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Mﬁﬁ?uiia%ﬁ%iﬂéﬁﬁ?ﬂ - HBRBHET G-
SRR o f%a v [2][3][4]105]
Wearable Device Compare Table
Apple Watch S8 Xiaomi Smart Band 7 Samsung Galaxy Watch5  Google Pixel Watch
Product b @’
(4] (5] [6] [7]
Function me - 0E - ERRE - & A - 0F - ERHS - ~HE - ERRE - 0E - ERERSE -
HRIEN - BREA BAREE JII]F I - B2R BN
Light Source Green ~ Red ~ IR Green - Red Green ~ Red Green ~ IR
Sensors Count 4 2 8 8
*?%ﬂpﬁﬁgﬂAWWG&Wa%@AHﬁ%%\?ﬁﬁﬁﬁﬁﬁgyi%@Wﬁﬁ,i@
PEEAMS TR A REKE P B EFMEZFF DAWPPG PR R SRR B R
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L5 Rk ;%}@"/E'Jﬁﬁ&f,@zq* MR RFRERL o AFEJEL RFOEE B
Pk Bk hficei®iie s > % R En ik PPG T 7 4p B 2 Ry o

2. 32 % AW-PPG & Blir+lz T R* 258

T4l AW-PPG B RIEE 2 AR K FHNE > R R SI%E L w R T AR B o At
%23 1* Android Studio fie & Java K2 FH R RN 0 2 AT A BT AW-PPG £ 7]
IERTE R X

3. #4.17 IRB &%
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1) # kBB ez i AW-PPG £ p|H- &

ARG DERARBRCEART I R TEIFTERIRF TN o ST g M
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rEy R iF= 7@?_7 e ch;‘)E?:@_;é U ATRERB T HRETHEFE N L F ’bé’f’!%%%’fu I S
LEARRAL 5 ST RA RS FEFSE LN B T AT FRRTY K LED &% 4 LED

/£ (CCT - correlated color temperature) 4 %] £_6500K % 3000K > H# j& & § F ¥ /& ¥ 400nm~760nm <5
2 v'c%afif] o A ¥ L ERE* hf| §_650nm~1050nm KK > * (EHL 2 L £ R RE RS DR
PR T A dg g TR L o FE B G P B4 ] 7 SMD (Surface Mount Device ) i o
LRI KR T A A

2. RRW R e A&

I I Y Y

LED 1 3000K(White) 6500K(White) 650~1050nm(NIR)
LED 2 3000K(White) 6500K(White) 750nm{NIR)
LED 3 525nm(Green) 525nm(Green) 880nm(NIR)
LED 4 940nm(NIR) @40nm(NIR) 940nm({NIR)
LRk RdeT Bl
Brand: Kingbright ’
Item: APTD2012F3C
Color: NIR B & nanolambda NSP32
Wavelength: 940nm
Brand: Seoul Brand: Vishay
Item: $150-3030xx9503 ltem: VLMTG1400-GS08
Color: White Color: Green
Wavelength: Broad Band Wavelength: 525nm
Bl LAl e pm s 7 & B[6]
Brand: Kingbright ’
Iltem: APTD2012F3C
Color: NIR [ - nanolambda NSP32
Wavelength: 940nm
Brand: Seoul Brand: Vishay
[tem: STWOC2PB-S 6500K Item: VLMTG1400-GS08
Color: White Color: Green
Wavelength: Broad Band Wavelength: 525nm

Bl 2. A2 e fie % 7 R BI[6]
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Brand: KINGBRIGHT ’
ltem: APTD2012F3C
Color: NIR nanolambda NSP32
Wavelength: 940nm
Brand: KINGBRIGHT Brand: LUMILEDS
Item: APTD20125F4C Item: L1C1-FRD1000000000
Color: NIR Color: Red
Wavelength: 880nm Wavelength: 720nm~750nm
Brand: OSRAM
Iltem: SFH-4735
Color: Broad Band
Wavelength: 650nm~1050nm

Bl 3. A3 f- e fie & 7 R BI[6]
2) AW-PPG & Rl#p#l2 & " 4230
AW-PPG & Bl¥r#l2. T R* 4255 4oBl 4 #7577 o 5 7 #24] AW-PPG £ Bl E 2 %R L H 5
Ardlic B2 {1*  Android Studio fie £ Java 3t E ST AR o SRR T ORE RS @
% AW-PPG 4541 % 845 o AW-PPG 434 T Bedr 8y £ (S 4m 4]0 R B BB 00 2 i) o6 3
Bl & NSP32 P~k gl » T BFFP- kg giw B S8 > PSR (7 2 BRI R > el
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Mg RFMEE L - Aol P AR RS YA ARk B LE Y R
® WA & .

b) é 5= l‘ﬁs‘ﬁf/‘ *3‘_‘1]1] 2yl éﬁ
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a) EfficientNet #-3]:E = 2 PR &
i * EfficientNet 7% #£& {7 = 87 I AR > T FRFEL L4707 Bl & i

Layer (type) Output Shape Param #
efficientnetv2-b® (Function (None, 4, 4, 1288) 5919312
al)

gap (GlobalAveragePooling2D (None, 1288) 8

)

batch_normalization (BatchN (None, 1288) 5128
ormalization)

dropout (Dropout) (None, 128@) 8
fc_out (Dense) (None, 2) 2562

Total params: 5,926,994
Trainable params: 5,122
Men-trainable params: 5,921,872

] 11. MobileNet #-2] 7% 4 §]

PGB AL Gl 4o T F T

% 8. MobiletNet 2" 3 GAF-PLT i 42

Accuracy o
Train History
Lo E— I
walidation
0.8 4 ﬁ
.. 06 A |
=
et
5 |
o |
LEPE
02
0.0+ T T T T T T
0 50 100 150 200 250 300
Epoch
LOSS Train History
10
—— ftrain
walidation
0.8
0.6
wn
W
k=
044
02 W,
At M o At g AR A
0.0 T T
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T T T T
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S 8- R pH R S DAL S S
% 9. GAF EfficientNet 3" 5% % % 1

12 R pﬁf}i?"ﬁ RBC GOT Na PLT Pro Ca P

PIEE 1

Accuracy 53.60% | 54.53% | 58.13% | 47.90% | 42.09% | 62.32% | 55.81%

Precision 29.38% | 72.33% | 60.94% | 66.39% | 42.08% | 73.70% | 69.85%

Recall 51.29% | 59.31% | 65.60% | 53.04% | 66.83% | 64.37% | 54.36%

F1Score | 37.36% | 65.18% | 63.19% | 58.97% | 51.65% | 68.72% | 61.14%
PIRE 2

Accuracy 97.89% | 97.89% | 98.94% | 96.84% | 96.84% | 96.84% | 98.94%

Precision | 100.00% | 100.00% | 98.03% | 100.00% | 98.00% | 97.10% | 97.87%

Recall 94.87% | 97.22% | 100.00% | 94.91% | 96.07% | 98.52% | 100.00%

FlScore | 97.36% | 98.59% | 99.09% | 97.39% | 97.02% | 97.81% | 98.92%

# 10. GAF EfficientNet 2" % % 4 11
2 8~10 * ?T}l:"'ﬁ RBC GOT Na PLT Pro Ca P

Rl E 1

Accuracy | 98.83% 98.83% 98.83% 97.67% 98.83% 96.51% 98.83%

Precision | 97.61% 98.14% 97.82% 98.11% 98.43% 97.79% | 100.00%

Recall 100.00% | 100.00% | 100.00% | 98.11% | 100.00% | 95.65% 97.72%

F1 Score | 98.79% 99.06% 98.90% 98.11% 99.21% 96.70% 98.85%
RlEE 2

Accuracy | 57.85% 56.05% 51.00% 60.06% 57.85% 57.85% 52.05%

Precision | 60.80% 50.16% 44.66% 65.63% 84.96% 60.80% 48.94%

Recall 77.13% 74.70% 66.83% 73.19% 56.60% 77.13% 46.63%

F1 Score | 68.00% 60.01% 53.54% 69.21% 67.94% 68.00% 47.76%
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% 11. MTF EfficientNet 2" % % % I

11208 PR RBC GOT Na PLT Pro Ca P
|
Accuracy | 64.30% | 52.55% | 63.60% | 47.90% | 43.83% | 55.46% | 50.11%
Precision | 54.07% | 84.98% | 68.04% | 59.58% | 42.87% | 76.19% | 57.71%
Recall 64.41% | 56.43% | 69.55% | 53.32% | 68.95% | 57.86% | 49.89%
F1Score | 58.79% | 67.82% | 68.79% | 56.28% | 52.87% | 65.77% | 53.52%
R 2
Accuracy | 95.78% | 94.73% | 98.94% | 98.94% | 93.68% | 95.78% | 93.68%
Precision | 94.36% | 91.93% | 98.41% | 98.59% | 90.00% | 94.36% | 88.67%
Recall | 100.00% | 100.00% | 100.00% | 100.00% | 94.73% | 100.00% | 100.00%
F1Score | 97.10% | 95.79% | 99.20% | 99.29% | 92.30% | 97.10% | 94.00%
# 12. MTF EfficientNet 2" ¢ % % II
r8~10 7 FRIR RBC GOT Na PLT Pro Ca P
/?IJ;i:‘Q; 1 [s) [s) [s) [v) 0, 0, 0,
Accuracy | 96.51% | 97.67% | 98.83% | 97.67% | 96.51% | 93.02% | 96.51%
Precision | 97.61% | 100.00% | 97.82% | 98.11% | 98.43% | 95.55% | 100.00%
Recall | 95.34% | 96.42% | 100.00% | 98.11% | 96.92% | 91.48% | 93.47%
F1Score | 96.47% | 98.18% | 98.90% | 98.11% | 97.67% | 93.47% | 96.62%
R 2
Accuracy | 66.28% | 57.11% | 66.38% | 61.43% | 57.32% | 66.28% | 59.64%
Precision | 77.68% | 58.65% | 68.50% | 69.18% | 81.96% | 77.68% | 59.52%
Recall | 76.80% | 71.06% | 75.97% | 73.00% | 56.49% | 76.80% | 54.52%
F1Score | 77.24% | 64.26% | 72.04% | 71.04% | 66.88% | 77.24% | 56.91%

16




% 13. RP EfficientNet 2" % % % 1

1200 TR RBC GOT Na PLT Pro Ca P
RIFFE 1
Accuracy | 53.83% | 57.55% | 50.23% | 44.41% | 39.18% | 66.39% | 49.41%
Precision | 39.50% | 84.58% | 51.08% | 56.28% | 31.96% | 73.29% | 59.57%
Recall 51.28% | 59.86% | 58.99% | 50.64% | 68.47% | 68.87% | 49.32%
F1Score | 44.63% | 70.10% | 54.75% | 53.32% | 43.58% | 71.01% | 53.96%
R 2
Accuracy | 94.73% | 100.00% | 97.89% | 97.89% | 98.94% | 94.73% | 97.89%
Precision | 100.00% | 100.00% | 100.00% | 100.00% | 98.00% | 100.00% | 100.00%
Recall | 93.24% | 100.00% | 96.22% | 96.55% | 100.00% | 93.24% | 95.91%
F1Score | 96.50% | 100.00% | 98.07% | 98.24% | 98.98% | 96.50% | 97.91%
% 14. RP EfficientNet 2" & % % 11
1 8~10 TR RBC GOT Na PLT Pro Ca P
/?IJ;:;;’Q; 1 [v) [v) [v) [v) 0, 0, 0,
Accuracy | 96.51% | 93.02% | 97.67% | 97.67% | 97.67% | 95.51% | 96.51%
Precision | 100.00% | 90.74% | 97.82% | 98.11% | 98.43% | 100.00% | 100.00%
Recall | 93.33% | 98.00% | 97.82% | 98.11% | 98.43% | 93.33% | 93.47%
F1Score | 96.55% | 94.23% | 97.82% | 98.11% | 98.43% | 96.55% | 96.62%
RIS B 2
Accuracy | 65.96% | 54.05% | 55.53% | 61.64% | 58.90% | 65.96% | 53.74%
Precision | 75.25% | 42.94% | 47.66% | 69.02% | 76.15% | 75.25% | 54.11%
Recall | 77.81% | 77.01% | 72.58% | 73.32% | 58.37% | 77.81% | 48.52%
F1Score | 76.50% | 55.14% | 57.54% | 71.11% | 66.08% | 76.50% | 51.16%
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b) MobileNet fi-3|iE = % PlE 2 %
i * MobileNet 7 38 {7 = &7 I 2 o320 > L& 727 £ 150 AR ST A v [ o

Model: "sequential”

I~

Layer (type) Output Shape Param #
mobilenet_1.88_224 (Function (None, 3, 3, 1024) 3228864___
gap (GlobalAveragePooling2D) (None, 1024) Q
batch_normalization (BatchNo (None, 1824) 4096
dropout (Dropout) (None, 1024) e

fc_out (Dense) (None, 2) 2050

Total params: 3,235,010
Trainable params: 4,098
Non-trainable params: 3,230,912

] 12. MobileNet #-3] 2 # B
PIREALEE BT & T
% 15. MobileNet 2" = GAF-PLT % 42

Accuracy Train History
Lo h’a‘lr\»—hr B L A e S v -y -
—— validation
’
0.8 1 ‘I
|
0.6 1
)
e
3
& 0.4 1
0.2
0.0 ' v
0 50 100 150 200 250 300
Epoch
LOSS Train History
1.0
—— train
—— validation
0.8 4
0.6
2
2
0.4
0.2 1
0.0 v T v
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Epoch
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# 16. GAF MobileNet 2" 5% % % 1

m12 0 R s RBC GOT Na PLT Pro Ca P
Bl 1
Accuracy | 53.25% | 58.95% | 58.72% | 53.72% | 39.65% | 60.23% | 60.00%
Precision | 28.64% | 84.18% | 50.88% | 79.79% | 28.95% | 73.08% | 78.97%
Recall | 50.65% | 60.94% | 70.87% | 56.33% | 72.33% | 62.47% | 57.09%
F1Score | 36.59% | 70.70% | 59.24% | 66.04% | 41.35% | 67.36% | 66.27%
BlEE 2
Accuracy | 98.94% | 100.00% | 94.73% | 96.84% | 94.73% | 92.63% | 96.84%
Precision | 97.29% | 100.00% | 90.19% | 94.64% | 98.00% | 95.65% | 93.61%
Recall | 100.00% | 100.00% | 100.00% | 100.00% | 92.45% | 94.28% | 100.00%
F1Score | 98.63% | 100.00% | 94.84% | 97.24% | 95.14% | 94.96% | 96.70%
# 17. GAF MobileNet 2 st % % # II
2 8~10 7 FHIR | RBC GOT Na PLT Pro Ca P
R
Accuracy | 94.18% | 94.18% | 95.34% | 98.83% | 98.83 | 94.18% | 90.69%
Precision | 95.45% | 93.61% | 97.43% | 97.50% | 100.00% | 92.85% | 90.24%
Recall | 93.33% | 95.65% | 92.68% | 100.00% | 98.48% | 95.12% | 90.24%
F1Score | 94.38% | 94.62% | 94.99% | 98.73% | 99.23% | 93.97% | 90.24%
R B 2 .
Accuracy | 58.58% | 53.00% | 49.94% | 57.53% | 57.21% | 71.44% | 54.26%
Precision | 64.16% | 59.93% | 38.00% | 68.41% | 78.55% | 80.97% | 39.52%
Recall | 50.59% | 65.61% | 68.88% | 69.15% | 56.72% | 80.39% | 48.69%
F1Score | 56.57% | 62.64% | 48.97% | 68.78% | 65.88% | 80.68% | 43.63%
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# 18. MTF MobileNet 3" % % % 1

1200 TR RBC GOT Na PLT Pro Ca P

|
Accuracy | 53.83% 61.86% 63.83% 49.30% 51.97% 59.65% 55.11%

Precision | 32.34% 92.68% 63.51% 67.21% 44.93% 79.08% 66.35%

Recall 51.57% 61.71% 71.87% 54.06% 81.37% 60.82% 53.99%

F1Score | 39.75% 74.09% 67.43% 59.92% 57.90% 68.76% 59.53%

R 2
Accuracy | 95.78% | 97.89% | 94.73% | 97.89% | 93.68% | 96.84% | 97.89%
Precision | 93.93% | 100.00% | 92.53% | 98.41% | 97.67% | 100.00% | 96.00%
Recall | 93.93% | 96.96% | 100.00% | 98.41% | 89.36% | 96.10% | 100.00%
F1Score | 93.93% | 98.46% | 96.12% | 98.41% | 93.33% | 98.01% | 97.95%
# 19. MTF MobileNet 3" R 5% % % II
1 8~10 TR RBC GOT Na PLT Pro Ca P
/?IJ;i:‘Q; 1 0, [v) [v) [v) 0, 0, 0,
Accuracy | 95.34% | 96.51% | 98.83% | 97.67% | 97.67% | 94.18% | 98.83%
Precision | 95.23% | 98.14% | 97.82% | 98.11% | 98.43% | 93.33% | 100.00%
Recall | 95.23% | 96.36% | 100.00% | 98.11% | 98.43% | 95.45% | 97.72%
F1Score | 95.23% | 97.24% | 98.90% | 98.11% | 98.43% | 94.38% | 98.85%
RIS B 2
Accuracy | 46.68% | 60.27% | 68.07% | 54.58% | 56.48% | 56.26% | 53.31%
Precision | 54.63% | 70.19% | 71.66% | 59.78% | 83.96% | 59.65% | 49.88%
Recall | 40.14% | 69.63% | 76.37% | 69.53% | 55.71% | 75.81% | 47.96%
F1Score | 46.28% | 69.91% | 73.94% | 64.29% | 66.98% | 66.77% | 48.90%
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# 20. RP MobileNet "R % % % |

112 0 FR R RBC GOT Na PLT Pro Ca P
RIFFE 1
Accuracy | 55.63% | 55.34% | 52.68% | 48.05% | 54.89% | 58.72% | 52.16%
Precision | 65.66% | 78.85% | 54.00% | 52.38% | 70.94% | 65.01% | 24.00%
Recall | 47.98% | 59.02% | 65.19% | 64.88% | 55.57% | 62.80% | 43.77%
F1Score | 55.44% | 67.51% | 59.07% | 57.97% | 62.32% | 63.88% | 31.00%
R 2
Accuracy | 94.18% | 98.94% | 97.67% | 97.67% | 98.83% | 94.73% | 97.67%
Precision | 90.90% | 98.43% | 97.43% | 97.50% | 100.00% | 95.94% | 95.12%
Recall | 97.56% | 100.00% | 97.43% | 97.50% | 98.48% | 97.26% | 100.00%
F1Score | 94.11% | 99.21% | 97.43% | 97.49% | 99.23% | 96.59% | 97.50%
# 21. RP MobileNet 3" % % # II
1 8~10 TR RBC GOT Na PLT Pro Ca P
/?IJ;i:‘Q; 1 [s) [s) [v) [v) 0, 0, 0,
Accuracy | 94.18% | 94.18% | 97.67% | 97.67% | 98.83% | 95.34% | 97.67%
Precision | 90.90% | 95.74% | 97.43% | 97.50% | 100.00% | 92.85% | 95.12%
Recall | 97.56% | 93.75% | 97.43% | 97.50% | 98.48% | 97.50% | 100.00%
F1Score | 94.11% | 94.73% | 97.43% | 97.49% | 99.23% | 95.12% | 97.50%
RIS B 2
Accuracy | 55.63% | 47.94% | 52.68% | 48.05% | 54.89% | 58.69% | 52.16%
Precision | 65.66% | 60.09% | 54.00% | 52.38% | 70.94% | 66.09% | 24.00%
Recall | 47.98% | 60.48% | 65.19% | 64.88% | 55.57% | 74.87% | 43.77%
F1Score | 55.44% | 60.28% | 59.07% | 57.97% | 62.32% | 70.21% | 31.00%
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Abstract—In recent years, with the proliferation of wearable devices, wearable watches and wristbands
capable of measuring physiological information have become indispensable tools for many in modern
society. These wearable devices allow individuals to monitor real-time physiological data, such as heart
rate, blood pressure, and blood oxygen concentration, to maintain their health. However, there is
currently no non-invasive method available on the market for measuring blood related information
within the human body.

Therefore, this study aims to investigate whether wearable devices can provide a non-invasive means of
acquiring blood-related information through related signal processing algorithms and neural network
models, utilizing an All-Wavelength Photoplethysmography (AWPPG) approach combined with neural
network models for accurate measurement of blood information. The research is divided into three main
components: the development of a non-invasive wearable device, the collection of blood information in
a clinical setting, and the exploration of one-dimensional signal algorithm models.

Currently, we have collected blood-related data at the hospital using our self-developed AWPPG
measurement device. We have also trained artificial intelligence models for various blood parameters.
The accuracy rate for blood glucose is seventy percent, while for hemoglobin, platelet count, sodium ion
concentration, calcium ion concentration, and total protein content, the accuracy rate is approximately
sixty to seventy percent.

Keywords: Wearable Devices, Non-Invasive Sensing System, Neural Network Model
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