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Abstract

With the widespread use of smartphones, more and more smartphones have the ability to evalu-
ate the daily activity energy consumption of users. This feature mainly relies on the smartphone to
record daily activity data and calculate energy consumption. However, how to effectively classify
and analyze this data is a challenging task. This study conducts experiments on data from labora-
tory personnel to classify and analyze the data to improve the accuracy and validity of the data
processing. The research is divided into three main parts: 1) Data preprocessing: Through data
cleaning and standardization, time and frequency domain features are extracted, and unsuper-
vised classification of these features is conducted using hierarchical clustering. A hierarchical tree
diagram was generated to display the hierarchical relationship among data points. 2) Classifica-
tion model evaluation: Using motion data from 10 participants, a Random Forest classification
model was trained and tested. The overall accuracy of the model was 65%, with the best per-
formance in classifying category 8, while categories 2 and 3 showed poorer classification re-
sults. 3) Data variance analysis: The data were consolidated, and a multivariate analysis of vari-
ance (MANOVA) was conducted to assess significant differences in sensor data among participants.
The results indicated no significant differences in sensor data across the participants. In addition,
relevant analyses are conducted to calculate the correlations between the transmission data and
laboratory personnel characteristics (age, height, weight), combining correlation and regression
analysis. This study summarizes the problems identified in data classification and analysis and
provides further recommendations for model optimization and data processing.
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AR, B RETF NI B ARG FH AL B2 B AT I8 SRS 4 AR AE TN BN P . B0 N RTE
AT 7T IR . 5 Smith 25 A (2020) 1 A SRR EAHL(SVM)X 5 S 34T T 2K,
HUA3 T 90%[¥#ERfi =, 1M Johnson Fl Lee (2021) MR FH B HLAR MR S2:5% B0 MU AT B 3E4T 1 X 43, HUAS
T 85%[HERIZE . Wang 55 A\ (2019)HF 78 T Al AS AR i 22 I 4% (CNIN) X AR SR AR B E AT 70 R ik, B4R
THRTAL G A2 ) FE AR . SR 7R3 &/ R uEmi 7 T, B0 TR B e 35 & R R BN 1
Flo Liu 58 AN (2018)42 H T —FhE T/NB B He R HHE 25 vk, A it 1 0 BB 1 Bk . Zhang 55
N (2020) 1 58 T AN [FIBR AL 77 1060 3 2R 45 SR B RE A, R VA — 1 A B 6 08 12 325 B2 THARE 2R (19 A e M RO A
PE. RRAERREL: Chen %5 A (2019)42 H 7 —Fh &k & i (A RS IE VR A R AE SR U 5, B = T4
FUR . Zhao Al Xu (202000 7T 7 2T L8020 B (PCAY I FE 4 A, Wi/b THHES R, $-TF TR
AR, ZESEIERMEG: Li %A Q019)d@ A g A vt PRI OO R EdE, ST B S o 2Kk
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1.1. BiRER
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AT . B8 2. feft T 10 A SKIG A G NIs BB, B AR SPIRSICR T 60 AR, XL
P T INZRAMR SN HRY, I AT 0 R ERA TS0 IE . Bl 3. B 18 AL N R AIERE . B AliA
FHAE, TR RS EE 5 ARHEZ FII KRR, DURAFSSE N 2 M8l Z . B3E 4. 32
BE T E > SRI N BAESRLUGE S A AR e, ATt D IR o SR R HE T AN B R

12. SWAGREM

N T HRBT USSR IZ AL RE T RE I, SRI et 7 ANFSERE . R S AA R R sEi A b, B
ARG FRE: SLIG AR RERTEREDY 20 2 40 %, WG VERMPEARE. WA R BN,
BORTER P, B SEIG N A5 @A 150 om £ 190 cm A5E, ek TAFRATI ATE. HRE: Lk
NG 50 kg £ 90 kg, i 1 AERIPFIIAFAR . XSRS NG, DHRa R A
B AR 2 I F 1
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2.1 BEER

BEE R RE T LR Je, BRI )R RE FHLAC 4 1 PR H s sl FERE I Thae . Bilin, 0y
FHU “HENEEER" TR RIE FALIC R H P H. PI7. B, RESFEsRE, HER
AR A . X RIZ N B X T AR WA R R T AR T P HLIC R B RS SRS Bl .
BE T AL B ARG Bl R 2 T BSR4 B S S A% 2 IR L v AN R MR SOR SR B s BE T2 -0
EFIE=NHEX, Y, Z) LR E AR DL S, S THURA IR AR, s T2
I 23X — A8 A IR B A g T BRER EAT A B AT o BEIRAOR ] TR U FALE =AMl (X, Y,
Z) e ) f R L AR RS A5 TR AR AR 1, PRI 2 B B o) R FE AN T 1), IR ix o
AL s THUC LSS AT A A SRR B o e oo B2 v AN BE RO cdie 8 E T ALAR R L AT LU S 21
FHUEZERS . MRS R, IFERE AR S S0 AU I3 s QAT I W ATie % .

2.2. [E)EfEIR
22.1. [EEE—

BUEAT 3 A seie N i sh Bt , B RR SN RS SIRAS 1 5 4D TH R FER A Ed
{HSEHG A R S AR IIE SRS o AR AH DR STk 3R A (K5 sh e (B A 60 AL 8icdi), X —Air
SN G S SRS B AS B HEAT 7328, FFAESCHORE 0 R E5 R (G 5 ) IR
2.2.2. [EE—

BUE A 10 5B\ 5 Ris sh B , 65 RO SEU0 N YRR SRS A 5 ZH g B2 v AN FE SR S
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2) WrHEA RS N7 30 YOESIFPIRSEE, Eis RN SR, 4 HiZz N ARESPRE, &
WXL RN K A,
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BUELE 7 G 1 AT 2 sh 2 5500 1 13 A s IR N IR . B REAERUE, AR
SR ESPR SR B ER? HAPREER SR RAIER . B, REALRR, RO
SRS AT N R . 32, RIS T R 2 P 10 (LSRN 53K 5 AL IR B
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1) BARFUACE.: AT EGRHE, CHBREMSR R, FFRATIREALE, (ERNRERA MR
BRI . 2) RRAERER: A Pt rh SR U RSN I, BIE I E . prdEZE . BoOME. &
AMES PATE DU ATE (RIS bR . 3) BIRIRIE: AR AU MR RE RS, R UOR
REFISRARHEAT 732K, A= UK B (Dendrogram), 7 38 s K2 G A

3.2. [EEEZ: FIRIEBET SWIF

Bt BB Tl 2 T 10 44 Seie N GO, S N HIRR, T IR AN N S Bl
RA . TBIEFENLARAR S SR AT I SRR TN, VPR (1 23 ki Pk

SSMAEE

1) RAEIREL: $EHUAE 4 5200 N B A S SR S I TR AU AR E . 2) MERGIZR: KA BENLAR AR
SRR TN, RIS XGRS e RE . 3) PRREIRAE: THEBI AR, AR, K
R FLAE, FFm iR E R BT (1) 40 R RO
3.3. Bf=: BURERMNFFIEST4T

BB AR N RS e B AR EERS, DAL RS HHE 5 256 N SRR IE (a0
R B, RE)Z A5 R BiE 25005 Z 0P (MANOVAK I 5256 N 2 IR 25, FFEAT A ek
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SSMAE

1) Z2ILHFEDHT(MANOVA): 4 S2IGHHE, 1FH MANOVA J7 kA AN [F] S2i: N 53 4% B 28 B0 i
WEES, SHTEI N R Z A MEZE R 2) MRS 5 AL RS EIE 5 9250 N SUASIE(ER . S E .
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5. EENE
X FEEH(Support Vector Machine, SVM) 4> 28814148

CRFHEAL(Support Vector Machine, fiFK SVM) & — R & 2231 503k, T2 T 28R B3 50 #7 .
A2 A R R B — A e P ST TR SRR B B 2 I, ASEAS AN IR S0 2 ] 4 T B (B 3 ) e KAk . BA
TN SVM 43 KA ML -

1) FAMES: #°Flii(Hyperplane): 7E SVM 1, —/NEFIHZ —A n—1 4E°F1, A T4 n 48758
RS U T AR YR IRl b P I SR LA AE =R Al b, R YT — NPT SCRF IR B (Support
Vectors): 7 FF ] &2 ST He SR S A o, IR SR U B B FEAE T A . SR R A
P AR OCBREE o [AIRR(Margin): AR 2 Fi8 MGER T [ B B el M S RF I EE BS . 7E SVM 1, HiAR
S KX ANEI G, 152 880D B B s 1) S B A A S b

2) #%R%(Kernel Function): 4 7 AbFRZEMEATT 23 EE, SVM SIN TR E & . A Eom i
4 2 1) F R B ol Bl S 28] e 4 5 (0], AR s 4 (A e B AR S R PE Tl o W AL R B . 2R MR
(Linear Kernel): & T-2kMnl 43 0%dE . 2 W% (Polynomial Kernel): i 22 1020 i 77 =05 S w21
e A, 4% 13k % B0k (Radial Basis Function, RBF Kernel): W7 s, & —Fhi s %, @&
TR M . Sigmoid #%(Sigmoid Kernel):  RALLF #0128 X 25 (P 3d R A, 1G] T4F e R4 M5

3) HEJFEH: SVM I H AR E— N ReMe i K AL RIRG (88 P o s Rk %, SVM STERTA AT
RE AR P T P B AR RS, B SRR Rl SR SR A R S T, X /88 P T e % 72 S T e K I AR A
A AN [F 20 B R
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R IR LEHEEAT 02, R R RIS SRS G RENE 1 e T IR A s il R AR SR AE AN 7
{6, FHATBIRIGETERARAELAC B . G, AR P ISR AN, RTINS BR . HLK,
HT T 033 BE AN A P RN, o B AT A A AR B, A AR ANRAAE B AR R A B4 A0 A R
PRAEAL 2 3R -

Hob, z ZbrHER R IVE, x ZRMGE, o ZWME, o RbsifEE.

FATRE U 52 2 SR 46 B d i e Bl (U0 R 181 1), T 3RA T 7 B R RS (e SRS AT 0 2K Btk
FA T B AES A RACRA S SPIRAS A FFAE o 8 I SR HURT [ 3R AL AR IR, FATT AT LU HE
HWRALAN ) RA R IZ SR o XA HORE A BIERA TR 20 B, 3R > SMER VAN B

acc_x(g) acc_y(g) acc_z(g) |gyro_x(dps) | gyro_y(dps) | gyro_z(dps)
1.163699 -0.18796 -0.29501 -18.7375 3.391047 -16.7601
1.033262 -0.19866 -0.37583 -13.4347 5.894234 -14.4046
0.905841 -0.20237 -0.3941 -24.7303 7.048407 -21.6942
0.779334 -0.20955 -0.37527 -25.9365 11.88107 -21.5595
0.634918 -0.22764 -0.37908 -15.9291 15.6364 -1.42743
0.524465 -0.2461 -0.40825 -2.97085 16.01064 | 18.28861
0.513657 -0.23488 -0.45139 3.906432 14.77703 | 43.26818

SN BIWINIP] O

Figure 1. The original data is time series data

B 1 [RIaEHE AR

—\3
Skewness = %2?_1( %X ) Bt S5 B TR SRFAE -
o

1) ¥J{E(Mean): JeBeEdE S .

1 n
Mean == x
niz

2) FifEZE (Standard Deviation): s B ) B9 BURE B

sw=/%guf&f

3) i KA 5 /M (Max and Min): e e 13
4) K (Median): S BB A EIE -

5) VU4 ¥(Quartiles): [ BRI K /) A T 45 (25%. 50%- 75%).
6) UEE(Kurtosis): S BRELHE 53 AT O BURE

13 (%-x)
Kurtosw=;§( - j 3
7) fifE (Skewness): S WA 73 A7 0 BRI o
AR I 5 S AT B AR e, R (RS S R ORI, T BT M5 S AR AN A A
Bor bR REE AT .
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1) #ii# 4> EfE & (Energy of Frequency Components): Jz {35 S 7EAN A % R 3 b I Ag 20 AT

2) ThERik %5 % (Power Spectral Density, PSD): MUE S EARFESIE LRSS AG, B H T o E
5 [ B AL R P R

3) A I {EH (Mean Frequency): S BG5S A4 O B

4) HiF IR AE 2 (Standard Deviation of Frequency): 5 i {2 5 47 56 43 A5 1) 5 SR

5) #iitkIE{E (Spectral Peak): St BRAESTRE Hh H I PR 5 KA 1l

T I SR UK SRR R, P LASE SR AN A4S 5 B R AT . BENLIE RIS PR AE . IX SRR IS
BRH EE A RSSO SR A G 2R o S5 A R AR ARARRAE , AT DA A T M A
WA HFE R EE S, SRR B R B RS A

AR LA 2 V2R 2 (Hierarchical Clustering) 5idxd SEBG TG B IR AT 0 26, %, MRS
R AR, W E AR LRSS B TR, B NEER SIG oy — A R k. B
R, 3R BFE B Sl AN R & 9F, TR R AERE, EEX IR, BHRERTOLMRS . &,
2 R JZ VOREIR B (Dendrogram),  ELW B /R R A R R RZ R R @ 2R, BATA AR H
AFIRE S, ERE RN 2 M 2R G5, e — P iR A 13k

WRIEEVCERBRIRBER, BATTDAF R NER, Wkl 2 k.

Hierarchical Clustering Dendrogram

Distance

s —— [ ]

3 4 1 2 5 6 7
Sample Index

Figure 2. Result 1
B2 #R1

X SR P SRR AT R ORI AT, BT B 7 RO = A . FEAR 0 A
A6 R T Cluster 1, Sius HAHBLRIZZNRAE. A4S 5 o HMUR AURFIEAE, #1220 Cluster 2,
RYPHGHAEAGFAERE R FEA 1L 20 3. 4 F1 7 JRAEAE Cluster 3, S i BEAR LR IZ B AR 2
REETRREERIAIE T BA T EARARCUE R 22 S MR R BBE, ik — P IS ZPRAS 7 RS A SR 1t 1 18 S 1Y
Behiho B RTTIE, FRATRES A HBR AR S0 N B AV IS ENRAE, AR SC USRI B AN SR BR A T
A I3 -

6.2. [EEZAERES KR
FET A, ARG 2 TR AR 10 A S2I8 N R s sh Bl , S — AR R, AR Ay 2R
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NGNS SPIRES . AN B R FE SR IGS% T 5 AN Ig B v R FR ISR, SRR At T 600 21
KR (B 60 4H).

B, WTEEE, BATRAS R — AR 0777, SR B S AN AR AR o X SR BE S A T
RUEBRAS R B —id 2, AT EMEEEE LT 600 SKRFIEEEE, WIEIFTR. X SRR
B OEE . bz BORME BME POE. DU B m PG S48 4R, B (RAEE RS SRS
(RVRFERE 78 0 il S AR o X FRRFE SR IO EAMY BE S 18 s A AL KR e M, 3 A 5 B AT T 58 4 22
AN ZRAS Z A 22 57 o i M IR AN AR AL, FRATTRE A R R 3 AT 3 AN [R] 5258 N 53 (1935 30
RA, NG SR RN B $E A ] 5 () 3 A

ERBUSIESAE 2 J5, TRATRA T 2 HE ML (Support Vector Machine, SVM)7» 25 8kl il . 7
o 1) B LA — e it 1) A P T SR i KA 288 031) 1) I P M B 2% 20 D0, e A A A 3 v A4 2 1) 119 4
W, AL FAT SRR € N T 50 E 73 A8 B MR REAN T 52, FRATME A 1 28 SUEGHIE (Crross-validation)
JriF, FEVEAE TR (Accuracy) . A P12 (Recall) . ¥ Hf 2 (Precision) il F1 {E(F1 Score)%5fatr. =& X5
K BR AR R NGBS IEER, AT 2 N ANPEA,, DL B 2 A Re J1 . PRASFE AR 2300

1) HEWIR (Accuracy): IERAZRAIREAE b R FEARBI LU, S T BB ) 4 2RRE T

2) A (Recall): 7EFTA SEBR ARG RIFEAS T, B ER /- A EFIRI ELG], 280 =451 1R )
REJJ.
3) KM% (Precision): £ A HE TN A IEGIIFEA T, SEBRAIEGIT EL ], i S AR 28 Tl ok 451 () o
e

4) F1 {E(F1 Score): A& A BRI FIIE, LREHE TRFRME BIRH AN EAR, Feft 7
5y RAERE M — AN BEAR PPl

I IR e bR, AT LA T VAL SRR E AL RIS AEA R 7 TR, Tk 5 55 0d & 1R 4
KA,

FERFAEAR L J5, FRATME T S #r M EHL(Support Vector Machine, SVM) 7 28 28 Il 15 8L . S 1)
S HLIE I B 5 T TR KA R AT R, REAEAG A5t AL BE w4 = (Rl M 8, S&@H TR A 2R/ E 5%
PATE F 22 EIE (Cross-validation) /7%, 3P4 7 HERIZ (Accuracy).  [1Z (Recall). %573 (Precision)
Al F1 {8 (F1 Score) 546475 -

BN E LR DT RN, SRR SAHERZER 0.96, RIAEHEN . ZHEMIIRH A
Al 24574 1.00, F WX LES ) 7 SR L AR 2 AR . FLEHREEIT 1.00, Ui IIRIAYAE K 2 #2600
FRZRERINRLF. SR, 80 4 2R 5 RS ZE AN [ 2 AN EAE, 4379028 0.95 A1 0.81, LAJZ 0.82
A1 0.87, XEXHIERLLIRd, BRI KEIERARL. BENE, XRFREN T REERS
e ERIO S, (B30 4 A5 5 W Rk Re AT m. il PR RS G NE 2
RRAE, W] RE 2t — D4 rm I 2] () o SR AE R PR AR R

R REFHE AR, W~ 3 Fos, fRBES SRR ZHUEIRER R A, Rl xhEsh 1 ()
RIE) 530 2 (M AaE) WE3) 3 (M4 7E). 530 7 (BkER). 153) 8 (BAR). 33 9 (3h37) 753 10 (6 F)-
TG 11 (GRALHIBS A RS B) FIVE S 12 (Al s i) SR 3) I 53 28 58 A HERf, AR Hh I RE AR B TR
K, RYBALEIX LG FRRIEAES . R, BAIENES) 4 (P47 AR, 530 5 CPAT I IS
6 (FIFTEE) 2K LAFE— N, B ERS K, BETE, 33046 L MFERBER S ZNTES) 5,
305 LAMERPRI KNGS 6, 153N 6 A L MERBRD KNGS 7. XEIR I KAT e T ixX L
TG BNRAS Z B VAR AR AT I S 3. BT S, BRI 0 RAOR R4, ABAE AL SRR AR L) VE Bl 75 2L
BB, LIS S A R 1
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Confusion Matrix - Modified Style

-10

True Label

Predicted Label

Figure 3. The results of the confusion matrix
3. IRIFFEMERLER

TEREE T IR 2 I, FRANGE & 8 — R SR EE, KPP B 5 SR e i R AT LAt R
KIAERG, e m 2 e B, P ARl Bk, @R R, AT LA
BN SIEEIRE —oedl, R HBIREBER L I e, (EANRIEERAESIRE RIS L R N
RREEFRE, GRS 10 EZ2ANREEA BB, I RAERIZG 9. 11 f18 . IXAHERIE
FEIEHIIRGS 10 MR AEAE X Lo 2R i i Y B AN . Ak, ESIRGS 5 ANESIRA 7 hEZ AN ERR
PR BRI IR, R X LeyE SIPIR A TE AR B SR 2R A b B B R . SRS L Bh kAT
WU R 8 T B IRES 5 RN Z [ ORI, Dy iE— AR A NG A B 1) 4y S UERf e 4R 4t T )
SAARYE . BT, AT DU S B A AR R AT R R L B G T A
6.3. BIRE=MEES KRR

MR ) R = R, FRAT WS B B AT 8, R ) — 0735, BEEH e Hh (R B R] SRR
DYSEES RS

Fif, A%t 251 (MANOVA, Multivariate Analysis of Variance) KA AS [5) A 571 ff)4% Ji 85 B s
OGS EESR.

Table 1. Multivariate analysis of variance results

#" 1 BRNHFESHER

¥ A B H F{H P{H
DY NE R 18.792527 12.0 1.341734 0.18917
k7= 895.226713 767.0
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2) &2 (Residual) 1)1 77 Fliz K T-52560 N 2 5 1R°F- 77 A1, SR DR 43 38008 A48 S oK R a5 3 A
AT IX — R R AR . X REIRTRATT AT BB AT 7 A PR 25 5 M A SR AR B 1 AR

3) FAE(F)FI P {E(PR(>F)): F{H & 1.341734, P {0 0.189517, FRMIA[RISLIE N 5 15 A% K 2
FARE. PEKT 0.05 EHETE B%MWEGEKTET, WATAGEIELZTMEL, BIAFE SN R 1L R
BmBEEAREES . E— DT RR RIS SPREEIE 55250 N RIER . G, R F 1)
KRFR. WWHAARBEIE ST, Ga. EZ M RE . A Spearman #5¢ REA . FIFIAH M
FEPE R T 8N 5 2 (R A DG OC R, o Hb e 5 T H R BE IS 1 [ S8 BRI 2 (R AE R B i) IEAH DG, T
AN ) 70 A e 2 1] DA B A% TR AR AU 5 S0 N SRR 2 (] PR AH S M AR 55 o 1K A5 J2 M DA 33 B 1451 W
SERHE 2 (BT TESRAR DG, NI ZEE— D A pr AR IE B R 32 4R .

PRk, IR A A O S a0 N RRRAE, SN AR . BRI, O A S A
FIMRYEZ R, F T 5 2k AT AL .
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Figure 4. Distribution of the data after dimensionality reduction
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est)o P B AGIIN AT . BEALARMR A B SSR T AG 2. B A B AAHERVE Dy 65%, Ui A 2R ol
BRI BRCR S o ANFIZERI 7> RIEREZE BN BT, 200 8 FURST A4 [0 R B0, YRR
XHZIIN I 73 ARSI 2 A5 3 173 IR AT TR T . SRR AR [ B 1A 7y SR g
ML ABRIGETE AR . ASFESERIH I R REE RO, T I WS 8 By SRR B, i)
FAM SR 2 RS 3 1R . o UL R DI R s B B, DURTH 0 2RACR .
MRAE 2 SR, RA TR T BERIE TR — A SCIR N e BA PR B AT R SR, R AT AR
AL, SABATINZRIF RO, 138 7 iR R:
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[10, 10, 10, 10, 10, 10, 10, 10, 5, 10, 10,10,7,7,7,4,7,7,7,4,7,12,11,7,6,6,6,6, 6,6, 6,4,5,5,4, 5,
9,9,9,913,9,9,99,4,4,4,13, 13,13, 4,13, 13, 13, 13, 13, 13, 4, 13]
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1) THEREES: VR B R R R B B LR

2) GIHFEIERIERSE: WBFEE R/ DI EE, BEMEH N —AFHEE.

3) HUBEEBIHRE: EF ORI RIS HAh T JR R R RS .

4) ERE. HEWR2 M3, HITAELEEE LA IR AN REEE B TR RS E .

H L1 R 43 242 I J 25 (Divisive Hierarchical Clustering)

RPN — AL E A Bl R RS R, SRR I 2L

1) K REHR: - ADEE, BHARBHNTEE, BFHEH k-means 5577725,
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7.1.3. {EBES
R VRS TT LU I LA LR S AT HE S AR A, DL TR TR AN [ R 3 e 438 R i A
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1 K-means++#JUa4¢, AT LLRAD WA EE B THER IR AL . WA ROREAR AR, (8 AR B MR A PR
W AT RN S 2R
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HBRFAE BRI, DLSRIUCE 8 RIS 2
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