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Abstract The increase in the elderly population in Indonesia raises concerns about fall-related injuries, with 
forward falls in particular contributing to upper-body trauma. We propose a wearable safety vest that 
integrates (1) a pre-impact fall detection algorithm based on an inertial measurement unit (IMU) and a compact 
artificial neural network running on an ESP32 microcontroller, and (2) an automatically inflating CO₂-driven 
airbag covering the anterior torso. The system is designed for forward-fall prioritization. The fall-detection 
ANN is trained on 100 Hz IMU readings from 44 controlled data recordings (three activity-rich subjects plus 
one walking-only subject) and reported under two complementary protocols: an Edge-Impulse default 80/20 
random split (within-recording) and a recording-level Leave-One-Recording-Out (LORO) holdout. Within-
recording validation gives 98.6% accuracy with per-class F1 of 0.99 / 0.98 / 0.97 for walking/falling/squatting; 
the more conservative LORO protocol gives 79.7% accuracy and 50.2% fall-class F1 for the deployed 60-input 
ANN, rising to 88.0% / 74.0% when 66 engineered time-and-frequency-domain features are added (Random 
Forest 89.1 / 76.2%). The full sensing-inference-inflation chain is targeted for sub-second operation, i.e., 
within the 700–900 ms forward-fall kinematic budget. In a single-trial torso-surrogate drop experiment 
recorded with a Sensor Logger smartphone application (recordings re-digitized for this revision), the inflated 
airbag reduces the peak L2-norm acceleration from 89.5 to 79.5 m/s² (11.1%), shortens the high-acceleration 
event duration from 6.62 s to 3.39 s (48.8%), and shortens the post-impact gravity-axis oscillation duration 
from 11.76 s to 6.56 s (44.2%). The results establish the technical feasibility of a pre-impact airbag system for 
elderly forward-fall mitigation; future work will include statistical validation with multi-trial paired drops and 
biomechanical (HIC) instrumentation with confidence intervals. 
 

Keyword: elderly; inflatable airbag; safety vest; pre-impact fall detection; forward-fall mitigation; subject-
independent evaluation 

 

I. Introduction 

The global increase in the elderly population has raised 
significant concerns regarding health risks associated 
with aging, particularly fall-related accidents. In Indonesia, 
the elderly population reached 11.75% in 2023 [1], and 
this number is expected to continue growing. Falls 
represent one of the leading causes of injury and mortality 
among individuals aged 65 years and above, with 
reported incidence rates ranging from 28% to 42% [2]. 
These incidents may result in injuries ranging from minor 
bruises to severe trauma [1], [2], [3], [4], significantly 
affecting the quality of life and independence of elderly 
individuals [5], [6], [7], [8], [9]. To mitigate fall-related 
injuries, two main strategies have been widely explored: 
fall detection (post-impact alerting and pre-impact 
prediction) [10], [11], [12], [13], [14], [15], [16], [17] and 
impact reduction (deformable or inflatable cushioning) 
[11], [18], [19], [20]. Wearable fall-detection devices using 

IMUs dominate the literature because of their portability 
and real-time capability [13], [21]; airbag-based impact 
reduction has been investigated since at least 2006 [22], 
with both hip-mounted devices for lateral falls [23], [24], 
[25], [26] and limited prototypes for upper-body protection 
[19], [27], [28], [29], [30], [31], [32], [33], [34], [35]. 

Despite these works, two main gaps persist: 

1) Forward falls are underprioritized. Epidemiological 
studies report forward falls as the most frequent direction 
in elderly populations and the direction with the highest 
probability of head and torso injury [3], [6], [36]. Yet 
existing airbag vests are predominantly designed for 
lateral (hip) protection. Of the seven closely related 
airbag-vest works summarized in Table 1, only one 
explicitly targets forward falls. 

2) Impact-reduction effectiveness is rarely quantified. 
Most prior work reports detection accuracy and trigger 
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latency but provides either no quantitative impact data or 
only single-axis acceleration with no statistical testing. 
None decomposes end-to-end latency (sensing + 
inference + actuation) under the embedded constraints of 
an off-the-shelf microcontroller. To address these gaps, 
this study proposes a wearable safety vest that: 

a) Combines an ESP32-hosted ANN classifier with a CO₂ 
gas inflation whose mechanical latency is 
independently characterized; 

b) Prioritizes forward falls by design, i.e., the vest 
geometry, sensor placement, and dataset 
composition; 

c) Reports a torso-surrogate impact evaluation with peak 
acceleration, impulse, and event duration metrics, 
presented as a single-trial feasibility demonstration 
whose statistical validation and biomechanical, i.e., 
Head Injury Criterion (HIC-15), instrumentation are 
identified as future work. 

The remainder of the paper is organized as follows. 
Section II describes the vest design, the airbag actuation 
chain, the sensor configuration, and the ANN model 
architecture. Section III details the training and 
experiment results. Section IV discusses the detection 
performance under the two validation protocols, the error 
structure and its safety implications, the latency budget, 
the impact-reduction findings, and the threats to validity. 
Section V concludes with limitations and future work. 

 

II. Method 

A. Wearable vest design and airbag actuation 

The proposed vest design is lightweight, with a total mass 

of 1.5 kg, based on comfort considerations after 
discussion with caregivers for elderly residents at Griya 
Lansia (nursing home) in Ciparay. This vest is repurposed 
from a life jacket shell and hosts three air bladders: two 
front chambers (left and right of the sternum) and one half-
moon chamber on the upper back. The chambers are 
interconnected and inflated by a single pre-pierced 45g 
CO₂ canister rated at 800 PSI at 21 °C, sealed by a rotary 
valve identical to a bicycle-pump quick-release. The valve 
is rotated open by an SG90 servo motor (1.5 kgf·cm at 4.8 
V) driven by an ESP32-WROOM-32 microcontroller (240 
MHz, dual-core). The microcontroller is mounted in a 
removable pouch behind the upper back near the sensor. 
An IMU sensor consisting of both an accelerometer and a 
gyroscope is used to identify the activities of the subjects. 
The fall-detection algorithm controls the inflation-valve 
trigger.   shows the airbag construction. The valve-to-
inflation actuation chain comprises three sequential 
stages, i.e., GPIO to servo command, servo travel to fully 
open the valve, and CO₂ release through the connected 
bladders. In the original laboratory experiment, the 
aggregate latency from detection to deployed airbag was 
below 400 ms (Sec. III.C). A dedicated bench campaign 
with optical timing for the servo and an inline pressure 
transducer for the bladder, which would allow per-stage 
timing distributions and reliability statistics, is identified as 
future work.  

B. Sensor configuration and signal pre-processing 

Table 1. Comparison with closely related wearable airbag / pre-impact fall-detection works 
Ref. Year Sensor & 

placement 
Classifier Dataset 

(subj/tria
ls) 

Evaluation Resp. 
time 

Impact 
quantifi

ed? 

Fall 
direction 

Limitation 

[22] Shi  
et al. 

2006 
Tri-axial 

accel., waist 
Threshold 4 / – Within-subj. < 300ms No All 

Threshold-
based; no 

biomechani
cal data 

[19] 
Tamura  
et al. 

2009 IMU, hip Threshold 5 / 50 Within-subj. ≈ 330ms 
Subject-

ive 
Lateral 

Lateral 
focus only 

[23] Shi et 
al. 

2009 
MEMS 

accel., waist 
SVM 8 / – Within-subj. < 200ms No All 

No torso 
protection 

[37] Jung 
et al. 

2020 
IMU, 

sternum 
DNN 14 / 700 Within-subj. – No 

Multi-
direction 

No actual 
airbag 

[38] 
Gelmini et 
al. 

2020 IMU, helmet 
Inertial 

threshold 

– / 
constructi

on 
Per event < 100ms No 

Height 
fall 

Height-
specific 

[28] 
Botonis et 
al. 

2022 
IMU, 

sternum 
RF + ANN 

19 stroke 
pts. 

LOSO – No 
Lateral/ 
forward 

Stroke 
pop., no 
airbag 

[4] 
Ibrahim et 
al. 

2023 IMU + GSM 
Threshold 

+ alert 
5 / – Within-subj. – No Generic 

Alerting 
only, no 
inflation 

This 
work 

2026 
IMU, dorsal 

T2–T3 

ANN  
(+RF/SVM/ 
Seq-MLP 
baselines) 

3 / 44 
sessions 

LORO 

< 400ms 
(aggrega
te, bench 

re-
measure

ment 
pending) 

Peak a, 
impulse 
event 

duration 
(single 

trial), no 
HIC; no  
significa
nce test) 

Forward 
Surrogate; 

small 
cohort 
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An MPU-6050 IMU (tri-axial accelerometer ±4 g, tri-axial 
gyroscope ±250 °/s) is mounted dorsally at the upper-
thoracic level (T2–T3), 1.5 cm right of the spinal midline. 
Axes are oriented as: +x lateral-right, +y caudal, +z 
anterior. The IMU position and configuration can be seen 
in   and Table 2, respectively. 

C. Model architecture and hyperparameter search 

The proposed model is a feed-forward ANN with 60 inputs 
(10-sample window × 6 channels), 6 hidden layers of 12 
neurons (sigmoid activation), and 3 SoftMax outputs 

(walk, squat, fall). This configuration, shown in Fig. 2, was 
selected by stratified 5-fold cross-validation grid search 

over depth ∈ {2, 4, 6, 8} and width ∈ {8, 12, 16, 32}; the 

6 × 12 / sigmoid topology was the smallest configuration 

within 0.5% of the best-performing 8 × 32 / ReLU 

configuration on the validation set (Table 1) and was 
therefore chosen for ESP32 deployment (). The 5-fold 
cross-validation scoring, 𝐶𝑉𝐾 , is defined as Eq. (1).  

 

Fig. 1. The proposed lightweight safety vest with inflatable airbag. 
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 𝐶𝑉5 =
1

5
∑ 𝐿𝑖
5
𝑖=1  (1) 

The 𝐶𝑉5 symbolizes the cross-validation score using 5 

folds, and 𝐿𝑖represents the performance metric computed 

on fold i. When 𝐿𝑖 = 𝑅𝑀𝑆𝐸𝑖, this becomes the final model 
accuracy E, shown in Eq. (2) [39].  

 𝐸 =
1

5
∑ 𝑅𝑀𝑆𝐸𝑖
5
𝑖=1  (2) 

Engineered features (used by baselines and an ANN-feat 
ablation): per-axis mean, std, min, max, RMS, median, the 
Interquartile Range (IQR) for 7 time-domain, plus log-
spectral-energy, spectral entropy, dominant FFT bin (3 
frequency-domain); plus, vector-magnitude SVM-a and 
SVM-g statistics. Total = 66 features per 100-ms window. 
IQR, adopted for signal classification in ANN and SVM, is 
included with RMS, shown in Eq. (3), as a standard 7-
feature time-domain set [40].  

 𝑅𝑀𝑆 = √
1

𝑁
∑ 𝑥[𝑛]2𝑁
𝑛=1  (3) 

The IQR is defined as the difference between the 75th and 
25th percentiles of the data. The data is divided into 
quartiles via linear interpolation: Q1 (lower quartile, 25th 
percentile), Q2 (median), and Q3 (upper quartile, 75th 
percentile); thus, Eq. (4) and Eq. (5) can be described. 

 

 𝐼𝑄𝑅 =  𝑄3 − 𝑄1 (4) 

 𝐼𝑄𝑅 = 𝑃75{𝑥[𝑛]} − 𝑃25{𝑥[𝑛]} (5) 

 

where P75 and P25 are the 75th and 25th percentile values 
of the sorted signal samples within the window. The IQR 
is a measure of dispersion similar to standard deviation or 
variance; however, it is more robust against outliers. In 

Table 2. Sensor configuration and pre-processing 
parameters 

Parameter Value 
Sampling rate 100 Hz 
Accelerometer 
range/resolution 

±4 g / 0.49 mg LSB⁻¹ 

Gyroscope range/resolution ±250 °/s / 7.6 mdeg s⁻¹ 
LSB⁻¹ 

Hardware DLPF cut-off  
(acc / gyro) 

21 Hz / 20 Hz 

Accelerometer calibration Six-position static, 1 g 
reference, tolerance 
±0.02 g 

Gyroscope calibration 5s zero-rate offset at 
power-on 

Software pre-processing Mean-centering per 
window, z-score using 
training-fold statistics 

Window size/stride 100 ms (10 samples) / 
100 ms (non-
overlapping) 

 

 

Table 3. Airbag system failure modes and mitigations 
Failure 
mode 

Detection/sensing Mitigation 

Canister 
leak (slow) 

Pressure-transducer 
watchdog  

(drift > 1 PSI/h) 

Visual & audible 
alert to 

user/caregiver 

Servo stall 
Motor-current sense 
(>700 mA for >200 

ms) 

Retry once, then 
alarm + log 

ESP32 
brown-out 

Brown-out detector + 
boot-cause flag 

Supercapacitor-
backed 3.3 V rail; 
safe-state on reset 

False-
positive 
deploy. 

ANN SoftMax 
confidence 

Two-window 
confirmation  

(p > 0.85 × 2);  
(Sec. IV.G) 

Servo wake 
delay (cold) Boot-up self-test 

Servo armed on 
power-on; 200 ms 

warm-up tone 

 

 

Fig. 2. Neural network structure for the fall detection scheme 
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signal feature extraction, the IQR captures this statistical 
dispersion. 

 

III. Results 

A. Subjects, activities, and dataset 

Three volunteers contributed activity recordings (all male, 
age 22–24, height 168–180 cm, with a BMI of 21–25). The 
fourth subject contributed walking-only recordings for an 
out-of-distribution robustness check. The protocol was 
approved under ethics clearance 032/KE.03/SK/03/2025 
(Health Research Ethics Committee — National 
Research and Innovation Agency of Indonesia, March 4th, 
2025); subjects gave written informed consent for both 
data collection and image publication. The falling activity 
was recorded using a safe mattress to avoid injuries to the 
subject, as shown in Fig. 4. Three target activities were 
recorded in a controlled flat-floor room: walking, squatting 
(including sitting and bowing down, classed as the same 

Table 4. Final dataset composition used in this work 
Activity Recordings Total  

100-ms 
windows 

Class 
Share 

Walking  
(incl. 

wobbly) 
24 2638 58.2% 

Squatting 10 1105 24.4% 

Forward 
falling 

10 792 17.5% 

Total 44 4535 100% 

 

 

Fig. 3. The best model validation result. 
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posture transition), and forward falling onto a padded 
mattress for safety. Each baseline recording lasted ~10s; 
multi-activity sequences (30–45s, walking to squatting to 
walking to fall) and perturbation trials (sudden push from 
behind, abrupt stop) extend the corpus to capture 
transitions and realistic gait variability (speeds 0.8–1.4 
m/s). Table 4 shows the final composition for the dataset. 

B. Class imbalance and per-class metrics 

The training distribution is imbalanced (58/24/18 % for 
walk/squat/fall). We mitigate this with (i) class-weighted 
loss (balanced cross-entropy for the ANN, 
class_weight='balanced' for SVM/RF), (ii) stratified 
sampling in each cross-validation (CV) fold, and (iii) an 
oversampling ablation. We use per-class precision, recall, 
and F1. In addition, for safety-critical evaluation, fall-class 
F1 is treated as the primary metric. Two validation 
protocols are reported, i.e., Table 5 and Table 6, to show 
a straightforward range of expected performance: (i) Edge 
Impulse 80/20 random split, which mixes windows from 
the same recording into both train and test sets, and (ii) 
Leave-One-Recording-Out (LORO), in which an entire 
recording is held out at a time so that no temporal context 

is shared with training. The within-recording protocol is 
comparable to numbers reported by most prior works in 
this area [41], [42]; the LORO protocol is closer to 
deployment generalization. 

C. Latency considerations 

We have decomposed the claimed aggregate of 400 ms 
(in the laboratory environment) into its conceptual 
components so the reader can identify where the margin 
lies and which components dominate (Table 7). 
Numerical breakdown of the on-device contributions (IMU 
read, ANN forward, GPIO command) is estimated from 
datasheet timings for the components used and from off-
line workstation measurements (~0.17 ms per window on 
a development laptop, well within the 100 ms window-fill 
budget); the mechanical contributions (servo travel, CO₂ 
release) require dedicated bench instrumentation and are 
therefore listed as items pending bench re-measurement 
in future work. 

For comparison, the kinematic falling-phase budget for 
a forward fall from upright stance is reported as 700-900 
ms (loss-of-balance to torso impact, torso height ≈ 1.5 m) 
[2]. The system's < 400 ms aggregate therefore retains a 
positive margin within this kinematic budget. A formal 
latency campaign with logic-analyzer instrumentation of 
each stage is listed as future work (see Sec. V). 

D. Independent evaluation of the subject recording 

A Leave-One-Recording-Out (LORO) protocol partitions 
the 44 recordings into 44 train/test folds. Inside each 
training fold, we use stratified 5-fold CV to select 
hyperparameters; the held-out recording is touched only 
at test time, eliminating temporal leakage. Genuine 
Leave-One-Subject-Out would only have 3–4 folds with 
our pool and degenerates to single-class training when 

Table 5. Detection performance under both within-
recording (Edge Impulse 80/20) and recording-
independent (LORO) validation protocols 

Model Validation Accuracy 
Walk 

F1 
Squat 

F1 
Fall 
F1 

ANN, raw 
60-dim 
window 
(deployed) 

Edge 
Impulse 
80/20 

(within-
rec.) 

98.6% 0.99 0.97 0.98 

ANN, raw 
60-dim 
window 
(deployed) 

LORO (44 
folds) 

79.7% ± 
17.9 (CI 
72.4–
83.4) 

86.0% 85.7% 50.2% 

ANN, 66 
engineered 
features 

LORO (44 
folds) 

88.0% ± 
10.7 (CI 
83.9–
90.5) 

90.4% 92.2% 74.0% 

SVM-RBF, 
engineered 
features 

LORO  
(44 folds) 

83.0% ± 
14.3 (CI 
79.0–
87.8) 

85.3% 91.8% 67.3% 

Random 
Forest, 
engineered 
features 

LORO  
(44 folds) 

89.1% ± 
14.3 (CI 
83.3–
92.1) 

91.2% 92.0% 76.2% 

Deep Seq-
MLP (raw, 
off-device) 

LORO  
(44 folds) 

89.8% ± 
10.2 (CI 
86.0–
92.3) 

92.0% 92.3% 79.0% 

 

 

Fig. 4. Three activities recorded for dataset training 
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the activity-rich subject is held out; LORO is therefore the 
strongest generalization test compatible with the data and 
is used for the headline numbers in Table 5. 

E. Surrogate/emulation setup for impact reduction 

An articulated mannequin is mounted on a hinged pole at 
1.5 m torso-sensor height (matching the dorsal sensor 
placement on a 175-cm subject). The vest is worn in its 
standard configuration. The Sensor Logger smartphone 
application, strapped to the mannequin's upper-thoracic 
region, records inertial signals during impact, including tri-
axial acceleration and gravity, at the application's native 
sampling rate (~100 Hz). The mannequin is released 
forward by a single overhead trigger that breaks the 
electromechanical retainer; the floor is a hardwood-finish 
surface representing a worst-case domestic condition. 
Fig. 5 illustrates the setup for this experiment. The scope 
of the present experiment is elaborated with one trial per 
condition (with airbag, without airbag) reported. Results in 
Sec. IV.B are therefore framed as a visual feasibility 
demonstration of the cushioning effect, not as a 
statistically validated quantification. Multi-trial paired 
drops and instrumented-surrogate biomechanical 
validation (HIC-15 with force/pressure sensors per 
chamber) are identified as future work (Sec. V). The 
Sensor Logger application has a finite acceleration range 
that can clip during the hardest impact events; absolute 
peak values are therefore lower bounds, but relative 
differences between with-airbag and without-airbag 
conditions remain interpretable. 

F. Quantification of cushioning effect  
(N = 1 per condition) 

The constructed time-series of the sensor logger is 
illustrated in Fig. 6 and Fig. 7. The vector-magnitude (L2-
norm) acceleration profile (Table 8) shows that without the 
airbag, the mannequin produces a sequence of high-
amplitude bounces over ≈ 6.6 s, with a peak of 89.5 m/s² 
(≈ 9.1 g). With the airbag deployed, the impact event 
compresses to ≈ 3.4 s with a peak of 79.5 m/s² (≈ 8.1g). 
The Z-axis gravity component oscillates for ≈ 11.8 s 
without the airbag versus ≈ 6.6 s with the airbag (44.2% 
shorter), indicating that residual rotational motion of the 
mannequin is also reduced [43]. 

G. Impact Reduction 

Future work will include statistical validation (multi-trial 

paired drops, instrumented surrogate, HIC-15 with 
confidence intervals). The peak resultant acceleration is 
reduced only modestly by approximately 11.1%, but the 
airbag substantially reshapes the impact event: high-
acceleration loading is shortened by 48.8%, and the 
residual gravity-axis oscillation following the primary 
impact is shortened by 44.2%. This oscillation pattern is 
consistent with the cushioning hypothesis—the airbag 
does not eliminate the first contact (the mannequin still 
strikes the ground), but it reshapes the loading that 
follows, reducing the multibounce pattern associated with 
repeated thoracic compression and head whiplash in 
elderly falls. Because the IMU is mounted dorsally while 
the chambers are anterior, this measurement cannot 
resolve the load path at the chest interface itself; we 
develop the interpretation in Sec. IV.E. 

It should be noted that limitations exist within the 
present impact experiment. (i) N = 1 per condition — no 
statistical inference is performed; (ii) the time-series was 
reconstructed from PNG plots by pixel digitization (typical 
accuracy ±2–3% of full-scale; reconstructed CSVs in S2); 
(iii) the mannequin's torso is rigid, so HIC-style absolute 
injury predictions cannot be derived; (iv) the smartphone 
accelerometer has a limited dynamic range that may clip 
during the hardest peaks. We therefore frame this section 
as a feasibility demonstration. A multi-trial campaign with 

 

Fig. 5. Fall impact experiment 

 

Table 7. Conceptual decomposition of the end-to-end 
latency budget 

Stage Latency contribution 
(estimate/source) 

IMU read  
(6 axes, I²C @400 kHz) ~1–2ms (datasheet) 

Buffer fill  
(10 samples @100 Hz) 

100ms (deterministic, set by 
sampling rate) 

ANN forward pass on 
ESP32 

~5ms (estimated from 
workstation measurement, to 

be re-verified on target) 
GPIO → servo command < 1ms (controller call) 

Servo valve travel  
(closed → fully open) 

Reported < 250ms in original 
experiment; bench re-
measurement pending 

CO₂ release → full inflation 
Reported < 100ms in original 

experiment; bench re-
measurement pending 

End-to-end  
(window start→ full inflation) 

< 400ms (original aggregate); 
detailed bench validation 

listed as future work (Sec. V) 
 

Table 6. Confusion matrix, Random Forest, LORO. 
Dominant error: missed falls labeled as walking 
(32.7%). 

 Pred. walk Pred. squat Pred. fall 

True walk  
(2638) 2513 63 62 

True squat  
(1105) 103 1000 2 

True fall  
(792) 259 6 527 
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an instrumented surrogate is the priority for the next study 
(Sec. V). 

 

IV. Discussion 

A. Detection performance under two validation 
protocols 

The 18.9-percentage-point gap between the within-
recording protocol (98.6% accuracy) and the recording-
independent LORO protocol (79.7%) for the deployed. 
ANN is the most consequential result in this study. The 
within-recording split assigns 100-ms windows from the 
same continuous recording to both the training and the 
test partition, and consecutive windows share the same 
subject, sensor mounting, gait phase, and floor, so a 
classifier can score highly by recognizing the recording 
rather than the activity. The collapse of the fall-class F1 
from 0.98 to 0.50 on a recording never seen in training is 
the quantitative signature of that shortcut. This is not a 
defect of the Edge Impulse tooling but an intrinsic property 
of random window-level splitting of continuous time 
series, and it is why we report both figures rather than the 
more flattering one. The within-recording figure is 
comparable to the prior literature in Table 1, which uses 
within-subject or random splits; the LORO figure predicts 
what a caregiver would observe on the first day the vest 
is worn by a new user, and we regard it as the honest one. 

The gap is not primarily a capacity problem: under the 
same protocol, the best off-device model (Seq-MLP, 
89.8% accuracy, fall F1 0.79) remains roughly nine points 
below the within-recording ANN score, so the deficit 
reflects genuine inter-recording variability that no 
architecture search on the present corpus will remove. 
The fold statistics agree. Accuracy across the 44 LORO 
folds carries a standard deviation of 17.9 percentage 
points for the deployed ANN, against 10.7 for the same 

network fed engineered features; dispersion of that size 
means performance on an individual recording is only 
weakly predicted by the mean, which is the statistical form 
of the statement that the model does not yet generalize 
reliably to an unseen wearer. It is also the strongest 
argument in this paper for the on-device personalization 
proposed in Sec. V, which addresses inter-recording 
variance directly, whereas a larger network does not. 

B. Error structure and the asymmetric cost of a 
missed fall 

The errors in Table 6 are asymmetric, and the direction is 
unfavorable for a protective device. Of the 792 fall 
windows, 259 (32.7%) are labeled as walking, whereas 
only 62 of the 2,638 walking windows (2.4%) are labeled 
as falls; the Random Forest attains a fall-class precision 
of 0.892 against a recall of only 0.665. The deployed 
decision is conservative: when it announces a fall, it is 
almost always right, but it stays silent for one-third of the 
fall windows. For a diagnostic classifier, that is defensible. 
For an airbag, it is the wrong operating point, because the 
two error types do not carry comparable costs. A false 
positive costs one CO₂ canister (≈ USD 1.50), one to two 
seconds of discomfort, and a re-arming action. A false 
negative costs the injury the vest exists to prevent, whose 
treatment cost and mortality risk exceed the canister cost 
by several orders of magnitude. Under any plausible cost 
model, the expected cost-minimizing threshold lies well 
below the F1-maximizing threshold, so F1, which weighs 
precision and recall equally, is not the criterion by which a 
deployed operating point should be chosen. 

This reframes model selection in Table 5. The 
Random Forest has the best fall-class F1 (0.762) and is 
the natural choice under a balanced criterion, yet the 
SVM-RBF, whose F1 is lower (0.673), attains the highest 
fall-class recall of every model evaluated (0.836 against 
0.665) at a precision of 0.563; if a missed fall is even one 
order of magnitude more costly than a spurious inflation, 
the SVMRBF operating point dominates. The same 
asymmetry governs Table 9, where tightening the rule 
from a single window at p > 0.5 to two windows at p > 0.85 
drives the false-positive rate on walking from 1.0% to 
0.0% and on squatting from 12.4% to 0.4% but reduces 
the true positive rate on falls from 79.4% to 66.5%. That 
the squat false-positive rate is an order of magnitude 
above the walking rate is mechanically sensible, since 
sitting down rapidly produces a downward trunk transient 
whose first 100 ms resembles the onset of a forward fall, 
and two-window confirmation works against precisely this 
confusion because a squat decelerates as the trunk 
approaches the seated posture, whereas a fall does not. 
The firmware ships the most conservative rule, which we 
consider defensible only provisionally: the fall recall is 
estimated from voluntary, self-initiated falls (Sec. IV.H), so 
66.5% is itself uncertain, and unnecessary inflation 
carries a behavioral cost the monetary figure does not 
capture, since a vest that startles its wearer is a vest left 
in a cupboard. Neither argument is biomechanical. We 
therefore regard the deployment threshold as a clinical 
decision rather than a machine-learning one, to be 
remade with an elderly cohort and caregiver input before 
any field deployment 

C. Feature representation and window length 

 

Fig. 6. Experiment results for fall impact test, showing 
the magnitude of acceleration 
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Supplying the same ANN with 66 engineered features 
rather than the raw 60-value window raises LORO 
accuracy from 79.7% to 88.0% and fall-class F1 from 
0.502 to 0.740, while reducing the inter-recording 
standard deviation from 17.9 to 10.7 percentage points; 
the improvement is in consistency as well as in the mean. 
A raw window obliges the network to learn dispersion and 
shape statistics from ten samples per channel with no 
inductive bias toward them, and 44 recordings are too few 
for it to do so, so the engineered substitutes domain 
knowledge for data the corpus does not contain. 

The importance of ranking indicates which knowledge 
matters and, by omission, what the window length 
forecloses. Time-domain amplitude and dispersion 
statistics account for 91.0% of the Random-Forest 
importance mass, led by 𝑎𝑥𝑟𝑚𝑠 (0.052), 𝑎𝑧𝑚𝑖𝑛 (0.049), 

𝑎𝑧𝑚𝑒𝑎𝑛 (0.045), 𝑔𝑧𝑟𝑚𝑠 (0.044), and 𝑎𝑧𝑚𝑒𝑑𝑖𝑎𝑛 (0.044), and 
accelerometer channels contribute 49.0% against 41.4% 
for the gyroscope, so neither modality can be dropped. 
The frequency-domain family contributes only 6.4% in 
total, and the dominant-FFT-bin features 0.33%; a 
consequence of window length rather than of falling 
dynamics, since ten samples at 100 Hz yield five usable 
bins at 10 Hz resolution, too coarse to resolve the 1–3 Hz 
gait fundamental from its harmonics. The IQR family, 
motivated in Sec. II.C by its robustness to outliers, 
contributes 2.6%, because at ten samples the quartiles 
are interpolated between two or three order statistics; we 
retain Eq. (3)-(5) for completeness, but do not claim the 

IQR as a load-bearing feature at this window length. 

One design recommendation follows. The device runs 
the raw-window ANN because feature extraction was 
assumed too expensive, yet the measured cost is ≈ 0.4 
ms per window, 0.4% of the window-fill period, and two 
orders of magnitude below the mechanical terms of Table 
7. The time-domain feature block should therefore port to 
the ESP32 with no perceptible latency penalty while 
recovering ≈ 24 F1 points on the class that determines 
whether the airbag inflates, without changing the sensor, 
actuator, or vest. We identify this as the highest value 
change available to the next hardware revision. 

D. Where the latency margin is spent 

Table 7 shows a budget dominated by two terms of 

different character: the 100 ms buffer fill, deterministic and 

set by the sampling rate and window length, and the servo 
valve travel, mechanical and reported below 250 ms. 
Together they account for approximately 87% of the sub- 
400 ms aggregate, while the computational terms, IMU 
read at 1–2 ms, ANN forward pass at ≈ 5 ms, and GPIO 
command below 1 ms, contribute under 2%. The 
implication cuts both ways: the ESP32 is not the 
bottleneck, so the engineered-feature configuration of 
Sec. IV.C is affordable within the existing budget, but no 
amount of inference optimization will shorten the chain. 
Only two levers act on the terms that matter: advancing 
the window with a 50 ms stride, which halves the expected 

 
Fig. 7. Experiment results for fall impact test, 
showing the gravity sensor calculations 

                            
                    

Table 8. Cushioning metrics computed from the digitized single-trial mannequin drop (Sensor Logger 
application, recording date 2024-12-28) 

Quantity (computed from digitized 
time-series) No-airbag (single trial) With-airbag (single trial) Relative reduction 

Peak L2-norm acceleration 89.5 m/s² (9.13 g) 79.5 m/s² (8.11 g) 11.1% 

Event duration (samples with L2 > 15 
m/s²) 

6.62s 3.39s 48.8% 

Impulse over event window (∫ |a| dt) 146.4 m·s⁻¹ 136.7 m·s⁻¹ 6.6% 

Number of bounces with peak > 30 
m/s² 

6 5 16.7% 

Z-axis gravity oscillation duration after 
impact 

11.76 s 6.56 s 44.2% 
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buffer-fill delay at negligible CPU cost, or replacing the 
servo-driven rotary valve with a solenoid or pyrotechnic 
initiator, which removes the dominant term at the cost of 
unit price, standby current, and regulatory burden. 

The margin itself deserves more than a subtraction. The 
sub-400 ms aggregate leaves 300–500 ms against a 700– 
900 ms kinematic budget, but that budget is specific to a 
forward fall from upright stance at a torso height of ≈ 1.5 
m. Falls initiated from a lower posture, from a chair, or 
during the squat transition identified in Sec. IV.B, allow 
less time to impact, and elderly fallers with impaired 
protective stepping may descend faster than the young 
volunteers whose kinematics inform the estimate. The 
margin should be read as the best case for the targeted 
scenario rather than a universal guarantee, and the 
surrogate experiment, which uses a single fixed release 
height, cannot address this. 

E. Interpreting the cushioning effect 

The single-trial impact result has a specific and internally 
consistent shape, and the headline percentage alone is 
misleading. Peak resultant acceleration falls modestly, by 
11.1% (89.5 to 79.5 m/s²), and the impulse over the event 
window by a comparable 6.6%, whereas the duration of 
high-acceleration loading falls by 48.8% (6.62 to 3.39 s) 
and the post-impact gravity-axis oscillation by 44.2% 
(11.76 to 6.56 s). On this evidence, the airbag is not 
primarily attenuating the first contact; it is reshaping the 
event that follows it. That pattern follows from the 
measurement geometry and must be read through it: the 
IMU sits dorsally at T2-T3 while the chambers that meet 
the floor in a forward fall are anterior, so the sensor 
observes the deceleration of the whole torso mass rather 
than the pressure developed at the chest interface. A 
quantity measured on the far side of the body from the 
cushion registers the momentum change of the torso, 
which the airbag can only partly alter, far more readily than 
the local load path, the airbag is designed to change. This 
is also the principal reason we do not report HIC: a chest- 
or head-referenced measurement, or an in-chamber 
pressure tap, is a precondition for a defensible HIC-15 
figure, and neither exists in the present setup. 

The data do support a reduction in the number and 
persistence of secondary loading events: bounces above 
30 m/s² fall from six to five, the high-acceleration event 
halves in duration, and residual rotational motion is nearly 
halved. The mechanism is coherent, in that an inflated 
bladder between torso and floor increases both contact 
area and effective compliance, converting a short, 
repeated, high-rate loading sequence into a longer, 
single, lower-rate one, and it is the loading pattern rather 
than the isolated peak that is associated with repeated 
thoracic compression and head whiplash. A rigid 
mannequin nonetheless exaggerates these secondary 
events relative to a human, whose compliant thorax and 
protective reflexes both dampen rebound, so the direction 
of the effect is more trustworthy than its magnitude. We 
therefore decline to convert these numbers into injury-risk 
statements and resist one comparison in particular: a 
peak reduction of 11.1% is well below the 30-50% 
reported for hip-airbag systems [19], [23], but those 
systems place the sensor between the protected site and 

the impact surface and so measure the load path the 
cushion interrupts, whereas ours measures the opposite 
side of the torso. The two quantities are not 
commensurable, and we read the discrepancy as an 
artifact of measurement geometry rather than as evidence 
that the anterior chambers underperform. Of the limits 
listed in Sec. III.G, one has a determinate direction worth 
stating: clipping truncates the largest excursions, and the 
no-airbag impact is the harder of the two and hence the 
more likely to be clipped, so the true peak reduction is, if 
anything, understated by this experiment rather than 
overstated 

F. Positioning relative to prior wearable-airbag 
work 

Compared with Table 1, this work differs from three axes 
and is behind on a fourth. Forward falls are the most 
frequent direction in elderly populations and the most 
associated with head and torso injury [3], [6], [36], yet only 
one of the seven prior systems targets them explicitly, 
whereas vest geometry, dorsal sensor placement, and 
dataset composition are all specialized to the forward 
case here. The evaluation protocol requires careful 
reading of the table: all seven prior works report within-
subject or per-event evaluation, and only Botonis et al. 
[28] use a subject-independent protocol, in a system that 
includes no airbag. Our headline numbers are recording-
independent and therefore not comparable with the 
within-subject numbers in the same table; the appearance 
that our accuracy trails the field is an artifact of protocol 
severity rather than system quality, since our within-
recording figure of 98.6% sits squarely within their range. 
On impact evidence, only Tamura et al. [19] quantify 
anything at all, and by subjective injury scoring. This work 
is clearly behind on the fourth axis: three activity-rich 
subjects against 5-19, no elderly participant, and a single 
trial per condition, whereas Tamura et al. used 50. Table 
1 should be read as a map of what each system has and 
has not established, not as a claim of superiority. 

G. Safety, false-positive risk, ethical considerations 

Regarding the deployment threshold, the firmware 
actuates when the ANN fall probability exceeds 0.85 in 
two consecutive windows (a 200-ms confirmation). Under 
LORO, the present data are listed in Table 9. 

Table 9. Decision-threshold trade-offs (LORO) 

 
Ethical / user-acceptance considerations. Unintended 

actuation imposes (a) a CO₂-canister replacement cost (≈ 
USD 1.50), and (b) a 1–2 s discomfort to the wearer. 
Future directions include a hardware audible warning and 
a confirm button. Field deployment will require an 
extended IRB protocol covering elderly cohorts and 

Threshold 
rule 

FPR on 
walking 

FPR on 
squat 

TPR on 
fall 

Single-
window,  
p > 0.5 

1.0% 12.4% 79.4% 

Single-
window,  
p > 0.85 

0.3% 1.9% 67.3% 

Two-window, 
p > 0.85 0.0% 0.4% 66.5% 

 

https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
https://doi.org/10.35882/ijeeemi.v6i3.407
https://creativecommons.org/licenses/by-sa/4.0/


 Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics 
 Homepage: https://ijeeemi.org/; Vol. 8, No. 3, pp. 391-404, August 2026  

e-ISSN: 2656-8624 

 

Manuscript received 8 April 2025; Revised 10 June 2025;; Accepted 15 June 2025; Available online 27 June 2025 
DOI: https://doi.org/10.35882/ijeeemi.v6i3.407 
Copyright © 2026 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work 
is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).  

401 

caregiver consent. 

H. Threats to validity 

Beyond the instrumentation and statistical limits already 
listed in Sec. III.G, two threats bound the claims of this 
paper more fundamentally. Construct validity is more 
serious: the fall class is built from voluntary, self-initiated 
falls onto a mattress, so the subject knows the fall is 
coming, initiates it, and does not attempt to recover, 
whereas a genuine loss of balance involves an involuntary 
perturbation, an attempted recovery step, and frequently 
a protective arm reaction. A model trained on self-initiated 
falls may therefore key partly on preparatory motion that 
no real fall contains; a plausible partial explanation for why 
the fall class generalizes worst of the three across 
recordings, and a reason to read the recall figures of Table 
9 as optimistic. The perturbation trials were introduced to 
erode this gap but remain a small fraction of the corpus. 
External validity is bounded by the cohort of three male 
subjects aged 22–24 with BMI 21-25: elderly gait differs 
systematically, with shorter stride, lower cadence, greater 
step-time variability, and reduced trunk rotation, so elderly 
walking is likely to fall partly outside the training 
distribution, and to do so in the direction that raises false 
positives. The walking-only fourth subject was a first out-
of-distribution check, but four subjects are insufficient to 
characterize a population. Moreover, the 17.9-point fold 
dispersion reported in Sec. IV. A suggests that the model 
is sensitive to exactly the inter-person variation that the 
target population supplies most of. 

 

V. Conclusion  

This work presents a feasibility-stage wearable airbag 
vest with pre-impact fall detection. The system integrates 
an ESP32-hosted ANN classifier and a CO₂-driven 
inflation chain optimized for forward-fall protection. 
Detection performance is reported under two protocols to 
give the reader an honest range: an Edge-Impulse 80/20 
within-recording split yields 98.6% accuracy (F1 
walking/falling/squatting = 0.99 / 0.98 / 0.97), while the 
stricter recording-independent LORO protocol yields 
79.7% accuracy / 50.2% fall-class F1 for the deployed 60-
input ANN — rising to 88.0% / 74.0% when 66 engineered 
features are added (Random Forest 89.1% / 76.2%). The 
end-to-end actuation chain targets sub-second 
performance within the forward-fall kinematic budget. A 
single-trial mannequin drop experiment, re-digitized from 
the original Sensor Logger plots, shows that the inflated 
airbag reduces peak L2-norm acceleration from 89.5 to 
79.5 m/s² (11.1%), shortens the high-acceleration event 
duration from 6.62s to 3.39s (48.8%), and shortens the 
post-impact gravity-axis oscillation duration from 11.76 s 
to 6.56 s (44.2%). The cohort is small (three activity-rich 
subjects plus one walking-only subject); all recordings are 
in a controlled laboratory; the impact surrogate is a rigid 
mannequin; only forward falls are targeted; the impact 
experiment used N = 1 per condition with a smartphone 
sensor that may clip during the hardest peaks; the false-
positive cost (canister replacement) currently rests on the 
user; and the present LORO results indicate substantial 
inter-recording variability (95% CI on accuracy ±3.2–5.5 
percentage points), highlighting the need for 

personalization in deployment. Future work for this study 
are (a) Multi-trial paired drop campaign with an 
instrumented surrogate (force/pressure sensors per 
chamber) to derive HIC-15 with confidence intervals and 
translate the cushioning effect to clinical injury thresholds; 
(b) multi-direction airbag chambers with selective inflation 
for lateral and backward falls; (c) field study with elderly 
volunteers under an extended IRB protocol; (d) 
multimodal sensing fusion (barometric altitude, surface 
EMG) for sub-200-ms prediction; (e) on-device 
personalization via a short calibration walk to reduce the 
inter-recording variability evident in the LORO confidence 
interval; (f) deployment of a confirm-to-deploy delay and 
audible warning to reduce the user-experience cost of 
false positives. 
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