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Abstract: In industrial environments, acquiring and analyzing data on human work activities is essential
for digital twin applications that aim to evaluate and improve operational efficiency. Activity recognition
using inertial sensors embedded in smartphones and wearable devices has therefore attracted attention as a
low-cost and easily deployable approach. However, work activities consist of multiple actions occurring se-
quentially over time, making automatic recognition from sensor data challenging. High recognition accuracy
typically requires large amounts of labeled data, but the high annotation cost in real-world environments
hinders practical deployment. In this study, we investigate the use of self-supervised learning for task recog-
nition using IMU sensor data. We apply a task recognition framework designed for long-duration work
activities and analyze its effectiveness in terms of recognition performance, task characteristics, and training
data size. The framework combines self-supervised pretraining for short-term motion representation with
a Transformer-based model for capturing long-term temporal context. Experiments on a real-world logis-
tics warehouse dataset and the OpenPack dataset show that the framework achieves improved performance
compared to baseline methods under various conditions. The results also demonstrate the effectiveness of
leveraging unlabeled sensor data for task recognition and highlight its applicability to real-world industrial
environments.
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Fig. 1 Example tasks in a logistics warehouse.
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Fig. 2 Long-term task recognition model using self-supervised learning (PreCNN-T).
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Table 2 Recognition models for comparison.
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PreCNN v Short (4s) -

DCL - Long (40s) LSTM
CNN-T - Long (40s) Transformer
PreCNN-T v Long (40s) Transformer
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CNN-T B &£ U' PreCNN-T &, EFHOX 525 % A
J1k L, CNNIZ & 25t & Transformer Encoder (2
LBRMRETY ¥ 72 ARG LS AEERRET VT
& %. PreCNN-T (& CNN #4; % SimCLR THHIFE L
72EBRRET IV TH B, F 72, PreCNN, PreCNN-T (2D
TiE, SimCLR 2B % 7 — FILRikE L LT 2 DDk
EA T 5. 191%, CSSHAR[19] 25 UCLHAR 7— %
v MIBWTRREBEHRE L 3HOILE (/1 X800,
Ar=07, WEANEZL) 2V HEETH), b9
12o0%, 6 MOIEIR (/A L8, Ar—1) > 7, [, Ik
M7 b, FEHEAR JERANEZ) 2HVIERETH L.

4.4 NEREEIC & B FFM

ETNOREIEEOFMIL, HEREHEATO 1 AIKER
FEMRHE (Leave-One-Subject-Out Cross Validation, LOSO-
CV) 12k 017)H. BAEMICIE, SEREX 1ZTOTA
FE=%EL, BYOEBE I T - E L TETVE
E - FHET A, COFIEEEWREICOVTHEDEL,
ETIVORAFEE R % 5FlT 5.

Wi AR EEET— 5 2y P T, 190 B0 7 v
2 L7 —% % H\wT SimCLR |2 & 5 CNN O il % 17
9. X0k, 10 N5T - 56 RO T NV & 77— 4 Z v
T, WBRE 2SRRI & B R ERFR MR 2 5FAl 9 5.

OpenPack 77— % v M TiX, #40 K5O T X7 L
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Table 3 CNN architecture.

Component Configuration

Input IMU (C X Lgshort)

Convl C — 64, kernel = 10, stride = 4
Conv2 64 — 64, kernel = 6, stride = 2

Conv3 64 — 128, kernel = 4, stride = 2
Normalization Batch Normalization

Activation function | ReLU

Pooling Global Average Pooling
Dropout rate 0.3
Output Feature vector (128-dim)

3 4 Transformer encoder D7 —¥7 7 F v

Table 4 Transformer Encoder architecture.

Component Configuration

Input Feature sequence (Whum X 128)
Embedding dimension 128

Number of layers 3

Attention heads 4

Feed-forward dimension | 256
Positional encoding Sinusoidal
Dropout rate 0.1

Output

context vector (128-dim)

Y7 —% %M\ TC CNN OFEFiF# 21T, 16 A5 -
10 B D 5 N & 7 — 7 & F TR BR S T 2SS 2= MEE
2 & BEHIi & AT )

512, T — 7 & L R ORRE RIS 2 720,
REMFENZ B DR T— & OFWEE - %2 5 A3 L
T, 1%, 10%, 25%. 50%, 75%, 100%DEETH > 7
YT ERAT, 7T AWM LT — 7 2L,
FNENOFMTORBRBELFEM L2, 2B, T 7Y
YIHHIE 7 FGATRIKL Y INVEERL TV D,

FHIEEEICIE FL A3 72 V5. FRICWi e SE(EE
T=Fty M7 T AMOmY BPREL, #BRE LI
W2 T A v TIVHDPBIRIZ AW ERH L7290, %
275 A %% L) Macro-F1 A2 7I2AT, &7 5 A
DY TNVEINED S EAMN &P TH 5 Weighted-F1 A
IT7ERAL, SEOFMEREREOEEL LT\na.

4.5 EEROFEM
4.5.1 ETFIVEXET

HOEbld ) 228 % 05 L 7-AE¥ERSHEE 7V PreCNN-T
X, ERR Y 0 v Ry ZEICEH E NS ONN, 216 0%
Fh 6 EI 2 VESECIR % & 5 2 5 Transformer Encoder,
BIUORBRWIEESHEZIT) MLP 26l a5,
PreCNN-T D7 —F7 7 F v ikit4%k 3, &4, £ 5 IR
T OHEFEL, NS oBREZRO—HBEHWTED,
INAIS=INFG A—=F 2 FLTW5.
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& 5 MLP classifier D7 —F%7 7 F v
Table 5 MLP classifier architecture.

Component Configuration

Input context vector (128-dim)
Linear 1 128 — 128

Linear 2 128 - K

Activation function | ReLU
Dropout rate 0.3
Output

K classes

4.5.2 FEHRTE

KRETI, FETIVIIGET 29 HHEL L O sk
RIZOWTHRRD . Gl B ERE HAL DA ZEMGEIZ E D
TITV, BoENcB VT, 1 A EFHmA, 50 % B
L, SHIIT -2 O 10% % GERT—4% & LT A
IN—=IXF A — & FPHERB X U early stopping (ZFIF L 7-.

CNN OFHFIZEI121E SimCLR # vy, S\ L+
Y= W CHCH® ) #8275 72 JLROMES
CHEHMEREE LT, SHEOIEE HW2ETIE, /A
ZEh (1.0), A7 =17, JEFANEZ (% 0.5) %
ML, 6 EEOWRE HWV2%ETIX, /A X8l (1.0),
A= v, WiE BT 7 b (%0.5), HEANREZ,
REITEA (% 0.2) ZINZ7-IERA @M L7z, BRI
NT-Xent 82:% H\v>, /Ny 541 X 256, FEHFE 1.0x1073
DFRRED D &, Adam [27] &RBELIZ L YK 100 =K v 7
AFEL 7. FRIEHIC L > THE SN ONN I, 1EERE
ET VBV TRRhLZR L L TR 5.

BT T NV OFE TlX, CNN ZFHEE L
G, CNN%2 T ¥ amifbL7z9 2 Thy hT—2 &
ey Py —Tr FCEESE —F, FRFEEA
CNN #5413, CNN OEAZEEL, HiEO A
RS GHEEAE LTI NV E R EE LR
A ERFEL Y b E—HEE W, $TRTORKRET
WIZBWT, Ny FH 4 X16, FHFE1.0x1073, kT
Ry 7830 DF%5ET Adam 12 & V) ol b %17 72, WGE
FRIH G L T L 2 VWA 121 early stopping % #
L7

4.6 FHEFER
4.6.1 YREEXREET -2ty b

Wi B EEEET -5y M LT, HEBREmRE
MREZ ATV, BTV ORBMEREZFIL 7. T 6 124
ETWVICOWTEEORHEMEREZRT. PreCNN B LU
PreCNN-T &, FAiZE % L 2 WA & X T Macro-F1,
Weighted-F1 OMFEASH ELTEB Y, FFIZHE 6 o
PreCNN-T MBI ICB W T D A 2 725 {, Macro-
F1=0.502, Weighted-F1=0.852 T 3 DDOIEE% 54 L 7=
T, R MOREIIHOLAELILBRLT—HLTH
WiEgEE /R L7z, LI T, PreCNN, PreCNN-T (d3L5E
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Fig. 6 Subject-wise F1 scores on the warehouse dataset.
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Fig. 7 Confusion matrices on the warehouse dataset.
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Table 6 Overall recognition scores on the warehouse dataset.

Model Macro-F1 | Weighted-F1
CNN 0.375 0.710
PreCNN (J5k 3 ) 0.380 0.727
PreCNN (JL5E 6 f) 0.405 0.749
DCL 0.420 0.705
CNN-T 0.363 0.694
PreCNN-T (Jii5k 3 ) 0.454 0.793
PreCNN-T (Ji5E 6 fi&) 0.502 0.852

6 ETHMSNIZET VEIRT. B, AT—FLy T
WEEES I AMOMBBEEDOR ) BIKEL, P77 AD
FRERERS Macro-F1 O&f/iE 2 T, MigEofEIzE)
HELTWE.

6 1%, #iBRE 2 & @ Weighted-F1 A 37 D457 % 7~
L72bDTHhE. BHIRERYIET IV E AW FETEE
PRAERED R O N2 HE L H DAY, WEHE T L OMERELE)
WREVEAPHERTE S, ZHUH L, FarFEzEA
L 72 PreCNN-T Ti&, #EREMOIX 5D 2112/
&L, BE LTANEEREAER I N TV 5.

T IZHETNVORFEATY 27", CNN HETIE,
[fE531F (Sort) | & [#% (Transport) ] O THERE %34
SPEDR SN, EREHOBERE O A TIETIEEZ T4
WX TE TRV e 05. TR L, PreCNN
(7 (b)) Ti&, o7 LR EEORFAMER L7z, $72,
Transformer (2 & 5B R5ET ) v 7 &EA L7z CNN-T
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Fig. 8 F1 scores at different training data ratios on the ware-

house dataset.
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DIRFANKE CG#EL, WHIZB VTR D BB
BENTWE,

¥/, 8 (X FIRT— 7 & & BRI ORRE R,
HOHMD ) FB2EALET VI, PEOIRHT—%
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iZ, PreCNN & [#g L CHlFiT— 5 moMinc e & 72 )
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Fig. 9 Subject-wise F1 scores on OpenPack.

R7 &fkoiE#HAa7 (OpenPack 7—% & v 1)

Table 7 Overall recognition scores on OpenPack.

Model Macro-F1 | Weighted-F1
CNN 0.568 0.569
PreCNN (Ji5E 3 ) 0.505 0.506
PreCNN (#Ii3E 6 fi) 0.562 0.564
DCL 0.780 0.803
CNN-T 0.801 0.821
PreCNN-T (3R 3 i) 0.805 0.823
PreCNN-T (Jii5E 6 fi#) 0.864 0.879

xR 8 LM & F1 227 O/ (OpenPack 7—4% £ v 1)
Table 8 Task durations and F1 scores on OpenPack.

Label Duration [s] F-score
CNN-T PreCNN-T

Assemble Box 20.3 £ 7.0 0.87 0.91
Relocate Item Label 18.2 + 12.8 0.82 0.90
Scan Label 17.0 £ 9.2 0.82 0.87
Close Box 13.2 + 4.0 0.83 0.89
Picking 12.3 £+ 6.0 0.80 0.87
Insert Items 11.7 £ 6.1 0.82 0.85
Fill out Order 10.1 £ 4.6 0.81 0.86
Attach Shipping Label 9.1 + 3.0 0.84 0.88
Put on Back Table 6.0 + 2.1 0.77 0.83
Attach Box Label 5.8 + 2.3 0.64 0.76

4.6.2 OpenPack 7—%2t v b

OpenPack 77— % t v b % F\W CHERE B2 2 MGE IS &
BHVEERERRMEBERTM A 1T /2. | 7 ICKET IV OERMERE
RT. KF—%ty MZBWTYH, PreCNN-T 7% b &
WilakERER 7R L, Macro-F1=0.864, Weighted-F1=0.879
TL0EDIEEER HE L. T2, BiRE 2 & O Weighted-
F1 227054 %R3E 9 7253, PreCNN-T (£ D
BEE I L TEREL TEHWEFL AT TERL TSI L
Mo H5.

T/, REBRTHWAT— 5128 A1EE T L Ok
FFRICRI S 2 ETEHE F1 A7 0BRE L0200
& 8 1/RY. T, CNN-T Tid, Assemble Box (20.3
+ 7.0[s]) % Relocate Item Label (18.2 & 12.8[s]) &\ o
7o R R R 2 D FER R O 1X 5 D E 5K EF WESELS
BT, F1AI7 08 LLETHETETWSE. —KT,
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Fig. 10 F1 scores at different training data ratios on Open-
Pack.
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LIRS NI

& 512, PreCNN-T OFEBROIEEY — 7 ¥ Zh$ B 1
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SO R EE 11 \RY. R EIER T NV
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Fig. 11 Example recognition results for an OpenPack task sequence.
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& [#k% (Transport) | OIREIDS, FHEi4EE F 721325
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