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[Abstract]

The recent popularization of wearable devices such as smartwatches has enabled users to monitor
various biometric data, such as heart rate and oxygen saturation, in real time. However, existing
commercial devices have limitations such as low measurement accuracy, errors occurring under certain
conditions, and difficulty in clearly identifying error areas. Therefore, in this study, we developed a
highly accurate biometric signal measurement device based on a PPG sensor to improve these issues.
Deep learning was used to classify PPG signals, and a signal processing algorithm was applied to
calculate heart rate. Experimental results showed that the deep learning prediction accuracy was 97.46%,
and the heart rate measurements showed similar trends to those of commercial wearable devices,

confirming high reliability.

» Key words: Artificial Intelligence, Personal Information Protection, Biosignals, Heart rate,
Pulse-peak detection
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II. Preliminaries
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Fig. 2. Deep Learning—Based PPG Signal Pulse
Estimation Model Structure

III. A hybrid heart rate measurement
system using deep learning PPG
classification and peak detection
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Fig. 3. PPG sensor operation principle and
waveform characteristics
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3.1 System Overview
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3.2 Data Labeling and Deep Learning Classification
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Fig. 4. PPG data labeling
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1) signal_array < signal_window, time_array <«
time_window
2) if length(signal_array) < DERIVATIVE_WINDOW: return

3) change_amountl[i] «
signal_array [i+DERIVATIVE_WINDOW] - signal_array[i]
(i = 0..len—1-DERIVATIVE_WINDOW)

4) peak_indices < []
is_rising < False

5) for i in 0..len(change_amount)-1:
if change_amount[i] > MIN_CHANGE_THRESHOLD:
is_rising < True
if is_rising AND change_amount[i] < 0:
peak_indices.append(i + DERIVATIVE_WINDOW)
is_rising < False

6) if peak_indices H|O{UAS: return
min_distance_samples < SAMPLE_RATE / 3.3

7) final_peaks <« [peak_indices[0]]
for each idx in peak_indices[1:]:
if idx — last(final_peaks) > min_distance_samples:
final_peaks.append(idx)
// T3 HE™EE Fol 7|F(5H)
change_idx < idx — DERIVATIVE_WINDOW
if 0 < change_idx < len(change_amount):
peak_queue.push({ time: time_array[idx],
deriv_val:
change_amount[change_idx] })

8) if len(final_peaks) > 1
peak_times < time_array[final_peaks]
rr_intervals_sec < diff(peak_times)

for each interval in rr_intervals_sec:
if 0.3 < interval < 2.0:
rr_intervals .append(interval)
if rr_intervals HIO{UX| £S:
average_rr < mean(rr_intervals)
current_bpm < 60 / average_rr

Code 1. PBM Update Algorithm
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3.3 Peak detection and heart rate calculation
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Table 1. Hardware Configuration

Category Description

CPU Intel(R) Core(TM) i7-10700 CPU @2.90GHz

Memory RAM 32GB

Embedded Arduino Uno

board
Samsung Galaxy Watch 5
Battery(Typical): 410mAh

Smartwatch | 0S: Wear 0S Weight: 33.5g
Screen Size: Memory: RAM1.5

43.3*44.4%x9 8mm Storage: 16GB

Optical heart rate detector (PPD),
BIA electrocardiogram (ECG), accelerometer (up

Sensor to 32G), compass, gyro, barometer, light
sensor, and body temperature sensor.
Network Serial communication
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Fig. 5. PPG signal classification performance
(L) model accuracy (R) model loss rate

4.2 Pulse peak detection and heart rate measurement
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Fig. 6. Real-time PPG signal analysis and heart rate
measurement
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4.3 Hybrid heart rate monitoring system performance
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Table 2. Hybrid heart rate measurement results

Heart Rate Measurement
Results (BPM)
Measu.re.ment . Commercial
conditions Hybrid Heart Rate
Measurement SIEITERE
(Galaxy Watch 5)
1 Stability 66 66
2 Stability 63 64
3 Stability 61 61
4 Stability 63 64
5 Stability 64 65
6 1 arm lift 69 69
7 1 arm lift 64 68
8 2 arm lift 68 69
9 2 arm lift 72 73
10 | 2 arm lift 62 62
11 | 3 arm lift 68 68
12 | Get up and sit down 74 81
13 | Get up and sit down 73 76
14 | Get up and sit down 75 76
15 | Stability 59 61
Average 66.73 68.2
V. Result
2 e Ao 502 oRE7] 3¢ PPG Al g
Ag Bestr] fsl dE2d 7I8t PPG 4=z &/
(ID-CNN) &} ¥12}& 7|¥F Mo} o3 (PPG peak) A&
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