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Abstract: Fall detection systems have primarily focused on elderly care, with limited attention given to student populations whose 

dynamic and high-intensity activities increase detection complexity. Movements such as running, jumping, and rapid posture 

transitions may generate motion patterns similar to fall events, making accurate discrimination challenging. This paper presents a 

methodological framework for fall detection using wearable Inertial Measurement Unit (IMU) sensors tailored to student 

environments. The proposed framework describes the complete system pipeline, including motion data acquisition from accelerometer 

and gyroscope signals, signal preprocessing, sliding-window segmentation, feature extraction, and classification strategies suitable for 

real-time wearable deployment. Emphasis is placed on computational efficiency and adaptability to highly active users. The study 

provides a structured design foundation for developing student-centered fall detection systems and supports future experimental 

validation and real-world implementation. 
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1. INTRODUCTION 
Falls are a significant safety concern across various 

populations and environments. While fall detection research 

[1-3] has traditionally focused on elderly individuals due to 

their high injury risk, students in schools and universities are 

also exposed to fall-related incidents. Accidental falls may 

occur during sports activities, laboratory sessions, stair 

navigation, crowded campus movement, or sudden physical 

interactions. In some cases, delayed assistance following a fall 

may lead to serious complications. Therefore, developing 

reliable fall detection mechanisms tailored to student 

environments is an important step toward improving campus 

safety. 

Recent advancements in wearable sensing technologies have 

enabled compact, low-cost, and energy-efficient motion 

monitoring systems. Inertial Measurement Units (IMUs) [4-

13], which integrate accelerometers and gyroscopes, are 

widely used for motion analysis due to their portability, 

affordability, and ease of integration into wearable devices 

such as smartwatches, fitness bands, and smartphones. 

Compared to camera-based monitoring systems [14], IMU-

based approaches and advanced technologies [15-28] have 

been applied to improve school life. Most existing fall 

detection systems are designed and optimized for elderly 

users. However, student populations exhibit significantly 

different motion patterns characterized by higher activity 

levels, rapid posture transitions, and dynamic movements 

such as running and jumping. These behaviors generate 

acceleration and angular velocity patterns that may resemble 

fall signals, increasing the difficulty of accurate 

discrimination. Consequently, methodologies developed for 

elderly monitoring cannot be directly applied to student 

environments without adaptation. 

This paper presents a structured methodological framework 

for fall detection using wearable IMU sensors, specifically 

tailored to student activity profiles. The proposed framework 

outlines the complete system pipeline, including motion data 

acquisition, signal preprocessing, feature extraction, and 

classification strategy. Particular emphasis is placed on 

addressing challenges related to high-intensity movements, 

computational efficiency, and real-time wearable deployment. 

Rather than focusing on experimental validation, this study 

aims to provide a clear design foundation and technical 

guideline for implementing IMU-based fall detection systems 

in educational contexts. The framework may serve as a basis 

for future empirical studies, dataset development, and system 

optimization. 

 

2. METHODOLOGY 
The fall detection framework is based on wearable IMU 

sensors for real-time motion monitoring. The system consists 

of four main stages: data acquisition, signal preprocessing, 

feature extraction, and classification. Raw motion signals 

collected from the IMU are first filtered and segmented into 

fixed-length windows. Discriminative features are then 

extracted from each window and fed into a classification 

model that determines whether the observed motion 

corresponds to a fall or a normal daily activity. 

The overall objective of the system is to reliably distinguish 

accidental falls from high-intensity student activities while 

maintaining low computational complexity suitable for 

wearable implementation [29-35]. Motion data are collected 

using an IMU sensor integrating a tri-axial accelerometer and 

a tri-axial gyroscope. The accelerometer measures linear 

acceleration along the x, y, and z axes, while the gyroscope 

measures angular velocity along the same axes. The sensor is 

positioned at the waist, which provides stable and 

representative body motion signals for fall detection. Data are 

sampled at a frequency between 50 Hz and 100 Hz to capture 

rapid motion changes while maintaining energy efficiency. 

To construct a representative dataset for student 

environments, both fall events and non-fall activities are 

recorded. Simulated fall scenarios include forward, backward, 

and lateral falls. Non-fall activities include walking, running, 

sitting, standing, jumping, stair ascent and descent, and 

sudden directional changes. Each activity is repeated multiple 
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times to ensure variability and robustness. All data segments 

are manually labeled during recording. 

Raw IMU signals often contain high-frequency noise and 

minor sensor artifacts. To improve signal quality, a low-pass 

Butterworth filter with a cut-off frequency of 20 Hz is 

applied. This filtering step preserves the frequency 

components associated with human motion while reducing 

unwanted noise. 

To eliminate orientation dependency, the Signal Magnitude 

Vector (SMV) of the acceleration signal is computed as: 

 
 

Similarly, the magnitude of angular velocity is calculated as: 

 
 

The continuous signals are then segmented using a sliding 

window approach. Each window has a duration of 1–2 

seconds with 50% overlap. This approach ensures that 

transient fall events are fully captured within at least one 

window while increasing the number of training samples. 

From each segmented window, statistical and dynamic 

features are extracted in order to characterize motion patterns 

associated with falls and normal activities. 

Time-domain features include the mean, standard deviation, 

variance, maximum and minimum values, root mean square 

(RMS), and peak acceleration. In addition, the Signal 

Magnitude Area (SMA) is calculated as: 

 
 

These features capture intensity, variability, and sudden 

impact characteristics typical of fall events. 

Frequency-domain features are obtained using the Fast 

Fourier Transform (FFT). Spectral energy, dominant 

frequency, and entropy are extracted to distinguish abrupt fall 

signals from periodic activities such as walking or running. 

All features are normalized prior to classification to ensure 

consistent scaling and improved model convergence. 

The extracted features are used to train a supervised binary 

classification model. The dataset is divided into training, 

validation, and testing subsets using a 70–15–15 split. Feature 

normalization is performed using z-score standardization: 

 
 

A machine learning classifier such as Support Vector Machine 

(SVM), Random Forest, or a lightweight Artificial Neural 

Network is trained to distinguish between fall and non-fall 

events. The classifier outputs a binary decision: 

 
 

To reduce false alarms caused by high-intensity student 

activities, temporal consistency checks are applied. A fall 

decision is confirmed only if the classification output remains 

positive within a short consecutive time interval. 

The performance of the proposed system is evaluated using 

standard classification metrics, including accuracy, sensitivity, 

specificity, precision, and F1-score. These metrics are defined 

as: 

 

 

 
 

where TP, TN, FP, and FN denote true positives, true 

negatives, false positives, and false negatives, respectively. 

In addition to classification performance, computational 

latency and suitability for real-time wearable deployment are 

analyzed to ensure practical applicability in student 

environments. 

 

3. CHALLENGES AND FUTURE 

TRENDS 

3.1 Challenges 
Despite the promising performance of IMU-based fall 

detection systems for students, several challenges remain.One 

of the primary challenges is distinguishing actual falls from 

high-intensity voluntary activities. Unlike elderly populations, 

students frequently engage in dynamic movements such as 

running, jumping, rapid turning, sports activities, and abrupt 

posture transitions. These motions often produce acceleration 

peaks similar to fall impacts, which increases the likelihood of 

false positives. Designing algorithms that can robustly 

differentiate between intentional high-impact activities and 

accidental falls remains a critical issue. 

Another challenge is dataset realism and diversity. Many fall 

detection studies rely on simulated falls performed under 

controlled laboratory conditions. However, simulated falls 

may not fully represent real-world fall dynamics in 

spontaneous situations. Additionally, student-specific datasets 

that include diverse body types, movement styles, and activity 

patterns are still limited. The lack of large-scale, publicly 

available datasets tailored to student populations restricts 

model generalization and cross-study comparison. Sensor 

placement variability also affects system performance. IMU 

signals differ significantly depending on whether the sensor is 

placed on the waist, wrist, chest, or integrated into a 

smartphone. In real-world scenarios, students may carry 

devices inconsistently, leading to orientation changes and 

signal variability. Ensuring robustness against placement and 

orientation variations is therefore a major technical challenge. 

Energy efficiency and real-time processing constraints 

represent another limitation. Wearable devices operate with 

limited battery capacity and computational resources. 
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Complex machine learning or deep learning models may 

achieve high accuracy but can introduce latency and increased 

power consumption, reducing practical usability. 

Privacy and user acceptance must also be considered. While 

IMU-based systems are less intrusive than camera-based 

solutions, continuous motion monitoring may still raise 

concerns about data security and personal tracking. Achieving 

an optimal balance between safety, usability, and privacy 

protection is essential for widespread adoption in educational 

environments. 

3.2 Future Trends 
Future research in student-focused fall detection is expected to 

evolve in several directions. One important trend is the 

integration of deep learning techniques. Convolutional Neural 

Networks (CNNs) and Long Short-Term Memory (LSTM) 

networks can automatically learn discriminative features 

directly from raw IMU signals, reducing the need for manual 

feature engineering. Hybrid CNN–LSTM architectures may 

further improve temporal modeling of fall dynamics while 

maintaining robust classification performance. Another 

promising direction is multimodal sensor fusion. Combining 

IMU data with additional sensors such as barometers, 

electromyography (EMG), heart rate monitors, or vision-

based systems could significantly improve detection 

reliability. Sensor fusion techniques can enhance contextual 

awareness and reduce false alarms in complex student activity 

environments. 

Edge computing and TinyML are also emerging as key trends. 

Deploying lightweight neural networks directly on 

microcontrollers enables real-time inference with minimal 

latency and power consumption. Optimized quantized models 

and model compression techniques will play an important role 

in enabling intelligent fall detection on low-resource wearable 

devices.  Personalized and adaptive models represent another 

future direction. Instead of relying on generalized models, 

future systems may use transfer learning or online learning 

techniques to adapt to individual movement patterns. 

Personalized calibration could significantly reduce false 

positives in highly active students. 

Finally, large-scale real-world validation studies are 

necessary. Future research should focus on collecting long-

term data in actual campus environments to evaluate 

robustness, usability, and system reliability outside controlled 

laboratory conditions. Integration with emergency notification 

systems and campus health services may further enhance 

practical impact. 

4. CONCLUSION 

This paper presented a conceptual and methodological 

framework for fall detection in student environments using 

wearable IMU sensors. Unlike traditional fall detection 

systems that primarily focus on elderly populations, this work 

emphasizes the unique movement characteristics of students, 

including high-intensity and dynamic activities that increase 

the complexity of fall discrimination. The proposed 

framework describes a complete system architecture 

consisting of motion data acquisition, signal preprocessing, 

feature extraction, and classification. Special attention is 

given to addressing challenges such as distinguishing 

accidental falls from voluntary high-impact movements, 

ensuring computational efficiency for wearable devices, and 

maintaining real-time operation capability. The methodology 

provides a structured foundation for implementing IMU-based 

fall detection systems tailored to educational settings. 

In addition, the paper highlights key design considerations 

including sensor placement, window segmentation strategies, 

feature selection, and lightweight model development. These 

elements collectively form a practical blueprint for future 

implementation and deployment in smart wearable or 

smartphone-based platforms. Although experimental 

validation is beyond the scope of this study, the presented 

framework establishes a clear basis for future empirical 

evaluation. Subsequent work may focus on dataset 

development, algorithm optimization, real-world testing in 

campus environments, and integration with emergency 

response systems. 

Overall, this study contributes a student-centered perspective 

to IMU-based fall detection research and provides a structured 

methodological foundation for future implementation and 

performance assessment. 
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