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Multi—Position Smartphone Sensor - based Elderly Gait Analysis
and Low-Latency Fall Detection Bi-LSTM Model Development

Min-Seok Kim*, Lismer Andres Caceres-Najarro**, and Gwang-Hyun Kim***
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Abstract

We propose a low-latency, integrated algorithm that jointly estimates gait metrics and detects falls using
multi-position smartphone sensors. Time-series signals collected by a custom app (AlWalker) from four carry positions
(hand, waist, belly, bag) are preprocessed and modeled with a Bi-LSTM multi-task network for position classification,
regression of gait speed-step length-step count, and fall-no-fall detection. In concurrent validation with GaitRite, mean
errors were 7.5% (gait speed), 8.0% (step length), 7.2% (step count); position classification achieved 92.0% accuracy,
and fall detection reached 93.3% accuracy with AUC=0.94. End-to-end latency averaged <100 ms, enabling real-time
deployment. The approach is robust to carry-position changes; future work will extend validation to outdoor terrains
and real fall events in older adults.
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(A)Data Collection App

Sampling: 100 Hz

Positions: Hand /Waist/Belly/Bag
44 Tasks: Walk + ADL + Exercise + Fall
== (HS5/TO Labeling)

P (B)Modeling & Inference mmm———3p (C)AlWalker Feedback
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Fig. 1. System overview in three panels (a) Data- ooIIeotlon app, (b)
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Table 1. Classification of data collection scenarios

Category | Scenario Examples
Gait 3 types Normal walking, fast walking, slow
walking
Sitting down, standing up, stopping
ADL 20 types while walking, liting objects
. Squat, lunge, marching in place,
Breraise | 17 types stair climbing and descending
Lateral fall, forward collapse,
Fal 4 types backward fall
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Table 2. Summary of sensor data normalization
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Processing step Purpose and method

Extract linear acceleration for dynamic
motion analysis by subtracting gravity
components (gravity_x, gravity_y,
gravity_z) to isolate vibration signals.

Gravity
compensation

Use rotation vector sensors to minimize

Rotation vector | coordinate system errors across

alignment different mounting locations and unify
reference coordinates.
Correct axis misalignment due to
Sensor axis | differences in attachment orientation by
reorientation | applying coordinate transformation

based on the orientation matrix.
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lication of time-series filtering techniques

Filtering
method

Purpose and application

Median filter

Removes transient outliers (spikes) occurring
over a short time. Noise is suppressed by
calculating the median of neighboring
values within a 3 -5 point window.

Low-pass
filter
(4th-order
butterworth)

Eliminates high—frequency components
above 20 Hz from the time-series signal
to block physiologically irrelevant noise. A
4th-order Butterworth filter is applied to
handle rapid signal changes.

Moving
average
filter

Smooths the time-series data using a
5-point sliding window. Reduces
micro-vibrations from sensor noise or gait
cycles, improving curve interpretability.
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Table 4. Window segmentation & time synchronization

processing

[tem

Description

Window
size setting

Time-series data are segmented into
5-second windows (500 samples at 100Hz)
to enable stable feature extraction for short
actions.

Overlap
handling

A 50% overlap is applied to prevent feature
loss at the boundaries between sequential
movements, increasing the number of training
samples and ensuring boundary pattern
continuity.

Time
alignment
criteria

Based on manual labeling timestamps from
the Signal Labeler tool, window alignment is
performed according to start/end
timestamps. Interpolation using timestamps
corrects time discrepancies among sensors
and refines scenario boundaries.
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Table 5. Frequency domain features

Feature Description
FFT-based Calculates the Central frequency .of the
center | POWer spectrum using Fast Fourier

Transform to analyze vibration
characteristics by activity type.

Computes the proportion of signal energy
within specific frequency bands (e.g.,
0-5 Hz, 5-15 Hz, 15-25 Hz);

frequency (CF)

Band energy

distribution . ) .
low-frequency dominance in gait,
high—frequency in falls.

Quantifies the information content of the

Shannon . o o

S, time-series signal to assess activity
oy complexity and predictability.
Specral Measures the irregularity of frequency
components to detect abnormal
entropy

movements such as falls.

Analyzes energy variation with increasing

Spectral slope | frequency; falls typically show a steep

spectral slope.

Assesses the ratio between the dominant

Peak-to—peak | spectral peak and the overall energy
ratio distribution, highlighting amplified behavior

segments.

YA 13T ofuA] HlF ~HEY £237]
MaE2A Erlete EHS BYa, B3-S 0-5 Hz
Agut Auje} FEg F7)9 371 FEEJS. o
E4L 439 A AFAA IEE g 7]

5T
36 Bi-LSTM 7|dt H3l 2AM 4 na|H 13

B AZgME A7 &x308 o&Ao] e 13
9 Ak dolEE gydor wdldgsly] s ok
=%
UO

[ex

A8 722 Bi-LSTMS 7|Wte 2 g A%
AR Zae Akt 53], B3 F Ik

[eh

O
N > fo

ZAo) AT & 9
8 ’E;‘]—Olgl-ly_}.ﬂ.ul i }\4;(-]4_ th JJ
& 78S ¥l ASE A= 3

6 2 opylHM F otE x|AE MY
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Table 7. Algorithm validation results

. GaitRite AlWalker | Mean error
Metric
measurement | measurement | rate (%)
Gait speed(m/s) 1.07 0.99 750
Step length(m) 054 050 8.00
Step count 245 2.7 720
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Table 8. Classification accuracy confusion matrix
Actual \ .
oredicted Hand Waist Belly Bag
Hand 94.10% 2.80% 2.10% | 1.00%
Waist 3.00% 96.30% | 0.70% | 0.00%
Belly 1.80% 060% | 96.70% | 0.90%
Bag 2.40% 0.00% 1.30% | 96.30%
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