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Abstract

This study proposes a fall detection method combining data quality management and lightweight machine learning
to address the frequent problem of falls in an aging society and industrial environments. While existing
CNN-LSTM-based research achieved high accuracy, it struggled to meet real-time processing and low-power
requirements. Therefore, this study newly designed a Double-stage Data Cleansing procedure that combines
Mahalanobis distance-based outlier removal and ensemble confidence-based low-confidence sample removal. Through
this process, 57,638 high-quality samples were secured from an initial 89,953. This enabled lightweight models such
as MLP, XGBoost, RandomForest, and SVM to achieve 94-96% Accuracy and an Fl-score of 96% without relying
on complex deep learning. In particular, the XGBoost model achieved an average inference latency of 0.3157 ms (=
3,168 Hz), which exceeds IMU sensor frequencies (100 -41Hz), thus demonstrating its capability for real-time
processing and high practicality.
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Table 2. List of adl (activities of daily living) and fall-like
activities performed by older adult participants
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Table 4. Lightweight machine leaming training experiment
results

Model Acc. F1. Rec. Prec.
SVM_RBF 9598 | 9561 | 9304 | 98.33
RF 9431 | 9365 | 89.23 | 984

XGBoost 96.12 | 95.76 | 9324 | 9843
Large-XGboost | 96.16 | 95.75 | 9291 | 98.77

I 49 ZAFJE HWYH XGBoostt Acc 96.12%,
Prec 98.43%, Rec 93.24%, F1 95.76%% 7]&3ke] 7}
A $5E A%S BHYon o= A yeH
MLP A3 Hlwsttets SAgls Bg=olth

SVM(RBF) 9A| Accuracy 95.98%, Precision 98.33%,
Recall 93.04%, Fl-score 95.61%% <HEA H5&
H 31, Random Forest= Accuracy 94.31%E 7|53}
ROV} Precision 98.54%9F #o] =& ALUEE
2|8} .
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Table 5. Inference speed evaluation of lightweight Machine
Learning Models

Mode! Inference FileSize
time(ms)
XGBoost[pkI] 0.3157 31857 KB
RandomForestpk] 30.9448 5.88 MB
SVM_RBF{pk] 05116 1.13 MB
Large-XGboost 22.24 3.70 MB
Ad AIE B XGBooste= Hi F2 AA A
Zro] ¢F 03157 ms= 71 QHHo|lom, ol 4
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