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Exercise Detection Method by Using Heart Rate and Activity
Intensity in Wrist-Worn Device

Sung Ji Hoon™ - Choi Sun Tak™ - Lee Joo Young™ - We-Duke Cho™"

ABSTRACT

As interest in wellness grows, There is a lot of research about monitoring individual health using wearable devices. Accordingly, a
variety of methods have been studied to distinguish exercise from daily activities using wearable devices. Most of these existing studies
are machine learning methods. However, there are problems with over-fitting on individual person’s learning, data discontinuously
recognition by independent segmenting and fake activity. This paper suggests a detection method for exercise activity based on the
physiological response principle of heart rate up and down during exercise. This proposed method calculates activity intensity and heart
rate from triaxial and photoplethysmography sensor to determine a heart rate recovery, then detects exercise by estimating activity
intensity or detecting a heart rate rising state. Experimental results show that our proposed algorithm has 98.64% of averaged accuracy,
98.05% of averaged precision and 98.62% of averaged recall.

Keywords : Wearable Device, Exercise Detection, Physiological Principal, Physiological Signal, Activity Recognition
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Decision Tree(C4.5), k-Nearest Neighbor(k-NN), Naive
Bayes Classification(NB), Support Vector Machine(SVM),
Multi-layer Perceptron(MLP)S AM&-&Fith k-NN ¢xdl&
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Table 1. Test Case

Case Training Testing
1 S1 S2, S3, S4
2 S2 S1, S3, S4
3 S3 S1, S2, S4
4 S4 S2, S3, S4
5 S1, S2 S3, S4
6 S1, S3 S2, S4
7 S1, S4 S2, S3
8 S2, S3 S1, S4
9 S2, S4 S1, S3
10 S3, S4 S1, S2
11 S1, S2, S3 S4
12 S1, S2, S4 S3
13 S1, S3, S4 S2
14 S2, S3, S4 S1

51754 9] 2K Subject 1~4) Hlo]H

oA e B FEe vus 9ste], ¥ AdE
Adnit} o2 AAA 54& A JE HE e A
@ w2k A% (Cross Validation) H4& AMEst). wal 4
T2 574 dolg Aoyt dagFo] I oA FE S5y
|28 (Testing)dll A= Hlo|EE th4s)

(Training) 2
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dugjEo S HrEskz] $al Confusion MatrixS Ab
83}t Table 2~62] 7|78k, Table 79] #|Qtsl= daeH
nlt} Z-&A(TN: True Negative), $1%4(FP: False Positive),
$154 (FN: False Negative), ¥ %4 (TP: True Positive)2] 4~
2 Yehda AEE(Accuracy, ACC), A% %E(Precision,
Positive Predictive Value, PPV), #] &£ (Recall, True Positive
Rate, TPR)S &&= YeRHITh TN 4% &arglFel



98 ZEHMElES

ﬁ
Hl
pal
o
sl
m
Pl

o] ofd BR 4533, AARE F o] ofyl Hg-o]
1 FPO] A9 50 & dFEsgot, AAZE 5] ofd
7490tk FN9| 49 daglFo] %] ol o F3e
U, AARE 5 45l TP 4§ 2522 o334
i, AARZE 52 Aot &, dugEFes T 2EAIL
2 TPZ AXksA #th

AHEs A4 444 A5 FolA s SEoz o

S AL MeH M4=(2019. 4)

TN+ TP

ACC=

TN+ FP+FN+ TP

ACC: A8

PPV P

PPV: A2

T FP+TP

gk vl &o] grly H &2 & YERdY. Equation ()2 ALte
O AdEs dagFe] eolgta 53 4§ T AA=
$E A9 W ES Eau, Hoz KA Bquation () rPR= T o
W 2 AdE2 AR Fedd Af T dadFe] £EL
TPR: A&
2 o2 4%e] v &S Ear), o= TR Equation
Qe 2ot
Table 2. Confusion Matrix for C4.5
Case TN FP FN TP ACC PPV TPR
1 588 29 262 286 75.02 90.79 52.19
2 792 64 307 365 75.72 85.08 54.32
3 1037 41 298 293 79.69 87.72 49.58
4 1067 105 422 296 7212 73.82 41.23
5 213 19 162 215 70.28 91.88 57.03
6 429 25 169 127 74.13 83.95 42.91
7 498 50 116 307 82.90 85.99 72.58
8 649 44 180 240 79.87 84.51 57.14
9 734 53 249 298 71.36 84.90 5448
10 970 39 239 227 81.15 85.34 48171
11 64 5 43 82 75.26 94.25 65.60
12 152 11 69 183 80.72 94.33 72.62
13 371 14 103 68 78.96 82.93 39.77
14 594 30 144 151 81.07 8343 51.19
Table 3. Confusion Matrix for k-NN
Case TN FP FN TP ACC PPV TPR
1 479 138 467 81 48.07 36.9 1478
2 606 250 520 152 49.61 37.81 22.62
3 601 477 377 214 48.83 30.97 36.21
4 252 920 236 482 38.84 34.38 67.13
5 182 50 314 63 40.23 55.75 16.71
6 330 124 227 69 53.20 35.75 23.31
7 403 145 298 125 54.38 46.30 2955
8 414 279 266 154 51.03 3557 36.67
9 502 285 350 197 52.40 40.87 36.01
10 42 267 218 248 46.78 3043 53.22
11 40 29 81 44 43.30 60.27 35.20
12 127 36 164 88 51.81 70.97 34.92
13 217 108 122 49 58.63 31.21 28.65
14 332 292 182 113 48.42 2790 38.31
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Table 4. Confusion Matrix for NB

Al
=

Case TN FP FN TP ACC PPV TPR
1 610 7 312 236 72.62 97.12 43.07
2 742 114 220 452 78.14 79.86 67.26
3 1068 10 386 205 76.27 95.35 34.69
4 1127 45 347 371 79.26 89.18 51.67
5 223 9 191 186 67.16 95.38 49.34
6 450 4 177 119 75.87 96.75 40.20
7 545 3 236 187 75.39 98.42 421
8 668 25 243 177 75.92 87.62 42.14
9 721 66 174 373 82.01 84.97 68.19
10 1003 6 326 140 7749 9.89 30.04
11 66 3 65 60 64.95 95.24 48.00
12 160 3 125 127 69.16 97.69 50.40
13 384 1 109 62 80.22 98.41 36.26
14 613 11 18 110 78.67 90.91 37.29

Table 5. Confusion Matrix for MLP

Case TN FP FN TP ACC PPV TPR
1 269 279 36 581 72.96 67.56 94.17
2 147 525 47 809 62.57 60.64 9451
3 224 367 69 1009 73.88 73.33 93.60
4 628 90 245 927 82.28 91.15 79.10
5 123 254 6 226 5731 47.08 97.41
6 244 52 13 441 91.33 89.45 97.14
7 334 39 64 484 89.39 92.54 83.32
8 192 228 21 672 77.63 74.67 96.97
9 166 381 31 756 69.12 66.49 96.06
10 135 331 22 987 76.07 74.89 97.82
11 9 27 2 67 85.05 71.28 97.10
12 243 9 5 158 96.63 94.61 96.93
13 130 41 19 366 89.21 89.93 95.06
14 162 133 70 554 7791 80.64 8878

Table 6. Confusion Matrix for SYM

Case TN FP FN TP ACC PPV TPR
1 542 75 42 506 89.96 87.09 92.34
2 749 107 131 541 84.42 83.49 80.51
3 1026 52 202 389 84.78 88.21 65.82
4 1062 110 245 473 81.22 81.13 65.88
5 195 37 3 374 93.43 91.00 99.20
6 427 27 41 255 90.93 90.43 86.15
7 484 64 22 401 91.14 86.24 94.80
8 615 78 129 291 81.40 78.86 69.29
9 690 94 178 369 79.56 79.70 67.46
10 939 70 138 328 85.90 82.41 70.39
11 61 8 2 123 94.85 93.89 98.40
12 140 23 3 249 93.73 91.54 98.81
13 364 21 19 152 92.81 87.86 88.89
14 560 64 129 166 79.00 7217 56.27
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Table 7. Confusion Matrix for Proposed

Case TN FP FN TP ACC PPV TPR
1 609 11 6 539 98.54 98.00 98.90
2 854 7 1 656 98.82 98.94 98.35
3 1063 15 8 583 98.62 97.49 98.65
4 1158 15 10 707 98.68 97.92 98.61
5 231 2 5 37 98.35 99.46 98.67
6 445 10 3 292 98.27 96.69 98.98
7 539 10 5 417 98.46 97.66 98.82
8 690 6 7 410 98.33 98.56 98.32
9 786 6 9 533 98.88 98.89 98.34
10 997 14 7 457 9858 97.03 98.49
1 68 1 2 123 98.45 99.19 98.40
12 166 1 3 245 99.04 99.59 98.79
13 375 9 1 171 98.20 95.00 99.42
14 621 5 6 287 98.80 98.29 97.95
Performance Metrics of Algorithms o) ulie, 3381%e] AR ER 7P Rkl NBel 93.06%-]
AUE NJLP7} 9B.78%° AdEE 71 =t AtstE &

Wel Aumsh AASS 9805%9t 9862067 A3 e} vz

z A% 7% FnZERTY B9 A LagEel TP )
L . 2o] B 1A% GaeFol s 7] W] G3HEs) 4
£ IH W @] BYTh A Add dPow AEF &%
: . o) % 71%(Cold Stancerd)] 7P7HE A3HE ehgit
kNN Proposed
Herithms Table 9. Standard Deviation in Performance Metrics
W Accuracy EPrecision ORecall
Fig. 6. Performance Metrics Standard Algorithms
Deviation | c45 |k-NN| NB | SVM | MLP | Proposed
Table 8. Performance Metrics Accuracy | 363 | 522 | 48 | 547 | 10.80 0.23
Performance T . Precision | 515 | 1231 | 549 | 576 | 1338 | 1.20
Metrics C45 |k-NN | NB | SVM | MLP | Proposed Recall 997 | 1327 | 10.77 | 1430 | 5.00 0.35
Accuracy | 7745 | 4897 | 7522 | 87137 | 7867 | 9864
Precision | 8632 | 4108 | 9306 | 8529 | 7673 | 9805 Table 9= Table 2~7eIA 9] <arelsd Ao, AU,
A& FHA S YEhdL Adtsle daesy A
Recall | 5424 | 3381 | 4591 | 81.01 | 9378 | 9862 B% [l 0230 Aol vH| JE mEEEe HF o
629 WA LERTL FH e AEEE e SVME
Table 83} Fig. 6 Table 2~7914 <dnzEHEE 14749 FFAA7)L 547012 ABEE 1439 AXE B} o= &
Aolnz $5& AEAAL ul A4E A%E AUE A A AFE Swrlolgd] 9EA AHF BAZ, Y] 7]
d&S Fugom vepdo V& g HaE 4 A7 Jilvith th2 3 PPG AA7F Bl A shr] wiiE
T k-NNo| 4887%= 7} vk, SVMo| 87.37%= 7+ o Ak N5 #7718 EHoR AHgatr] ofH7] witol
S9kTh SVME WFE lolEE BRapod A1 2 e o Ak dnaFe £% Al el waks AA
2 24 A% 2] dRd ML &S ANES nelt  § AUE Vo $EL ARSI HEAA} 4%
Ao ARET SYMS ALE 7% duelZe Bt g3 023, 120, 0352 /& g Fel] 3 tolge] ¢&xe]4
E7h B 80%e] TIAA Rach Aekss wEel B 4 2e $XE nan
B BAI%E 71E FRFERT ¥ £A5 BAT Y] Fig. 7¢ Case 1] g SVM &ae]Z(b)3 AlQkshs o
& dugFe Hi AU AdEAAE k-NNo| 41.08% 1YPFY &AL HE AR OE FVIE V1ES VE@T
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a) Label of Gold Standard for Case 1
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Fig. 7. Label Graph for Case 1
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