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Multimodal Physical Education Data Fusion via Graph Alignment for Action Recognition
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Abstract In the context of intelligent sports and educational informatization, fine-grained human action recognition has become
a key technology in physical education and training assessment. To address the limitations of traditional methods in utilizing
multi-modal information and capturing spatio-temporal structures in complex motion scenarios, this paper proposes a multi-modal
graph convolutional network model that fuses skeleton data and wearable sensor information. Firstly,it proposes a fusion method
based on “virtual sensors,” which maps wearable sensor signals onto a spatio-temporal graph constructed from skeletal joints,en-
abling effective integration of multimodal information and enhancing fine-grained motion modeling and cross-modal semantic con-
sistency. Secondly,it designs a multi-layer graph convolutional network tailored for complex sports movements,incorporating lo-
cal body part segmentation to improve recognition performance in challenging scenarios. Thirdly,it constructs a high-quality mul-
timodal dataset for fencing,covering various technical actions and skill levels,to support fine-grained action recognition and skill
assessment. Experimental results on both this dataset and several public benchmarks demonstrate that the proposed method out-

performs existing approaches in both action recognition accuracy and skill level classification. This work provides a novel mode-
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ling framework and technical support for intelligent recognition and evaluation in sports education.

Keywords

1 3l

il

H I (Human Action Recognition, HAR) 1E & % fE B M 5 17
HIRRE L W) M THE BT VRS2 A
W, RHERTET T, IERNEAR WG G %S 5
KEATH W BB TR, W2t %24 56E 2h 5 shfE s f
B S5 BT 2 G AR AR S 2 WL TEA JL B AR 20 V8 19 58 18 &
A T 4 By 0 K i e B R 30 4R I EAT BRI 4 TE L DT S
FRFABFRCR G WA, FIA, S EBE WSS RES
A B A SRR A AR N 2 Dy B8 i B AR T ST Y B
Pt
RAEERMNERT B F B EA BE NN 5
TERE L RIEE T 0y & A5 s — R P, — 77w, A
MERLESVEIRIE G2 301 5 DU B R S5 22 7 2R U
PR 28 3k A 02 A 5 A PR IR B8 5 55 — D L B 5
SR TP A A Y T MR S Y 5 2 W A A A S ()
FEUE G T B — WL SE S 1 Tk TE e R o e M T 1 3R
WAZ R, JEAE R, B 2 TR B A% s AR I Sk B 0T AN % 15 IR
BN K, 1 B 22 X500 T 4% G0 A o6 B3 1 B0 B A2 4 L 17
LU 5T T IR R FAAS [l 25 A 1 5000 5 X 3 A7 0 A i 48 R
JERE™ s F AT A . Hod, Zho %542 1Y Fence-
NetZEHaH 2D AR AE Ty di A IF 40 1 5 F B 42 19 3l 4R 3R
STT R SR BEAT 43 25 LT A sk S b Ak B AR TR E R
W43 28, B2 (R B BB BEAT Sl MR R ZE 4 32 R &6 3
M R BRPE . Tao M E T £ IMU £ 8% 45 8 1 il
B A L 38 3 X R [R] B A A A% RS R AR EAT A 2 2, 5
WA IR Z RIS S EASERBER, HAE T kLR T3
PRSI G . BEE ISR A, 2 BUS B0 1 b5 12
WA AR T Sl M OB M AR Y O . Ahmad 25U R
TR B e 4 R % IMU {55 5% e Dy i TR0 5 B8 43 S0 42 B
FHIETFRLG S 0R 85 R R B B i M e I T SR 2 U7 1%
SR » Z B Al A F G0 A A 18 4% [ 25 1 03 {5 e M 2ok
B It LARERL G R AR W RS i 4. N
S RRF WA 12BN G T e R B AR
TR M SRR T5 vk B WA FE LA R ). — 5 1, £
L 25 300 ) 5t = 25 4 A L AT 2 Ak A R T G AL R BE T 0 2
PR [] A B AN 5 55 — T T, 0 B A A AR Bl 4 1 5 ) 45 4 3%
KA By i Xz A AN LA AR T 5 TR
VEIS N 22 57 K S A] IX 43 B IR 56 ) A
Sy ff g bR (A AR SCHR T — B I T AR S ] R A
TR RLA 1) 2B SRR RE S, 25 6 W0 50 I8 0 1 B SR R
H5EHER DR EIR BN E SoE k. BRI E &
T —F G ARG 5 B gt 2 B 2R B S R Rl E R R . AN TR
TAL e PR A& 7 I AR SCIE R A B ARG R s R
PUL A" I B LSTM W £ £ 37 A [ T8 57 [ A% 4% ALkl o DA

Action recognition, Multimodal data fusion,Graph convolutional network, Physical education,Fencing dataset

T 68 A TP 1 6 RE LA P 45 4 ) O o5 - R B AT Rl 5O 2
53 R, LSS B R R R B RS R AR SE L, (B
R B BT B R T A DX R A 1 LA B 2 A
AR BRI 23 D Sk 8 R 5 U 3 AN B e XL L G
SR AL Y B0 E 22 Stk I A5 S [R] A J5) 358 DX 3k BE % AR B JE AT
A RCERE Y 23 7 o 83 BT S L X AR T I3 i
BEAT I AT A o (845 T T AR B A5 e e B 2 9 A O B A6
MOGIERERE ., LRI, A4 SCRH] Vietoris-Rips & & 45 1y
WA HBERE J7 AT 1T b 4 303 I 2 8] 285 A AR AT AT A0 7
XA A is AR RAERE 1. AR SCHITTRRANT

DT —Fl Rl B 28 MO0 15 T o A R A Y 22 A5
SRR BIMESL 3 0 b e AL R 5 LSTM Bt AL
A5 15 1 05 1 R A RE 5 7 8 25 () v R AT R

2) G By A Jay 98 DX 3ok S 73 36 % 396 T A A T S B Bl A IX
WA FIKTE J1 . 45 Vietoris-Rips #i #1485 fiF 147 45 ¥ gt 42
P2 T B S8 5 P I R P v R B 06 AR A IR RE T

DARET LS HERBM S HESEEE. Kb g
B SRR 5 AT o TR A R [ A0 B O R R R S A
AR BT R T R 3 5 S g Al

DTE F R &7 GUBUR R 5 2 A PR ERR 4R L AT S0 50 16
HE &5 R R A SO SRR AL 5 b B A i E 5

A SCEE 2 B BT 5 AT 58 AR 5G9 3l 4 TR 3 U A BT 5
HEJE 56 3 BRI AR T REA B 2R S AR M A IR Y B AR IR S
REZE 356 4 BEJRIR T S280 B8 PP AN $8 b8 DA R AE 2 B 48 B
BO PR BE X LU 25 2R 5 R B4 A SOOI X R SR AT 52 7 1) AT JR 22

2 MXIIE

2.1 BEHRME

& 3% FL K 2% (Graph Convolutional Network, GCN) [H 7
AR WL R AR S5 M B R AL BT N TR T
BRGNS R 55 Th ™ L B B0 G AT R AR 4R R &
F 0T B AR @ S B S TR W RN R RN LR
45 GCN Be %A AU He B % 22 1) 1 25 (B) A0 1 1 5 30 16 19
BHABFFAE . Yan S0 I T B a8 B 45 B 4% (Spatial-Tem-
poral GCND , F| F 75 [ [ 45 FREZ i AL Wi iy i 509 5 2L 45 &
A ] 5 LR AR T[] P I P B A . Li SRRV R T B MR- 4
BB 4% (Actional-Structural GCN) , — J5 T M 8l 7F o 4ifi 45 76
B He AP PR RN ZE MRS G R L ) — T R JEA (1
BRI LSRR S R DG R A I AR R 2 A R
RSB AR, Shi BRI T 26 AGON———
Xt 3 107 P21 4 AR 000 205 % B i 19 — B £ B (O Ak ) 5 =
MrfE B CBEE MK R D 647 T A4 A 1 T+ T 3 5 44
PR RIBRE ) . XL A SR T T B AR AE (Y g AR
FBIE 7 2P, B0 TR 1 R 45 4 A A 7R S AR UM v i 35 H 4
EAEGE 3T GCN 89 8l R PR 5 vk 2 B T # 25 L BilE )
BB AR D e DL A IS N W SRR T AR R 13
AL, 5l Z 0] Jay DX 38 ] A 37 d gl A = Y A A



Wit 5 o 45 < T 220 U 7 0T M 9 T )l sl P RO O ik 91

AR, Hu M HE AY STGAT i i 76 K 14 7 g 48
Herb g AH ] 2 B2 0% 3 2l £ AR 5 Ak 2h /R RR AE 1 R IR BE T
Chen ZH 3 9 MST-GCN 38 iat 42 R 25 [ 11 ik 7] ] 45 F1
PR AB N 1 a7 3, BT 4R T AR R o S A T O AR 11 Al 3R B
T7 . BBk A Bt s 0 AR R 5 K 1 3 A ) i3 e
I RAFOR  E  AT oR 7 O B S MR B RS S Al ke
JE B e XA AR Y () R, AR SCAE R 4R R T R £ R A AL
KAERT A R AE AR IR B AR E IR 25 T AGCN HrmT 2 5] £ 43
S R A JELARL TR B — 4B 5] A R T R B A X 38 K] 4 Y R A
K, IG5 A R R B B IS LS B A B R R AE . 3
FERALAE 22 T AT J7 1 7 B 4 4K 6 45 181 45 40 2 20 L i AR
T L2 4 X 3 A R 2 AR A il Tl AT T 4R R
B i Ry AR T 3 5 N R A SR LR 558 3K SF PEAG A oK .
2.2 SESHEREIHMERS

ZAEARAVE R 32 TE 3 7 UM R Ge M e 1Y B RN, |
FETE 33 5 A R R AR S B0 14 T AN O B, S BT o B 0 R A R
KRGS, FWT Y B 5 R W AR 2 RS Y B TT LR
BEE AR ED . BRI 28 A R e 32 B A 4 S
R G RE B S SBUR RS 3 28, A B4 8 1 g 5T Y 2k
A A TR A B OfE 22 T 4 TR 45 5, BRAR LA ST AT B L R0
SR DR A5 AR 2 TR RIS ) A IR 2 0 SCHRRD S il iR
BEA BRUS RRAE Gl A8 45 B S 4 B Hp ) 5 AE 2 AT B 42 ol
W S5F, AT 44 T 2 7% B 5 (ELHL il A B i v B RO T RR AR X 5F
B RE MG RIT, 5 5 2 BN RS A ot 7 a2 70T
PO, AL Z R B0 A TR A B Bt X 2 S B R A
Tl B o ol A5 0 RE 0% 7 5 AE 2 2 91 46 B BEAE S BT 42 48 R R AR S
IF1) F) JFG J22 A o DTG FE — o BRI % A % 5% [ A, O 78
WEFE R ME RN . AR, S S BUE Al A AR E
T HR A W $ 0 G A0 A B AR ) ] B A B AR
RS o AR i A X 3 5 A8 A 308 14 5 0000 S K 45 i) 1 e
ik, Choi FEMHEH M ZHRETNAUW AR AL EERE S
HEAT S H 2 2 R T T /N RE AR N R R R 0
. Hu SE20 42 0 Ak 2SR A 45 LB 48 o e 5, 5t
RGBT B2 5 5 i 45 W08 A28 R AT T4 5 % 5% o DT 76 2 24 4L
SHETRT ARG ERENR AR, %S 58Kk
s Yuan 555V SR 2 ROBE SR ZE 0801 S A 1) AR AT RS
HREM T Z BN B gk e iR, SACRE .
BXLE T A R R 25 (B X 55 3 1 28 . 2R AR A A e S AT
T 2RI TG TR B AR A A S A A R S —
RERE 7 AT AR R AR AR o 1 22 05 v O 5 v S0 AR A D s R D
2 H T AN B A5 R X 5 R B, HLBEAT R A R R
REW RN RSB RERTINLRZNDE ., 52 AH
EU AR SCR FABUE G R 1Rl FUR T B 2R B0 B A 1 R A s
Tia) &% g L R 7, B T b 220 01 4 B OG5 1R] 30 4R 06 R A
TE AT 4 22 T A5 17 SRR 25 28000 W S 7 BT 255 (] v 50 B0
e EAT BB s 2 2D R0 G o Bl B R IR S A S M R 1
WML KR E SR S E R E SN LR RNETT
Pl 57 5 85— FRAE  LLARAT 5 R f ) A0DRE B B R BT B2 T
REAENEANTT RS E A 5@ iR,

2.3 HNEHESERER
B e A& ST E R R R R R B X —

ZERHEZ D 5] A& KB B R 5 s
AT A ROR I A M A T 5B AP A, Han
SRR T — R B G A A U T vk % ikl i St e
TR KRB SHO R R T HE T E ML ETH
RGPS T RIFMEMR . Ding FPIEIT T —FMETF 3
YRR IR & B RO RS, IERE T X RS0 SRR
S VR 2 RO B 2 R A G R 0 I S BR A 3K
MR 09 R RE T A AL S 35 200 M DU & 5 5T (Inertial
Measurement Unit, IMU) (% 7] 25 8 42 B % BE B 1R 3k L 21 FF gk
MRS, IMU B4 R 38 R0 BCE RS 0 S 4081 41 38 AL
A AR IB B E SERUE S T AT S T B B
AR A R AL BN M 2L AT B AR E T #H D
AU A {5 S DS Y L A Bl TR UR A AR T A 0 1 TR AN
EN R A | TR A U R s 7 T e AN K (1 SXVO S L <
& N T 05 3R W v, Dy BB AL T & 00 L RT3 W A 4
PS4, AR T T NP B v, e Ah B B E IR
B AR AL RS YNGR I S HOW P Y B e B OR B L 1%
AR 25 50 ) 0BT 5 ) R O % 5 SRS BE S R B kL
RIARARE BE MR e fb &R T K, Sri-lesaranusorn %)
TR AL B, Bt T — R R B 5 R ik T2
SR Ay O s ) TR B H AR 4R T 5 B MEHF IE . Yuan
ST T B Y TR A R s L X T M sh A R E S
TETE B AR & R AT AL, BT 32 7 vk 7 R BR A 4R A T
SRR, REC ARV L RIE T RS TERE A
2R W ARAE SRR H T S B 2SR
TEECHR A HE LA T S A PRI I 2R S B R S 73 2554 55
U A SCHE T AT SR AL AR AR T — B 2R B 1R R 4L
Pt A o i B AR 5 A R B W K 2 EE 5 O RIKE
B R G SRR G £ B bR BT S At TR Sk

3 ZEFTHUEMAESAME

3.1 BKi&it

AR R G NP 1 PR

Z BB ALA BB TR 4 10 55 8 TAE R R KB AW
ANy D it Sensor to Graph (STG) #8 He 5 4% 5% 7% 55 5 e
I 28 1R A3 1] v o R AT R G s 20 X Al A 0 BN o
&1 25 BRI 2 R A7 R0 0 4 I, e 2 i 8 A0 R 4521 T — iy
INHBR B R S A — R (C . T, . N, H G
AR 38 3 48 BT, T A0SR B JR 8 i i, NLAU R
K AEE . LRI EE T R —B R (C LT . Hih G
AR 36 18 AR SN 00 38 T 4 B, T, AR 38 A% IR AR o i B
ARSCEER LA R LA L

1) R U B SRR 5 % A O T T 0 WA Sl
AR A —B T LS R AT X S B, i i
TR T SRR Y 3 B ¢ B 20 4 A% R B T, 1Y R S WAL T
VAR g HARWUECT o DL S5 305 B L8808 Al % 5%, % T 3 3 4
Bl — 2R FCRBRIRC M4t . R C =C %

50 55 0 R SRR T,
?,=FC(I,) (@)

o)X T (B ¢ 19 {5 R AR SO T, it STG f B



92

Computer Science THEHMEL2: Vol. 53,No. 2,Feb. 2026

B BR B, R B SE B 25 K (C L T Y8 3 R 55 1 35 S AL
B 454 (C, . T, . N,) .,

T/=STG0(?/,S/) (2)
Hi 0 &— W25 2= FAHEB MR #E . STG Y
PEFH 2 B A5 AR B 5 B 9 B A B s TR R b AT 5. R 2
Ja BB f A ot A . BUR SR UL, STG 8 3% A4S B 285 4 1
HBAT — A LAY HE SULAE R L BE S R — 2 T 1 R R A
i LSTM(DAG-LSTM) Bk , 3 3o 45 — i H@%Jﬁ’i%ﬁ%&%}ﬁ?,ﬁ
BRSBTS SRS R T

30K 15 3 11 B P R e O T, 5 B S B S, 7E & 25 ] o
XoF N7 Hb HE AT BCE 2 T Al AL 15 B 2RSSR X S
(C,+Ci»T,,N,),

X=Concat(I,,S,) € RCT TN, 3

43 3 B AR W A R B X B 2 B2 I S R AE L X 4
FEAR AT EST 2

Q/Zf(;c,\l(X) 4)

Sensor Data

200000
v
ydein o)
10SUDG

~

Skeleton Data
\L@
aWA
S,

Ca) B 908 il A

o Barcodes Hidden Feature
Graph Filtration

% ° A? Vectorization
° o> s . > —> - >
oo O . & Projection

Head Node Vector
o

Hand Node Vector

Leg Node Vector
>

(b) 2 RN 2%

Bl ASCER R G0

Fig. 1 Overall structure of the proposed model

3.2 STG #

Fivk 1R T STG BEb A7 B0 & 0 3t 7L, {12 B
A RTAT AP — KT S B AR A, STG B & A
WRIAMIN, — 1 A4 A7 A —A I LA B . AR — A
AL AN B 5 T A R SR T T R A% T
S L A 1 R A T L0 A TR 5% 005 A T 5
BRI LA R E S
Bk 1 T IR Y K T K4
AT/ % H A AR« /

S/ % RO + /

n/ LI AG R4 (0 /

G /* A ERE » /

Attention Matrix

Dot
Product

Prediction| &)
B

Bt T/ SR [ 2 W B R B+ /
1. Let G =C,

2.Let 1,=0
— A
3.Let I"=1p}
4. N <= Set of all node with no incoming edges

5. insert n, into N

6. While N is not empty do

7. remove a node n, from N

8 for each node with an edge e from n to n, do
9. nen, =S —8"

10.  I™={(1".nn,)

11. remove edge e from the §

12. if n, has no other incoming edges then

13. insert n, into N

14. end if

15.  end for

16. end while

17. return I,
MBS AL AL T O s, B X o, AT — 2 R T AT
> T L A 2 B 20 B AN S 000 B JR BR S - 5 S A5 B e Y
win Hn, Z BB B e n, .
nn, =S —Sp (5)
3 337 T o, B PSS AL R BB T S, 3T LA
T A o, B AL RS BT
In=fI" snn) (6)
LA, fo2— A B e B, fE T LSTM M F T, i AR B
PR S 43 00 2 AN [] 5 a5, 40 AR XoF 7 2 0 X 7 R 4L A% S 1
o T HRIF ST OCTT fn, 1 BB P45 SRR B0 A A o B BT LB
SR i, B4 JIT A QI 42 DG Y R TULA% R BT
2 3T 5, B R AU R AR B 3T 5T 58 B STG B
AR, 1 48 S8 5T 5 AT oK 58 R 1045 A B T 5
B OCTT a . BEE XA I BRI O W E AT, e AT R A R
UL R AR B T R oE . AR SR ANE 2 R, DK
S IR T AR R 22 N Sy 51, T 4R R A L S SRR RS T
KT TR IR NI HEAT S
I = f(I" yan,) s Y VEN D) <)

Hop IO 5T A3 REZ006T 5 V 5560 5 U i UL
BB N (DA T M U 4B JE T A S R b
ST U TR 6

=

T e 2 T.‘. —>—>
© l e o ®
° e 1 . @

P 2 IS B T S

Fig. 2 Calculation sequence of the sensor data

S BRI P P 2 (L (UL i — e BB T



Wit 5 o 45 < T 220 U 7 0T M 9 T )l sl P RO O ik 93

RESTE 2 271w [m) B I 4 12 SRR A7 5090 MO B . A X
THOLT ARV K AT L& T 1% BRA%  AH R H 25 1 28
K A~ STG #EHL B4 STG 5 He A 45 X 17 1 B 52 % B 2% 19 41
P55 B 4R B AT T B A5 B BT A KR A% e B B

TSR AN [R) £ SRR T I ) 2 A () 285 0 1 5 00 L D) 4
BT ARRGLEA K GRS ER T TP e 10 M 13
B B 2 AL RSB T,

L=1"+ 17 4 1 ®

015 B4 28 RO ) Can v — A 2 TR I ) S
T3 AN LA 5 A% I A 1 2 AR TR WK R LB AR, T A
WA YE R LT PR

T/:Conc‘at(if" ,7,‘2’ ,"'j,(m) 9
3.3 BEFEEN-HINESRME

TE LT B SR B0 19 2l AR R0 A 55 v, [0 3 BRI 4% 0T L Al
PEE R S AR AR B A R T W SR Wi B
. Hod , AGCNP2 S 3 51 A AT 2% 35 Y 418 32 48 B {75 45 7Y
fets A 32 > LRy 28 2 0 R 38 FF T BT XA 8] 3 1
2 0] 0 Bl 75 45 0 2% 5 1 3 0 R

Fou= %Wk (fuA) OM, an
Hh WoABBRESE £ T fou B REE 5 i 1 RRAE L A,
R b ASTIE SRR [, M, N R 25 S0 Y O R SR A

SR AGCN 42 Jr) [ 38 N (&1 AL i A 7 2088 T K [R) &
M DX 3L S AE FRAT P 0 25 50 5 ST 1 L AT BE S S0IE S R
A7 X5t PR ) 485 R 7 A N b B, G R A B A 3R AR B 2
SRR s O R,

Ry i DR b 3R (R, AR SR T — ol T Y I 4 A G (]
IR, Bk 2 JBRTMENETHE. xSk itr
JRF RN 4, AGCN S6ah BRI A T RFEZ PG . Jm#sh
PR AT L3 2 A 0[] — B (R PN 22 A B AR A7 18] 1 A DG A
B2 25 . B, 78K D 5 #k — AR S fE R, X 46 R i — 3)
PE A TR AT DL S 1R 0 3 2 1 R e R AT T B A5 B RO o
B FIWT . WAL 3 BT 7 o 4 SORE N B B S iR file 00 45 4 )
A3 R 3 AN B BB R S Sk I AE B A X P R B
M 43 BB BT A BURRAE o K 100 5L %) R 1k 208 32 4
A XFRLRNSF 9 3 AT HEREACY AN FIAC

A=A DA (DA head an
ik 2 REWEE-HINE SR
HiIA X/« SRS RA R« /

L/ x R4 E%x /

A/ x JR W IR SR AR BRI % /

Wit y/ % PREER x )

1. Reshape(X) to shape [N * M,C,T,V]
2. BatchNorm (X)

3.Fori=1 to L do

4. If use_attention[i]= = True then

5 Z=<—unit_gen(X, A, attention= True)
6 Else

7. Z=<—unit_gen(X, A, attention=False)
8 Z=<—unit_ten(Z)

9. topo_feature= topotrans_i(X)

10.  Z=<topo_feature

11. X=ReLU(Z+residual(X))

12. End For

13. Let X< reshape X to [N,M,C_out,T % V]
14. X= Mean(X,dim=3)

15. X= Mean(X,dim=1)

16. § =FC(X)

A
17. Return y

) o/ﬁo (i)

]

Body-part-based Partitions

\

B3 Skl

Fig. 3 Division of body structure
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VRe V)={c=V|diam(s)<e} (13)
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Fig. 4 Decomposition of fencing action
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Fig. 5 Skeleton structure of MFAD dataset
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Table 1 Accuracy comparison of MFAD dataset

%)

R BAr kA 3 1E 3R 5l AT A |
AGCN S 99.02 97. 84 96. 87
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Table 2 Performance comparison of MMACT dataset

7k B EA F1 2%/%
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Table 3 Performance comparison of CZU-MHAD dataset
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Table 4 Performance comparison of UTD-MHAD dataset
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