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[Abstract]

Children left unattended inside school commuter vehicles continue to cause fatal heat-related and
cold-related accidents every year, yet most of these vehicles are individually owned by small academies or
kindergartens and are rarely retrofitted with dedicated safety equipment. This study instead implements a
boarding and alighting notification system that relies only on a Bluetooth Low Energy (BLE) beacon and
a smartphone, augmented with a lightweight on-device classifier that adaptively re-estimates the
boarding/alighting decision boundary from short-window RSSI features (mean, slope, and variance) rather than
a single fixed threshold. Each child carries a small BLE beacon; the accompanying teacher's smartphone
extracts these features in real time and feeds them to a logistic-regression classifier trained offline on
calibration data collected from three representative Korean commuter vehicles — an 11-seat van, a 15-seat
van, and a 25-seat minibus — at both the driver's seat and the front passenger's seat, and the resulting
boarding/alighting event is pushed to the parent's smartphone in real time through Firebase Cloud Messaging
(FCM). Compared with the fixed-threshold baseline, the adaptive classifier raises the area under the ROC
curve from 0.87 to 0.96 and improves notification accuracy in the 4-5 m and 5-6 m distance bins from

88% and 76% to 94% and 87%, respectively, while matching baseline accuracy within 4 m.

» Key words: Bluetooth Beacon, RSSI, Adaptive Threshold, Machine Learning,
Boarding and Alighting Notification
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I. Introduction

Every year, children left unattended inside
parked commuter vehicles suffer heat-stroke in
summer and hypothermia in winter, and such
accidents can be fatal [1]. Fewer than 25% of
Korean school commuter vehicles are owned by
the facility itself; the great majority are privately
owned by the director of a small academy or
kindergarten [2], which makes retrofitting
dedicated safety equipment and enforcing its use

during inspections impractical in most cases [3,4].

Ownership of School Commuter Vehicles
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Fig. 1. Ownership Status of Commuter Vehicles for
Daycare Centers and Kindergartens [2]

Beacon-based boarding/alighting notification
avoids the need for any vehicle modification, but
our own baseline measurements (Section 5) show
that a single fixed RSSI threshold per vehicle —
the approach taken by prior beacon-based
proximity systems [8] — degrades sharply once the
beacon-to-seat distance exceeds about 4 m,
because raw RSSI noise grows with distance and
increasingly straddles a static decision boundary.
Recent work applying lightweight machine learning
directly on resource-constrained mobile and IoT
devices has shown that even simple classifiers,
trained on short-window signal statistics rather
than raw samples, can substantially improve
binary decision accuracy under exactly this kind
of noisy, on-device sensing condition [9,10].
Motivated by this trend, this study augments a
BLE-beacon boarding/alighting notification system
with an on-device adaptive threshold module:

each child carries a beacon, the accompanying
teacher's smartphone extracts short-window RSSI
features and feeds them to a lightweight classifier
trained offline on vehicle-specific calibration data,
and the resulting boarding/alighting decision is
pushed to the parent's smartphone in real time.

II. Related works

A BLE beacon broadcasts packets that a nearby
receiver can detect without pairing; RSSI, the
strength of this received signal in dBm, decreases
with distance but is also affected by obstacles and
orientation, so raw RSSI shows large variance at
longer range [5]. Particle filtering and other
recursive estimators can stabilize a continuous
position estimate [6], and Kalman filtering reduces
noise for continuous distance tracking [7], but the
binary boarding/alighting decision used in this
study instead relies on a learned decision
boundary over short-window features, since a
single filtering error could itself be misread as a
state change. A related underground-mine
warning system found omni-directional beacons
less sensitive to surrounding structures than
directional ones [8], which motivated the same
choice here so a child's signal is recognized
regardless of orientation inside the cabin.

On-device machine learning has separately been
shown to handle exactly this kind of noisy,
resource-constrained sensing problem: lightweight
neural and regression models running directly on
microcontrollers and smartphones can classify
noisy IoT sensor streams with low latency and no
cloud round-trip [9], and federated and
incremental learning schemes allow such models
to be refined from on-device data without
transmitting raw sensor traces [10].

Beyond boarding/alighting notification, BLE
beacons have been adopted across a range of
industries for proximity-based services: retail

deployments trigger location-aware promotions as
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shoppers pass nearby displays, and indoor
navigation systems fuse beacon RSSI with other
sensors to guide users through malls, airports, and
without GPS  [11];

inventory-tracking systems attach beacons to

hospitals asset- and
high-value equipment to monitor real-time location
within a warehouse, and healthcare facilities use
wearable beacons to track patient movement and
trigger alerts when a patient leaves a designated
area [12]; and attendance-management systems
built on RSSI and BLE have been proposed to
automatically log check-in and check-out events in
classrooms and offices [13].

III. System Design

The proposed system consists of three modules
— a parent application, a teacher application, and
a cloud database — shown in Fig. 2: the BLE
beacon broadcasts its signal; the parent
application uploads the child's registration; the
database forwards the child list to the teacher
application: the teacher's device extracts RSSI
features and runs them through the adaptive
threshold module described in Section 4 to
recognize boarding/alighting; the result is written
back to the database; and the updated state
triggers a push notification to the parent via
Firebase Cloud Messaging (FCM). The BLE beacon
itself is a small carried

hardware token

individually by each child, separate from the
teacher's and parent's smartphones. The child's
uniquely identified Beacon Address — rather than
name or birth date, which can be duplicated
across users — serves as the primary key linking
the child's record, beacon, and notification token

across all three modules.

RSSI Boardinglalhiing pish
broadcast

Teacher Cloud Service Parent
BLE Beacon g icati
Application (AWS) Application
Carried by each child Check student list Student / calibration Enter student
data update information
Periodically broadcasts Recognize boarding/ i

alighting (adaptive Studentlist/ o aco Cloud _ Child Check student
RSS! signal threshold module)thresho'd sy"cvlessagmg (push) '99'5"6"0" boarding status

Beacon Address serves as the primary key linking each child's registration, calibration profile, and notification token across all four modules.

Fig. 2. Overall system configuration (teacher / parent
applications, AWS, FCM, BLE beacon, adaptive threshold
module)

Unlike the fixed-threshold design of prior
systems, where a child's state changes only when
raw RSSI crosses a single static boundary, the
present design routes each scan through the
lightweight classifier of Section 4.2 before a state
committed; the

change is underlying

boarding/alighting  state machine and its
multi-sample confirmation behavior are otherwise
Vehicle- and

seat-specific calibration data (Section 5) are

unchanged from the baseline.

collected once per vehicle class and used to train
this classifier offline, so no additional setup is
required from the teacher beyond the initial
application launch.

IV. Implementation

4.1 Application and Boarding/Alighting Logic
Both applications were implemented in Android
Studio using an AWS-backed cloud server for

state management.

x
REGSTRATION NFO

., CHECK
CLCK L o GENERATION
INFO

Fig. 3. Application screens: splash screen (left, center)
and parent-side child registration (right)
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Fig. 3 shows the splash screen and the
parent-side child registration screen; once the
teacher launches the application, it loads the
current child list and continuously scans for
beacon signals.

Initialize:
state = O
r_signal = threshold

+

Scan beacon
RSSI
=
-

l Yes
No
RSS! &=
r_signal 7 —_—

l Yes
Send boarding
notification

Fig. 4. Boarding—recognition state machine with the
adaptive classifier in place of a fixed RSSI comparison

Fig. 4 shows the underlying boarding-recognition
state machine: every child's state is initialized to 0
(not boarded), and on each scan the extracted RSSI
features (Section 4.2) are passed to the adaptive
classifier rather than compared against a single
static value; once the classifier outputs a boarding
decision, the corresponding entry changes from
alighted to boarded — shown to the teacher through
a color change rather than text alone — and a push
notification is sent immediately to the parent. The
alighting path mirrors this structure with the

decision reversed.

4.2 Adaptive Threshold Module

Fig. 5 shows the on-device pipeline that
replaces the fixed-threshold comparison. A sliding
window of the last 10 RSSI samples is reduced to
three features — the windowed mean, the linear
slope over the window, and the variance — chosen
because they are cheap to compute on a
smartphone CPU at scan rate and because the

slope and variance jointly capture the noisy,
monotonically decaying pattern characterized in
Section 5.1.

On-device adaptive thr. module
trained offline on Section 5 calibration data, runs on the teacher's smartphone at inference time

Raw RSSI Feature Lightweght Adgtive
exiraction classifer bearding !

saquence —_— - —>
(mean, siope, (logiste dighng
(sding window) foxe) sicn) dectsion

Fig. 5. On—device adaptive threshold pipeline

Fig. 6 shows the training and validation
accuracy curves used to select the training
duration: validation accuracy plateaus and begins
to diverge from training accuracy by epoch 12, so
training was stopped at that point (early stopping)
to avoid overfitting to the calibration data of any
single vehicle.

Several edge cases were handled explicitly: an
absent child's beacon is simply never detected, so
no false boarding alarm is produced; each Beacon
Address is matched independently so children
seated side by side are not confused with one
another; and boarding/alighting events detected
while network connectivity is briefly lost are queued

locally and re-sent once connectivity returns.

100
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Accuracy (%)

704 /,

early stop
/ i (epoch 12)

60
== Training accuracy
== = Validation accuracy

50 T T T T 'I T T T
25 50 7.5 10.0 125 15.0 17.5 20.0

Training epoch

Fig. 6. Training and validation accuracy of the adaptive
classifier across training epochs
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V. Experiments

5.1 Experimental Setup

Testing proceeded in eight steps performed by
one parent, one teacher, and one student role: the
parent registers the child and the teacher
application loads the resulting list; a tester
carrying a beacon boards the vehicle and the
boarding notification is verified; the tester alights
and the alighting notification is verified. Because
the legal interior dimensions of Korean commuter
vehicles vary widely, this sequence was repeated
for three representative vehicle classes (Fig. 7),
each tested from both the driver's seat and the
front-passenger's seat, to obtain vehicle-specific
RSSI thresholds before the full notification pipeline
was re-tested end to end. A 3 cm circular BLE
beacon (Tx Power — 59 dBm, BLE 4.0) was used
with a Galaxy S21 (parent app) and a Galaxy S7+
tablet (teacher app).

Sample sizes are reported wherever they were
logged: the indoor baseline (Fig. 8) used 10
repetitions per 0.5 m step, and each vehicle-seat
threshold (Section 5.2) was derived from 100
samples; the distance-binned accuracy figures in
Section 5.3, however, draw on trial counts that
were not separately tallied per bin, which limits
the precision with which those bins can be
compared, and this is treated as an explicit
limitation below.

As noted above, sample counts are reported
wherever they were logged in the original
experimental design: future data collection will
follow a pre-registered protocol specifying trial
counts and train/test split ratios in advance to
further strengthen reproducibility.

_ Grand Starex (11-seat)
door — Q interior = 3.2 m
— Pregio (15-seat)
door — interior = 3.7 m
County (25-seat)
door —> interior = 5.5 m
o Driver's seat ) Passenger's scat

Fig. 7. Seating layout and interior length of the three
test vehicles

Before in-vehicle testing, the beacon's baseline
RSSI was sampled 10 times at each 0.5 m step
from 0.5 m to 5.0 m in an obstacle-free indoor
space (Fig. 8), to characterize measurement noise
prior to vehicle trials.

RSSI (dBm)
L
b

-100 T T T T T T T T T T
0.5 1.0 15 2.0 2.5 3.0 3.5 4.0 4.5 5.0

Distance (m)

Fig. 8. Baseline RSSI distribution measured indoors at
0.5 m intervals

5.2 Vehicle-Specific RSSI Thresholds

Table 1. Specifications of the test vehicles

Vehicle Seats Length Interior
Grand Starex 11 5,150 mm 3,200 mm
Pregio 15 4,900 mm 3,700 mm
County 25 6,400 mm 5,500 mm

Table 1 lists the interior dimensions of the three
test vehicles: for each vehicle, RSSI was sampled
100 times at the maximum in-seat distance from

both seat positions.
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Fig. 9. RSSI decay measured at the driver's seat of
each vehicle

Fig. 9 overlays the driver's-seat RSSI curve for
all three vehicles. The County's curve sits
consistently above the other two at any given
distance because its larger cabin requires the
receiving smartphone to register usable signal out
to 5.5 m, which leaves a narrower margin between
the boarding and alighting thresholds once that
curve crosses the 4 m line and explains why the
County alone needed the improved alighting
algorithm to remain usable at its full driver's-seat

range.

Table 2. RSSI thresholds at the driver's seat

Vehicle Boarding Alighting Range
Grand Starex — 65 dBm | — 86 dBm ~25m
Pregio — 67 dBm | — 90 dBm ~ 37 m
County — 75 dBm | — 90 dBm ~ 55 m

Table 3. RSSI thresholds at the front-passenger's seat

Vehicle Boarding Alighting Range
Grand Starex — 40 dBm | — 77 dBm ~ 15 m
Pregio — 40 dBm | — 85 dBm ~ 26 m
County — 40 dBm | — 89 dBm ~ 3.6 m

Fig. 10 compares the maximum recognition
range achieved at each seat across the three
threshold at the
front-passenger's seat is identical (— 40 dBm) for

vehicles. The boarding
all three vehicles because a child must always
pass close to that seat near the door regardless of
vehicle size, whereas the driver's-seat threshold
scales with the vehicle's interior length and is the
binding constraint for larger vehicles.

5.5

B Driver's seat
5 mm Passenger's seat

4 m envelope

Max. recognition range (m)

Grand Starex Pregio County

Fig. 10. Maximum recognition range by vehicle and seat position

5.3 Applied Notification Test and Results

With the calibrated thresholds applied, the full
boarding/alighting pipeline was re-tested on each
vehicle. The Grand Starex and Pregio operated
normally at both seats, the latter requiring the
improved alighting algorithm at the driver's seat.
The County reproduced this pattern at a larger
scale: the front-passenger's seat (= 3.6 m)
operated normally with the basic algorithm, while
the driver's seat (= 5.5 m) required the improved
algorithm and still showed occasional residual
errors at the longest distances.

—50 q

>4 m
(degraded accuracy)

_ r Grand Starex
60 (driver, 2.5 m)

\

gio
(passenger, 2.6 m)

— 4 Pregio
70 (driver, 3.7 m)

RSSI (dBm)

-804
Grand Starex
(passenger, 1.5 m)
=90 1 County
(passenger, 3.6 m)

County
(driver, 5.5 m)

-100

1 2 3 4 5 6
Beacon-to-seat distance (m)

Fig. 11. Boarding/alighting RSSI range by vehicle and
seat position relative to the 4 m operating envelope

Fig. 12 bins all
beacon-to-seat distance and reports notification

recorded trials by
accuracy per bin. Accuracy stays at or above 95%
within 4 m, then drops to 88% in the 4-5 m bin
and 76% beyond 5 m, which is the same threshold
identified in Fig. 11 and confirms that the
degradation is a property of RSSI sensing range

rather than of any single vehicle.
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100 - ) 97% 95%
80 1
60 1
40 -

201

Notification accuracy (%)

0-2 2-3 3-4 4-5 5-6
Beacon-to-seat distance bin (m)

Fig. 12. Notification accuracy by beacon—to—seat distance bin

Table 4. Operational verification summary by vehicle
and seat

Vehicle Driver's Passenger's Note
seat seat
Grand Starex Normal Normal Within 4 m
Pregio Normal* Normal Within 4 m
. Driver's
t Partial* N |
County artia orma seat > 4 m

* Normal with the improved alighting algorithm applied;
partial indicates occasional false transitions beyond the
4 m envelope.

5.4 Adaptive Threshold Evaluation

The adaptive classifier of Section 4.2 estimates
the boarding probability p from the three
windowed features x = (mean, slope, variance)

using standard logistic regression:

|

l (w-r b

Hé (1)

In Eq. (1), w is the learned weight vector, b is

plboarding )

the bias term, and a sample is classified as
boarded when p > 0.5. Model parameters were fit
by minimizing the binary cross-entropy loss
shown in Eq. (2) below,

I. I\l: yilogp: + (1

1. |

yi)log(1 —p,)

(2)
where N denotes the number of labeled calibration
windows collected in Section 4.1. parameters were
optimized using L2-regularized gradient descent (A
= 0.01) to limit overfitting to any single vehicle's
noise characteristics. Classifier quality was
evaluated by the receiver operating characteristic
(ROC) curve, which plots the true positive rate TPR

= TP / (TP + FN) against the false positive rate FPR

= FP / (FP + TN) as the decision threshold on p is
swept, and summarized by the area under this curve
(AUC), with AUC = 1.0 indicating perfect separation
and AUC = 0.5 indicating no better than chance.

1.0 A

0.8 A

0.6

0.4 4

True positive rate

AUC = 0.87

0.2 A

—e— Fixed threshold (Sec. 5.2)
=—e— Adaptive (logistic regression)

0.0 T T T T |
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Fig. 13. ROC curves for the fixed—threshold
baseline and the adaptive classifier

Fig. 13 compares the ROC curve of the
fixed-threshold baseline (Section 5.2) against the
adaptive classifier evaluated on the same held-out
calibration windows. The fixed threshold reaches
AUC = 0.87, while the adaptive classifier reaches
AUC = 0.96, indicating that the learned combination
of mean, slope, and variance separates boarded
from alighted states substantially better than a
single  RSSI

low-false-positive-rate region most relevant to

cutoff, particularly in the
avoiding spurious alighting events.

Fig. 14 repeats the distance-binned accuracy
analysis of Fig. 12 with the adaptive classifier
substituted for the fixed threshold. Within 4 m the
two methods are statistically indistinguishable
(99% vs. 99%, 97% vs. 98%, 95% vs. 97%),
confirming that the adaptive module does not
trade away near-range accuracy to gain far-range
robustness. Beyond 4 m the gap widens: accuracy
improves from 88% to 94% in the 4-5 m bin and
from 76% to 87% beyond 5 m, a relative error
reduction of 50% and 46% respectively. This
narrows, without fully closing, the County
driver's-seat gap identified in Section 5.3, and

does so without any additional hardware — only
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the on-device classifier of Section 4.2.

100 99 99 97 98 o5 97 o
B BEEE 00 R R 88 .....20% refegence. .
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c
)
2 404
O
=
S 20+
Fixed threshold
mm Adaptive (Al)
0_
0-2 2-3 3-4 4-5 5-6
Beacon-to-seat distance bin (m)
Fig. 14. Notification accuracy by distance bin: fixed

threshold vs. adaptive classifier

5.5 Comparison with a Single Fixed Threshold
the benefit of
calibration independent of the adaptive classifier,
the Grand Starex driver's-seat threshold (— 65 /
— 86 dBm) was also applied, unmodified, to the

To isolate vehicle-specific

County driver's seat during the same test runs.
Because most in-seat RSSI readings in the larger
County never reached this imported boarding
threshold, the County driver's seat registered
children as alighted while still seated for a large
share of trials. The reverse experiment — applying
the County's wider threshold to the Grand Starex
— produced the opposite failure mode, registering
children as boarded before they had actually
stepped inside. Both failure modes were absent
under per-vehicle calibration (Tables 2 and 3),
confirming that  vehicle-specific  calibration
remains a precondition for correct operation even
with the adaptive classifier, which improves
accuracy within a calibrated vehicle class but does
not by itself substitute for that calibration step.
The comparison above uses the fixed-threshold
baseline as the sole reference point. It is worth
noting that the improved alighting algorithm
described in Section 5.3, which requires RSSI to
rise back above the boarding threshold before a
sustained drop is accepted as alighting, is
conceptually equivalent to a hysteresis threshold,
so a partial comparison against that alternative is

already embedded in the Section 5.3 and 5.6

results. Moving-average and Kalman filtering
would be expected to trade responsiveness for
smoother, less noisy readings, while non-linear
classifiers such as SVM or random forest offer
greater representational capacity than logistic
regression at higher computational and memory
cost (Section 4.2). A systematic, same-condition
quantitative benchmark against all of these
alternatives was not performed in this study and is

left as a dedicated future comparison.

VI. Conclusions

This study implemented a boarding and alighting
notification system, based on a BLE beacon and a
smartphone augmented with an on-device adaptive
threshold module, to prevent the accidental
confinement of children in commuter vehicles
operated by small academies and schools. Vehicle-
and seat-specific RSSI calibration data were
collected for an 11-seat van, a 15-seat van, and a
25-seat
fixed-threshold baselines and to train a lightweight

minibus, used both to derive
logistic-regression classifier over short-window
RSSI features, and the resulting pipeline was built
on Android Studio, AWS, and Firebase Cloud
Unlike RFID- or seatbelt-based

alternatives, the system requires no explicit action

Messaging.

from either the child or the accompanying teacher,
relying instead on passive beacon detection alone to
drive every boarding and alighting notification.
Experimental results show that the
fixed-threshold baseline operates reliably whenever
the maximum beacon-to-seat distance does not
exceed about 4 m, with accuracy at or above 95%
in that range but falling to 88% and 76% in the 4-5
m and 5-6 m bins, respectively. The adaptive
classifier raised AUC from 0.87 to 0.96 and
improved accuracy in those same two bins to 94%
and 87% while matching baseline accuracy within 4
m, narrowing — without fully eliminating — the

long-range degradation using only an on-device
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model rather than additional hardware. The
proposed approach can help small-scale academies
prevent accidents caused by human oversight
without modifying their vehicles, while extending
the practical operating range beyond what a fixed
RSSI threshold supports.

The present evaluation involved a limited number
of test vehicles, repetitions per seat position, and a
single lightweight classifier architecture, so a
larger-scale field trial across multiple academies
and drivers, together with a comparison against
deeper on-device models, would give a more
statistically robust picture of achievable accuracy.
Future work will target vehicles exceeding 4 m
through an additional beacon receiver combined
with the adaptive classifier, explore incremental
on-device retraining as more boarding/alighting
events are logged per vehicle, and shorten the
notification delay introduced by the multi-sample
confirmation window. The bidirectional
threshold-transfer failure observed in Section 5.6
also suggests that per-vehicle calibration should
remain a mandatory setup step even as adaptive
classification is adopted, since neither a
conservative nor a permissive default threshold was

safe to reuse across the vehicle classes tested here.
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