embedded System and Electronics

This system is based on an STM32 microcontroller designed to manage power ef-
ficiently and transmit motion data in real time. The microcontroller collects data
from an MPU6050 motion sensor at 100 Hz and transmits it via a BLE module
to connected devices. Power management is supported by an STC3100 battery
monitoring IC, which continuously tracks battery voltage and current via 12C
to optimize energy usage. A voltage regulator supplies a stable 3.3V to system
components, while a charging IC manages the battery safely by disconnecting
the battery during charging and displaying charging status through LED indi-
cators. This integrated design enables reliable power supply and efficient data
communication, well-suited for portable applications requiring mobility and con-
nectivity[7],[8].

2.4 Exercise Repetition Counting

The integration of camera-based 2D pose estimation and IMU sensor data im-
proves the accuracy of repetition counting. By synchronizing and analyzing data
from both sources, this combined approach feeds into motion analysis algorithms
for optimal results. This dual-source validation improves overall system perfor-
mance by combining comprehensive body exercise tracking from visual data with
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precise detection of rapid wrist movements from IMU sensors. The system has
been tested on common exercises such as squats, biceps curls, leg curls, bench
presses and shoulder presses to evaluate different motion dynamics.

2.5 2D Pose Estimation

In this project, MediaPipe was used to monitor and analyze user exercise during
training sessions. MediaPipe, developed in the TensorFlow framework, uses a
pre-trained Convolutional Neural Network (CNN) model capable of extracting
the 2D coordinates of 34 body landmarks in real time [9]. This system has been
shown to be highly effective in detecting and evaluating large joint movements.

We evaluated several options for the project’s hardware environment to de-
termine the optimal pose estimation model. The models tested included Me-
diaPipe, OpenPose, and PoseNet. The performance metrics are summarized in
Table 1, which compares FPS, confidence scores, and number of body key points
detected.

Table 1: Comparison of Pose Models

Pose Model| FPS|Confidence Score (0-1) Body Keypoint Number
MediaPipe[9] [29.68 0.94 34
Openpose[10](10.22 0.98 25
PoseNet[10] |29.34 0.86 17

During the analysis phase, calculated angles between key body landmarks
are used to identify the start and end of each movement. Angles are calculated
using trigonometric functions to ensure accurate detection. The angle between
two vectors formed by three body landmarks is calculated using Equation 1.

[ (HEIIHVVH> (1)

Where u and v are the vectors formed by three body landmarks, 6 is the angle
between them, u- v is their dot product, and |Ju|| and ||v|| are their magnitudes.
This angle calculation helps to identify key phases, such as the start and end
of repetitions, which allows for precise tracking of exercise form. By prioritizing
landmarks with high confidence scores, the algorithm adapts to different poses,
providing accurate repetition counts in real time.

2.6 IMU Data Processing

IMU data processing plays a critical role in accurately tracking motion during
exercise by analyzing continuous accelerometer and gyroscope measurements.
The raw motion data collected by the IMU undergoes a number of processing
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steps to ensure data quality. First, normalization is applied to bring the data
into a consistent scale, making it suitable for further analysis. Noise reduction
is then performed using Kalman and moving average filters, which stabilize the
signal and highlight meaningful patterns by minimizing fluctuations.

After pre-processing, peak detection is used to count repetitions. This in-
volves identifying distinct peaks in the processed signal that correspond to
specific phases of each exercise movement. An adaptive threshold technique is
used to distinguish true peaks from background noise, dynamically adapting to
the characteristics of the signal. Through the reliable detection of these peaks,
the system can accurately count repetitions and thus support accurate training
tracking across a range of movement types.

2.7 Hybrid Approach

This hybrid method uses both pose estimation and IMU data, dynamically se-
lecting which data source to prioritize based on pose confidence scores and the
type of movement captured by the IMU. If the confidence of the pose estima-
tion is high, it serves as the primary source for the repetition count, while the
IMU data acts as a validation layer, reinforcing the accuracy. Conversely, when
the pose data encounters challenges (such as occlusions or variable lighting), the
IMU data takes precedence and captures accurate motion dynamics.

In cases where both data sources are stable and reliable, the system chooses
to count repetitions using one source and use the other for verification only.
This method effectively balances computational efficiency and accuracy, ensuring
reliable repetition counting across different exercise types.

2.8 Mobile App Integration

The mobile interface for the application is designed to provide users with feed-
back on their workouts in a simple and intuitive manner. Upon logging in, the
user is welcomed to the app and presented with two main options: ”Start a
Workout” and ”View Results.” When a workout is completed, the application
records essential details, including the type of exercise, the number of repetitions,
the duration, and the date and time of the session. This data is then accessi-
ble through the ”View Results” section, where each exercise entry is displayed
with relevant information, allowing users to easily track their progress over time.
This user-friendly design enables individuals to monitor their performance and
progress.

3 Results

The performance of the exercise tracking and user identification system was
evaluated based on counting accuracy, re-identification reliability, and the design
of the wearable wristband.



222 R. Giirsoy et al.

The data set used for training and evaluation was collected in real time from
10 participants, each performing 20 repetitions for five different exercise types:
squats, biceps curls, leg curls, bench presses, and shoulder presses. This setup
resulted in a total of 1,000 data samples (10 participants x 5 exercises x 20
repetitions).

The system demonstrated high accuracy in movement counting and reliable
re-identification of users, as shown in Table 2. By combining IMU data with
2D pose estimation, it achieved 94.5% accuracy in repetition counting, with re-
duced error rates — 4.2% false positives and 5.3% false negatives — even under
challenging conditions such as occlusion or rapid movement. OSNet-based re-
identification was equally effective, achieving 96.2% accuracy with a low false
positive rate of 3.8%, maintaining reliability in crowded or low-light environ-
ments.

Table 2: Evaluation Results for Different Methods in Repetition Counting

Method Accuracy (%)|False Positive Rate (%)|False Negative Rate (%)
IMU-Only 89.3 8.7 11.2
Pose Estimation-Only 91.5 6.3 9.8
Hybrid Approach 94.5 4.2 5.3

The wristband, as illustrated in Fig. 3, is designed with ergonomic consider-
ations to ensure user comfort and stable sensor placement during exercise. The
PCB layout is shown in Fig. 3a, and the exploded view of assembly is presented
in Fig. 3b, providing an overview of the internal configuration. Fig. 3c displays
the internal circuitry, which includes a motion sensor that maintains an average
transmission rate of 60 Hz despite occasional errors. The external design, shown
in Fig. 3d, ensures a secure and comfortable fit throughout use.

(b)

(d)

Fig. 3: Wristband design and components: (a) PCB layout, (b) exploded view of
assembly, (c) internal components, and (d) wristband design.
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4 Discussion

This study introduces a non-intrusive, dual-modality system for exercise tracking
and user identification, addressing the dynamic challenges of gym environments.
By combining RFID check-ins, OSNet-based re-identification, and IMU data
with video-based pose estimation, the system enables seamless, adaptive tracking
across multiple users and stations. A key strength is its user-centered design,
which minimizes user interaction and allows uninterrupted workouts.

Unlike traditional methods, the proposed hybrid model combines IMU data
with visual pose estimation to improve accuracy and reliability in multi-user
environments. With a synchronized, multi-threaded architecture, the system fa-
cilitates real-time tracking across multiple stations, overcoming the limitations
of single-modality approaches.

Currently, repetition counting relies on an adaptive threshold for IMU data
and basic angle analysis for pose estimation, avoiding the need for supervised
machine learning, which requires extensive labeled data. Incorporating more
advanced machine learning models in the future could improve accuracy. Addi-
tionally, the system’s passive data collection of IMU and pose data provides a
foundation for future training and adaptation.

One limitation is the system’s reliance on visual cues for re-identification.
Significant changes in a user’s appearance, such as removing a layer of clothing,
may affect re-identification accuracy. Addressing this would require a compre-
hensive dataset; however, as the system automatically collects data over time,
this data could be used to train improved re-identification models.

Despite these strengths, there are areas for further optimization. The system
currently transmits raw IMU data at 60 Hz due to issues in processing and com-
munication efficiency. By optimizing data preprocessing and transfer methods,
the intended rate of 100 Hz can be achieved, enhancing responsiveness and ac-
curacy. Additionally, while the electronic components, such as the STC3100 and
STBCO8PMR, provide reliable power management, enabling the BLE module
to enter a low-power sleep mode during inactivity could further extend battery
life, ensuring reliable long-term operation.

5 Conclusion

Real-time exercise tracking and user identification in gyms has been successfully
addressed in this project. The integration of advanced models and hardware
ensures accurate feedback and seamless operation, with all systems working in
sync. This work paves the way for future innovations in fitness technology, em-
phasizing adaptability and user-centric design.
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