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Human motion intention recognition method based on

inertial measurement unit: current situation, and challenges

YI Chunzhi', JIA Yicheng', JIANG Feng?, WANG Xiulai’
(1. Department of Life Science and Medicine, Harbin Institute of Technology, Harbin 150001, China; 2. Faculty of Computing, Har-
bin Institute of Technology, Harbin 150001, China; 3. General Hospital of Eastern Theater, Nanjing 210018, China)

Abstract: Human activity recognition (HAR) utilizes wearable computing, machine learning, and other technologies to
identify and understand human behaviors, which remarkably enhances current human living standards in areas such as
behavior tracking, health monitoring, and human—computer interaction. Inertial sensors have increasingly become the
mainstream devices in wearable computing due to their highly compact size, low cost, and stable signal characteristics.
Consequently, much research in the HAR field employs inertial signals as data sources and applies deep learning al-
gorithms to address challenges in data utilization, privacy protection, and model deployment. This paper systematically
introduces deep learning approaches for HAR and categorizes and summarizes existing work, and comprehensively ana-
lyzes current advancements, development trends, and key challenges. First, this paper introduces mainstream wearable
devices used in HAR research and their data modalities, and details the characteristics of each modality. Second, this pa-
per compiles commonly used HAR datasets in recent years and summarizes the data modalities, sensor placements,
movement types, and citation frequencies within each dataset. Furthermore, the paper reviews the progress of several
deep learning methods commonly applied in the HAR field from the perspectives of algorithm characteristics and ap-
plication scenarios. Finally, this paper discusses the challenges currently confronting deep learning in the HAR field and
the potential solutions.

Keywords: human activity recognition; deep learning; inertial sensors; ubiquitous computing; data privacy; model de-

ployment; transfer learning; data quality
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FEAL AR, REAE X A FRAE 5 7 LU, ) Gnncs 32
T BE LI DA K K R R 3 3l A AR i) 2 AR AR
FE. M, Za T G TS E AR
Iz iE L, ARAT R (human activity recogni-
tion, HAR) 7 ¥t 8 A FI 25 3 R 5 1 45 110 O i 2
fit . B Z 5 S, HAR RGREN 514 W
ML ATEEREBAEIT R . LGPl 5
7% (machine learning, ML) 4K i TR fiE T F& FlAsE 1
PEFE, 38 H N T 45 e 8dE, BB FE HAR &R
Geh AR LA ] o SR, B2 T T AR FRAE R T4k
Pt Pk ) RAE 8 1 LA R HLAR 2 2 550k H B G
AE 77, BT R AW AR, JF B 32 38 EUm
UL R ST RY il 291, TR % 2 (deep learning,
DL) ik 5 T v 3 i (0 FRAE 2% 2], R KAy 4L 45 he
FIRR A B M2 T T BIMGRIR ] L X RA | T
BN DL B H AR TR & AL S A U i R . TR 2
7E HAR S8 45 T 1z (s, HEaR K A9 4 ik 42 B
FR R 1 8 ) i A 52 26 AT R AT 55 rh 3k
P

TESRE)Z T, HAR Q58 iy 1 H A9 32 9 R 3 2
B R T A s %S 8% (auto-encoder, AE) .
TR A5 2 M 2% (deep belief network, DBN), & FH ##
2 M 4% (convolutional neural network, CNN), 3 F
i (i) 7 270 A ) o 22 X 5% . 2B KT BT I 2% (gener-
ative adversarial network, GAN) FIIR B s 1k 2% ~J
(deep reinforcement learning, DRL), 7F K FE A £ P&
LR T R Em IR . EESEm,
HAR G G S T 0 20, & 5 v D 5 2
JG (inertial measurement unit, IMU) ., J& HE A% Ji& 4
2 BKE I RS (global positioning system, GPS), 7]
ML . WLE E (electromyography, EMG). /(> H,
[ (electrocardiogram, ECG) Lk M S H, 25 FH ik 4 31
(photoplethysmographic, PPG) 55, 15 5 &M F
WS T ES R T S s s B, AT
AR R R B AR T i R R S
WTEIRES
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7 kR (HAE I S8 B T SR A AR 1 22 Bk
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FEALLARRAE () 2547 F0 B 28 ), S0 AR gk 4 H il
DX 53 B AR A1 A8 A M EL X B A 508 J2 T, IR R
PPAR 5 2R A TR B FE A, SR T Wi 5
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BlEZ A LA PR R0 T A 45 51, fifi i EMG REf%
S et 32 B IR 2 LR B iR B . (H LSR5
ARBOHEEBe K, HAa MR B AR50
Mrab B, 7634 F B8 fe nl 28 80 & b i B
ZH PR . MMG H A& RAEH N MEEE . i il T
P BE 77 T i A T A B, SR E MMG 15 5 19 1% %
TR TR, X A% B AR 0 2 B T W R R
o T HACREBEI AR Z 5, H AT MMG {25
BA T ORI Zh VR TR0 5 s i 2 T, X DL AR AN
L W a2 S R B . AR IMU Y i e
T IRASAFAE R R M5 | B IS AL IR AR K 0 2 &
F7E BRNR2E S5 B, (H R O FEML . EiE i W
o7 T LA K f5 1 R 6 e ST SO0 A, A9 R

T NRAT R A B 0 R BE L A RE | AL SRR AR
AR TE L . 24N, 54 TMALHE RS (micro
electromechanical system, MEMS) 5 K ¥ i 25,
IMU it HIAE B | E 3565 1] Ay 0 s I 34 S HG T 2 i
PEAR R Tk — D427, OF HAR SR et R (R
SR ERL, BT IMU - H ¥ 18 R 2508 g 28 3%
WA B FERE TR, 5T IMU B9 AARAT R 1R 5 4
9 B AT A
12 EFIMUMEEZEHIEE

LT HAR 400380 1) 55 125 32 A0 T 4504k 5K 5
MR B . Anfrl USSR B, M A RE A L H
A7 2 M DA 55 SR A B0 12, 2 1 249 24 i HAR 55
VBRI E ST, %R IMU fr B4 190 %,
RZHCEAGELE THEAE SRS, WS T B
BE H s gh 020 A g AR R4
BCL i 2> DL PD A8 5 A0 AR SRR 0, & 1
gy th 7 TR FPEAL 2 F ML A1 DL $AR 19 &
SRR

F1 ETFHIZENHARWEEAHEHEE
Table 1 Main public datasets of wearable-based HAR

Btk N R 2al CREERMz RHESIHREL
WISDM B E5) 3D Acc. 6 20 217
ActRecTut 2 T 9D IMU 12 30 153
UCR(UEA)-TSC 2729 O (141 uWave) Vary Vary Vary 107
UCI-HAR ¥ &3 FHEFHL 9D IMU 6 50 78
Ubicomp 08 & FRENGE IR A R 8 N/A 69
SHO $E¥D) HHEFHL 9D IMU 7 50 52
UTD-MHAD1/2 BB 3D Acc.&3D Gyro. 27 50 39
HHAR ©® iz 3D Acc. 6 50~200 37
Daily&Sport Activities!®? 25 9D IMU 19 25 37
MHEALTH U1 BT 9D IMU&KECG 12 50 33
Opportunity [ B BT 9D IMU 16 50 32
PAMAP2 %) BN 9D IMU& AEFTH 18 100 32
Daphnet 29 WASTRE 3D Acc. 2 64 30
SHL Zoiski 9D IMU 8 100 23
SARD [ B3 9D IMU&GPS 6 50 22
Skoda Checkpoint 2 RERLLIT B 3D Acc. 11 98 21
UniMiB SHAR ['¥) B BT 9D IMU 12 N/A 20
USC-HAD !9 PE¥D) 3D Acc.&3D Gyro. 12 100 20
ExtraSensory ['") B 9D IMU&GPS 10 25~40 13
HASC ¥ iz HHEFHLID IMU 6 100 11
Actitracker ') PE¥D) 9D IMU&GPS 5 N/A 6
FIC & IRETFH 3D Acc 6 20 5
WHARF 2 iz HHEFHL 9D IMU 16 50 4
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Wi, o 72 AL RRER RN 10 Fhob 245 5% B2 2 B Al
WhE . BUA MY HAR I8 30 E 2k A AR AL %
PEREE, 4R 7 S IMU F112 AN8AME 3D s
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PEEWE T H 9 2 323 AT 18 FlOR 6] 19 3%
3, WBKER B 5 28 1, 94 2 i L& 3 4>
IMU(100 Hz 2R AE3R) Fl—AS0 R Wil % (9 Hz %
), WISDMP! Bdii 52 I\ 29 44 FH P i A7 47 5k .
P 0 | TCAK A s WSO B PR S0 N T B, AT
1M e BR . A SE 2 iz gk A . UCI-HARM
B 4R LU B T HLR AR i A% IR A B0 S S Ak, A
30 Z AR TE 19 % 5] 48 2 Z A (1 Z i & B F Ik
£, BB R F OISR, FEATA7 08 . N
Whan AT UGB SR A . B4 2 ot
AP IE S8, 46 1 Wl iatik & B 1 I () 22,
552 Wl E, B R FALH P B O E R
H . USC-HADU 4 e LT 12 FOR[E AT
o, A E 144 ZRE AT M EE, A2
RAAT R IEAT 5 UORAE, B UGORIRT K 2 24 s, 7
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TIRESRAT N o B SR XK Bh AR Y R AR g
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18 A [6) i B (06 3l (0 2647 B 4 L B K
85) R, B 9 24 A2 R 3 BT I i R OT
AL AS R WM ER AT o 2B T H 142 g5
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oS P iilib
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S FEMEIE R, PR R R AN R R
T SCHE B 0 5 12, o nl 4 g A 1 HAth HAR 19
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25 3 07 VAR e A 4R T8 AR T IR B )T
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PR N ARTT Sy 1) S AL R B s i B X o A, i
1M A AL B2 B, 2 SRS . Ramponi 55 B3
FET A TS, $ T JE T B0 R A
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FW, BEAIYE UCI HAR™ 1 DaLiAc $U¥i 4 E 1Y
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