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Abstract

In recent years, wearable sensor-based Human Activity Recognition (HAR) has demonstrated
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significant application value in intelligent health monitoring and human-computer interaction
scenarios. Although traditional deep learning algorithms, such as Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs), have achieved certain results, they still exhibit
limitations in capturing the temporal dynamics and spatial relationships of complex human ac-
tivities. To address these limitations, this paper proposes a novel hybrid architecture combining
Transformer models and Capsule Networks, leveraging the Transformer’s advantages in captur-
ing global features and Capsule Networks’ strengths in extracting local features. The model per-
formance was evaluated on two public datasets (UCI-HAR and WISDM), achieving overall accura-
cies of 96.0% on the UCI-HAR dataset and 96.5% on the WISDM dataset. Experimental results
demonstrate that the Transformer-Capsule hybrid model outperforms both standalone Trans-
former-based and Capsule Network-based models. Furthermore, the proposed algorithm exhibits
superior performance compared to other traditional deep learning approaches in recent related
studies.
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1. 518

NAKIESR A (Human Activity Recognition, HAR) /&l i A& 8 8% . 4%k Bk n] 28 8 s & il sk Ak iz )
Bl HRFEZ RS sh (AT HB . BBl ARSTER)HEAT B B AR BB . BEE IR
B BT R R MR R AP R R, HAR E 2 AU R B T A S 5[]

B A TR S AR R & T SRR I R IR, BT AR IR AR HAR BORAS 2 1R 2 IR, B
AAAF B TR RS IF AN IR T A [F) 28 B AR BB AR TE VS sl R /R, DARR i R B A 2
MR AL EASAEA B I A 7 3, HAR BoR T LRSI AR kT [B] 58 AR IR A8 1K 7 VA AR T 2 % Ik
AITIER2].

FE T[] 58 AR IR AR (0 7122 18 e AR [ 8 A B AR IR A RIS B, W A AR AR [3] T IA 4]
FRAS L[S A E TSR AR IERAS , o rp E T AN i AT I3, 38 B SoRi .
WIEANIET REE 1) 7 BVE L HURFAE[6]-[9] . R 1K 0375 5l M R 5 72 vl CASR A B8 4 (0 iR v v, (ERE AT
NEETHZENUEE, NHRERRZROCERMEN T . thih, HE TR IETNBIRE 5 % 26
FEAR AL PREEIE S RN SRR, XA Kb R 1) T LSRR R o

Ty —FIE SR B T VR A RS B AR IR . FEIR L v, AR RAT N E BEE RN — AT
FH B 5 A 7 3 08 AR IR B AR IR, B S R T e BB it o o 3ol R o 3 5 0l 2 B N
IBSNMARE o R, A2 B8 /N R RN RS 1 Fo VAN N IRSER sl 485 45 i N & P R e R Bl B 4% o
1K 5 B T [l 7 AR IR AR 1 VAN [FI[10] o 1 HLX S AR R 2 A (RRUA . IRIhFE. KA =, DR, X
BRI PR S5 A A 1 /NS A [11], DRI 3 8 2 A JR 8 1D 5 3l A ) K1 HL A 485 4 R I o A 0 o 2 2 T v T 2
B2 ORVE, MBI, CABAT T RERT TR R 58 ) 4% B UG A AN TE AN 3k 1) 77 sk AT 3 3118
B 7. Margarito 55 A [12]6 I FE 46 B B T 52038 F i b R A s B s, SR )5 1) FH ASEAR T i
A 8 M WA T sl BT 702K FESCR 13, $RH 1 —FhET R4 AR N R e A 0 il

+
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B R 4(SAIL), Zhu 55 A\ [13]185d 215 K 45 fil & S5m0 07 SRICERRFAE, 520 7R 13 Fh B & 3 B
5 o

REMAME CEBA S N TR RGN IR . A RIS AT 5518 5 W RN R 22 (1) R 2%
B, 2 2 IEE2(MLP) LA EH2(FC) W 45 2 2 ML R AU AR e W 4%, e FH 2 A2 itk Z AR S HE S 1
—ikE[14]. BANE I 2% (CNNS) 51N B E R A J2 R Ak 2 AR 55 B AN AR B [15] o T VT 4o 28 10 2%
(RNNs)F FH 3 U 5.0 R AL BE e 21 504 sl i 8] 7 51 505 [16].  Transformer /& — i R N 4% . & 2 2F)]
F B IINURIRIATERFE[L7], FEEN T B AR Bos iz B T E K 77 Hinton 48 A [18]75]
AT AR REMS, DRHEEMHESTRERE. —MREAFE —AMEE, XEWEZEES
fE—ANHJRT, R MRy CapsNets [M25[19]. 55 CNNs P ERAR A, fegErIFhLTT
A A HE A S RS Bl ) B (R A B B /INERRAE) » Sabour 25 A [20]1 FH 325 % H 5925+ CapsNet 42
PRI AT T o0 AR A AN T B N TE BN, 172 R & B0 1) 2 (AR AR 529 4 2 400 R BN,
DL [ 2 PR SR RN R 8 R AR AE R o SZ A B JE K, AT T —F Transformer £ 55
TR RS, DA IR B T A AR B R0 12 e -

2. ik
21 RERE

eI 24 [20] & 7E 5 A% G5 9 4% 25 K4 (W1 CNINs) 1) —SSRR ] . FEARAEZL T LA A AN 3 G
O FE B B 2 B T (ReLU) I 354 2 (5140 ReLLU Conv 1) %2 (R Primary Caps) il 55 — >4
JZ(Second Caps); ffASH 7> EL4E 2 A BT R4 30 e 2 ReLU A1 Sigmoid ¥ 423%42 2 (151 i FC ReLU #H
FC Sigmoid).

fe g 22 28 A 22 Te i A A HE R BER R IR URFIE IOMESR, A B8 EAI SR R M2
N, REEM LA IR B NI AL AE[20], BHZ ARG TA N, BME Tl — N RERR . ERER
R, XL TR A A AR ), bt RN AR RORERAE 0 B 1 IOVE RN . XL
B OR/NAIT 0] AH R S SEAARFAE (R 26 R0

Table 1. Differences between vector neurons (VN) and scalar neurons (SN)
1 REWMET(VN)FIREMZT(SN)Z BHESR

VN SN
WA U, X,
HBAF A d,=W,u,
IR AN S :izciiﬁjli a;=> wx+b
s s
E[3% Fe 2 ¢ v, = 1J|||Js|1|||z H h =g(a;)
ity v h,

L XTEE 1 E A4 gt (Vector Neural, VN)FIAR & #1148 76 (Scalar Neural, SN)Z[A] (1) 2 5. FEiZ&H,
X (1=1,2,,n) RoRbr BARZ TN, w, (1=1,2,-,n) RoRMHRELE, b FonimE . By (i=12,,n)
RN BARGON I LHE, TG, (1=2,2,---,n) RN BRSO ZER T B ZOo IR BRI T, > FRoRxfiA
FIRMZEE, o FRAFZFREITTRZ MG REL s Fom0 A0 RE R =K, R &
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AORCRT. FE [ A 2 TT I B e A R R, A [ R 3 2 1) 1 s A i th S0k AT 2C B fEAR B AR TT
(IR0 P AR AR A, R x, AVBCE FRSRARA I AT b & a , SRR B AR L sk Bk LR oy b, .
ZNAS B SR B S A BOFE B R R (B, DUE e SR 54 SO S = = Sk (KA D
B3 . ZSAEEA B TR RS NG SR AT U B )2 5 RIS sh R IR RSS2 AT UL RS 5

FEMEAR N -
l] :W..u. (1)
S _zcu jli (2)
"S || Si (3)
15 [ e

Horpa,, For AR o Bl v, (AR, Wy R BIBCGERRE, v, RO j s AR,

jli

s, M AFZ b squash BSR4 R1A — (L) Hﬂ%ﬂﬁiw
boexp(by)
HR S b, T EHA R HAAEER N 0, BEARWT

by <Dy +0; v, (5)

(4)

FERFR AT AL A T, v, MERE T by FEA . WA b, X & R e, #AT RS
R, WA EIRKIAR S R AL

2.2. Transformer &8

Transformer %) Google BB\ 2017 42 H[17], VEANLEEIRAIF SR FHIRA . 5 CNN Al
RNN A, R BEE LRk E LA R TSR, H8 A B s kR m AN . Kk, Trans-
former AT LLSRBLEE Z (AT IHEL, SRS LEMIAIEL, TERES R T B &G

Transformer 4244 1 22 A9 hd 25 MRS 28 R . b 28 AL 284t N 2 e R =R, B
EEME R ZE M E A — . GiDa IR N RHE IR O R GO, SR 5 B AR RS 28 AT i 45 DL
AR o ARG R R B AN 2 Sk R S (MS AV AT — A7 B BTN 4% (FEN) 4L . 9 7 SE B s
RIZURIIAEAL, BB TR ZEER:, REHTEH—(LN). M2 T, FI587E MSA 1 FFN
B2 (A ELFE— NS 28 X = (CA) B

£ Transformer HE84rp, HER MHLE —DNEZEME Y. EIHEZ L AER IR, 1o A
(6)~(B)¥rfa N\ M) x B AT ) & Q. BRI K. {H & V:

Q = XW xw, (6)
K = xWX (M
vV =xw" (8)

Hpwe, WKL WY 2RI Q, K,V AL EH A
FEEMLHI A X LR

Attention (Q,K,V ) = Softmax{Q ' JV 9)
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Horp softmax BREMBARIEIH— AL TEHREL e DT RITEEAR R 20, 1) 218, FFHPrA TR
(A1 Lo

MSA HLELKEE Qv K ATV 5008 h A3k, AT SEEURIA x MHARA AN BOIFAT 15 SR Ky i 9F

Pekook, MRS E TR RACR . FEIHT I, SeTER N R x MUBLEAEREWS . Wi L wY

Z BT AR, FRE SRR AERE Qv Ky V IHEHIERE ), BJEH &R S kPR R R LR E
HERE W © 43 B R R o ARG 3R R

MultiHead (Q, K,V ) = Concat (head,, -+, head, )W ° (10)

head, = Attention (Q, K,,V; ) (11)

Horthead, R75 1 ANSKIER 7.

Transformer #fid &7 FF IR Z 36 A T i BB M4SN 2 2 B A (MLP) A k. &
I v i 22 2 M B G (GELU) R PEBE sR 4, JF HLaT DA BA R AU 34, Hor x @&k BT — E 1%
H, W Rlb 22233

GELU(x) = 0.5x(1+tanh (\E(x+o.o44715x3)D (12)
T

FFN(x) = max (0, XW,+ b, W,+b, (13)
2.3. gk Capsule-Transformer #2384

Bt RSB AR 4] 1 B, SRR AN G TS ERE . Transformer EFIIRZESZE . i
PRANER 3 FH TR, T 36 =38 70 T NARTE SN 70 A0l . A R Z s, JAMEH M 5R[21].
FIHZ T 150 DA Sh A RREE RN S TR @EE A s WAL E . ZERH =TSR
W28 B NN REAE AR HUE B, A AT AN GREHR. RN G, W R N 4k
Kith(Max Pool) PAEAT 4, 177 IR [A]Fl PR RE AR LATUTES B AR FE . ek, fEEAR 2 AR AR A RN AR
RN NFHE RIS B Bl 2 BR TG BT 1S R A BRI,
ReLU B #rid i BB RS R R 7n 4 AR -

Transformer B8 ) gt 2850 7 B INAE G E 2 Ja o X —38InA BT Rk mAGE 5 2 RE
B o Gl 3% 4540 B VE R IHLEI A AT B 28 N 48 )2 4Rk, I BLAE Bk 2 2 S Rk = iE s AH —1k,
DR RCSOE . Bl )E, KRR BT R NS 2, TERTR a2, R GELU UK
B A TR E R R AR A AR T, SRR AR S A AT N R S IR AN — 4k . AR SRR A
Transformer 2444015 3 Fros.

TERHE)Z T, BATR A SO RTINS 450, S5 MR N)E, 58 AN REEITIHE .
ZJE I GINA BO AT T 5 N B rh ol s S S SUR B P RE BRI Ir) R, ARl e AR B AR R AR TP [22]. X
SRR ReLU 305 BR B N\ BIWI I HE ), WA A2 B B RIS [R) e, S S [] e 4Ry i 5
JR BN o SRS, I TE] A A% 2 B 55 I %€ )= AN [R] 93 & ) (Temporal Attention, TA) )= . E55 — IR %E
JEr, BB EE N T USRI Es it . 5ESRESEE AR, BEE R 22350k
[23] B IR B 07 R R, AESIWCR R R IRCE, BRI CUEE B0, e eml, &fE, #EH—
Ji 3 J2 AT (R = D R A 3, 19 B ERRHAE R TNAR 3 L FHINAE vT DARE A A AR T AN TR 5 0
J 3 R 0 AT 1) IR B PR TG 2

SIS R, AT R B AL, 5 I (v ) E Re = A A PR RE . ARSI AE IR 3
B gmEEmE 4 Fios.
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Figure 1. The neural network architecture proposed in this paper
E 1. AR EHME ML
ta Lt
E=iinl E=iinl
TR FHIE ] FE
ReLUSEH sm o L 5
ZrHEiR FHIE Wz FHIE
ReLUE3F ER ER T R
BN BN
BEBDER =B
Figure 2. lllustration of the partial convolution (left) and the gated convolution (right)
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Figure 3. The network architecture of the transformer encoder
3. Transformer #miE 23 AIM 4 4544
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Figure 4. The network architecture of the capsule layer
4. RERHIMLELEHN

3. SWERS ST
3.1. HIEEHR

HAR 5256 {5 2 6 T LA HRN R0 003 P38 A S 2 T B B S A% B 1 S OB kAT R I T T A o,
AW FEAE AN B 4 ST 224k Capsule-Transformer 57 (4 A%, Bl UCI-HAR [24]41 WISDM [25].

UCI-HAR 4 £ [241 2 AR 85 30 L AW TE 19~48 & 2 [ 1523 #H IC M 2 10 o TEIC SR AR, FTf 52
R WG SIS 135 B B THLE 2 Galaxy STI), JEHSJE AT IR PEALAS, H# 4%
PTG A B AR P 4758 PR EME . Ak, ZEIR RIS R A EFRSRAZ AN
el SHBIAL. ARG, ARBIG. GHEIAL . SEBIGERIG BN . HARM YL, TR AN E 5 LIRS, A
SCHGEFE T ANFHEAR B E IS S ENMFEAR . SL50 O P IIC S LT shbsic s . &5, WA G L
50 Hz (R € RAEARAA R 1 = b in ol B8 A =l A1 o FE MR « R G v, 1285000 B O AR AR B0y 748,406,
RS B 2,

Table 2. Activities of UCI-HAR
52 2. UCI-HAR 3&&)

53 FEASL Epala
(w5 122,091 16.3%
B 116,707 15.6%
T 107,961 14.4%
AR 126,677 16.9%
S-S 136,865 18.3%
I RYA 138,105 18.5%
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WISDM ##E 4 [25]34 1,098,209 MEA, SEMIESNAHCHIFEAR S EFEARR E 7 thin?e 3 fis.
A LAE H, WISDM J&— /NP 1 5E 4, o M imsh A 5 thi K, TA%] 38.6%, it oA (5 &
FEA 4.4% . UGN R 36 443218 4R, X887 33 76 e 1148 BL— 35 Android FHLEEAT R4t H
WG . A A A RN 20 Hz MR, SR EEFHLN N Bl idas . %Rt
WO TN EAT UGS, A BIEEESr. AAL GERR. BRE. FREFIEHL. AT B REORN R R, iR R
H & AT IR

Table 3. Activities of WISDM
%2 3. WISDM E&)

53] FEASL B
M 424,400 38.6%
B 122,869 11.2%
N 100,427 9.1%
A 59,939 5.5%
dit) 342,177 31.2%
ST 48,397 4.4%

3.2. WHETRALIE

N T SRR A HERVE RN BRI, 5 0 AT 5 A IR AR R A SRR B i AT AL B . R MR 75
AR S T AT AL B, [ERR SIS T B 2.56 s IR 1 K/INERE, B3N 50%, #A% M 128
ANEE[26] o SR AR CURFIR I B 2% 7 B Ik P A% SRR A5 5 i (R0 M4 ek P2 R 2 7 ek P2 7 o iR Be e
JI B B, ERAR RISy 0.3 HZ [26], AR5 I A R AL AE[—1, IFEHE NI —1tk . dasEn)
T0%1E N ZRE A, 3006 H 1 It B -

3.3. SKWIFER ST IEHR

AR YRS E T 46 SRR K i 48 17-8700 ALFE 3% 8 #% 3.2 GHz CPU. 32 GB W77 f# Al NVIDIA GeForce
GTX2080T14GB-128 fii & R & AN 47, {84 Python 3.9.2 BTV, FEURFEFHE LI Zhrh
{i Fi} TensorFlow J&, Numpy T 304184, matplotlib T 585 ml#itk . DAMERRSR . K52, A BIRA F1-
Score 1E A REIEFR, LB FRIEERIA R, BEAYERA 10 558 XIGIE

Table 4. Model parameters (feature extraction)

4. BRSH(FERE)

Convl Tfl Conv2 Tf2 Conv3 Tf3
LR 64@3 x 3 - 64@3 x 3 - 64@3 x 3
IS 1x1 - 1x1 - 1x1
Ak RF 2x%2 - 2x2 - 2x2
R E - 1 - 1 - 1
EHRH 0.2 0.3 0.2 0.3 0.2 0.3
WOE R AL ReLU RelLU ReLU RelLU ReLU RelLU
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Table 5. Model parameters (capsule layers)
5. BHESHRER)

P e 9= WEIE 9=
BRI 32@3x 3
AN 1x1
P 0.5
WOE R AL Squashing Squashing
ik 734 8 16

WA MK 5 R TR BAE A B SEORE, Hrh “Tf” &8 Transformer 4844, JE48%071X
KX Transformer &R 51 FEI RGN I 73, ASCRH T 64 N RATR 3% 3 RS, AR
BIREN 2 x 2 AAHIE G IE S, ERA G E VIR T G5 S 1A — AR, 1R
Transformer &5k, R B2 93 5 713k M gt 25 2248 Beit-.

TERALSRNE 7T, ASCRA Adam RAGER[2517F B FREHIE, 4ERF 0.01 M E 2R haR
EH AR BB B 4 Ik, 2R E14k 50 NEIAE 1% 0.9 RECER. 1 H =038 SURBIE Rk k4L,
TR MLREATRREE TS . LR/ NECE D 128, RS EAT 300 LIS

ENRTES R A4, YRR (Accuracy). 5 (Precision). 74 [0 2 (Recall) 1 F1 4% (F1-Score) &
i B Ay BAPERE IO DUAS B B b . X SEFE bl & 56 TR VA 5 (Confusion Matrix) SR T30, VR¥E [
FLFELL T DA RS FLIEA](True Positive, TP), RISERRAIE, A IERIFEA; FLAF)(True Negative, TN),
BIschr A, TR GIREAS; B IE{](False Positive, FP), BISZzBrNf, TN IERIREA, {14 (False
Negative, FN), BISERzRJyIE, N RIREAS

TR 2% (Accuracy) i A5 Y B R R0 IF ff ¥ L A3l s USSRt i 7 288 1) (LIE 28 AN 6 28) I 25 7 R BE
THEARTR:

Accuracy = TP+ TN (14)
TP+ TN +FP+FN

F B (Precision) iy S A T S IE SR IREAS s SEBRON IESR I LLf], SSETIN S R pymr vk A
.

Precision = (15)

TP+FP
74 [5] 2 (Recall) i 72 52 b Ay 1F S I RE A o e A 28 TE A T 1 LU p), DGy A e ISR G e )1 1HE
7AS/ I

Recall = L (16)
TP+FN

F1 73%0(F1-Score) @A B AN A Bl 2R R AI-F 3550, 256 Pl &R, JCHIE H TR0 T4 %k
Pr. THEARWIT:
2x Precision x Recall

F1-Score = — @an
Precision + Recall
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3.4. ERFMERMELE

N T A UET I R PR RE, ASCRER T IS AT EE ARt ATt 14 5 AN 6 o R T

F UCI-HAR 1 WISDM #4521 I 4R T A A IS $RAF 16 40 SRR VA FE R « DAHERAZE . RSFE . AR A FL
SYBUENPERESRAR, RAFAS SCHTHE HH BVE R0 k. 14 7 114 8 43534 UCI-HAR F1 WISDM $d5 5143
FMEEE. T UCI-HAR HHEEE, BEARUERRIEE] 96.0%, FEAAKEEIAS] 95.7%, B4R [HIZA
96.0%, #1k F1 73 HUAH] 95.9%. (HTEX 7344 R IS 37 PR FRE SN RIAE X R AR, 7 2 0H 89%
A 91%. = 5 [RIO] RESZAX PR Pl B0 IS B A% I IR A SR B B AR AL, ANl et o g 5 5 ol LA 4

BIRBRIERE R IR RSN T AP Y WISDM HE 42 10 MR ER T, AR AERf Fe ik 2
96.5%, ARSI IAT] 96.4%, A KL 96.5%, Bk F1 /3 HikF) 96.4%. {HAEX 7 EREFI RAEH
FIE SN RBUA XS R AR, 0 RUERIRAUA 89%A1 96%. R AR ZH KN E F1 80t 90%, F
Haz AR yiss, & T SEBRI s 1 2 200050 KA 5

KerasBatchClassifier Confusion Matrix

1%

# ™ %
ha e

#
& =3

54

I.L
=
AR

Figure 5. Classification confusion matrix on the UCI-HAR
E 5. £TF UCI-HAR H5y 2SR B %80

%E%

KerasBatchClassifier Confusion Matrix

2H 1%
2 b 1%
o
)
E T
A 3%
ﬁaﬁ
#® = ] LS 5 ]
# £ 5 = < #
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Figure 6. Classification confusion matrix on the WISDM

6. T WISDM 894 28 15560
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KerasBatchClassifier Classification Report
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Figure 7. Classification report chart on the UCI-HAR
7. EF UCI-HAR B9 £ 5B *R

KerasBatchClassifier Classification Report
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Figure 8. Classification report chart on the WISDM
8. EF WISDM K& £k E*R

RS IGUEAR I MR RS, FEAH R SEE6 37 5 R A SCATEE HE Y Transformer-Capsule #5715 Yang 25 A
FEH ) CNN HA4[27]. DeepConvLSTM R [28]i AT L. A 4 i vl 2. KEFE. HBIZA FL
OBURAE, DA S LR A T 5 — k. % 6 A 7 JER T _FaRiR S ST VP4l 45 3L . A
FITHE AR LE UCI-HAR A1 WISDM %45 55 L (114 e 3 7 AP AMSEARY . Sk e 2k LR BE 1 FT 4 )y 2%
TEAN R A SRS LR fe .

Table 6. Performance of three models on UCI-HAR
2 6. =/MERE UCI-HAR LRy RE

UCI-HAR HEf % o RE FEJoES F1 7044
CNN 92.4% 92.0% 92.5% 92.1%
DeepConvLSTM 93.6% 93.4% 93.5% 93.2%
Transformer-Capsule 96.0% 95.7% 96.0% 95.9%
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Table 7. Performance of three models on WISDM
7. =/MERIAE WISDM Ryt aE

WISDM MRS Fi FEEES F1 7%k
CNN 89.8% 89.6% 89.8% 89.2%
DeepConvLSTM 90.7% 90.4% 90.6% 90.3%
Transformer-Capsule 96.5% 96.4% 96.5% 96.4%
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Figure 9. Classification confusion matrix of the standalone Transformer model
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Figure 10. Classification report chart of the standalone Transformer model
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Figure 11. Classification confusion matrix of the standalone Capsule model
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Figure 12. Classification report chart of the standalone Capsule model
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Table 8. Performance of three models on UCI-HAR
2 8. =/MERIFE UCI-HAR LRy RE

UCI-HAR HiRIHES i FEJEES F1 7%k

Jh A7 Transformer 94.1% 94.1% 94.1% 94.1%
37 Capsule 93.6% 93.4% 93.6% 93.3%
Transformer-Capsule 96.0% 95.7% 96.0% 95.9%
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