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Fitness Action Recognition Method Based on Wearable Sports Knee Sleeve
and Personalized Federated Learning
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(1. School of Computer Science and Artificial Intelligence, Wuhan Textile University, Wuhan 430200, Hubei, China;
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[Abstract] To address the privacy leakage risks associated‘withicollecting and annotating sensor data for wearable
device-based fitness action recognition as well as the limitations,of traditional centralized model training in adapting
to new users, this study proposes a fitness action recognition method based on a wearable sports knee sleeve and
personalized Federated Learning (FL.). The method accomplishes two tasks, namely fitness action type recognition
and user performance level recognition, to hélp usersstinderstand their fitness performance and improve exercise
effectiveness. First, each user is treated agian independent task, and a global embedding network is meta-trained in
a federated manner to learn user-agnostic shared representations that can be effectively generalized for any user.
Subsequently, through an adaptation procedure, the local classification network is fine-tuned in two stages on top of
the global embedding network, enabling each user to obtain a personalized model. Finally, extensive experiments
are conducted on a real-world fitnéss dataset to validate the performance of the proposed method. The experimental
results demonstrate that theproposed method achieves 100% accuracy in fitness action type recognition and 95.94 %
accuracy in user performance)level recognition, significantly outperforming existing state-of-the-art methods. The
proposed system can protect user privacy while exhibiting a strong generalization ability for new users.

[Key words]) fitness action recognition; wearable sports knee sleeve; personalized Federated Learning (FL);
privacy protection; global embedding network

0 2 FIRY A EE,
UTARA , B T 5 B AR A DR e i B T
BEHE AN MR IG5, S 5 Ba s 28 AR TR O S M I (S S5 35 A f B W ) s

T

H g3, AREE G0 i 2 f B B s » s A A
FERTETEANZEFTIE IR 5L 52 BIVF 20 5 e 45 10
FEBR L BRI T B L LR R T
AETC K S AR A S M SR 2 0 B AR
DRI DA s 8B M e AL e B M 0 6 B s s

E&WHE: Wdtd AARIEREG W EIH (2022CFB563) .

B TIHZN . 2023 4, AR R R (F R
FEAE LB B A AE T30ttt it Tl 5 423 . T
THE) 2028 4R, X — BT B AR 25000 R
A SF IR A Bl 1A B M I BAR 0 (B R
() A B R ) R B G T A

PEZR: T 5 BV T, S0 10 8 AL B AP A AT s 2R S A T s B 0 AR O AR A s R BN GEASVEED  BIZUR 6+

KA. 2025-01-03 f&EBH: 2025-03-13

E-mail; lyu@wtu. edu. cn



130

52% 5 10 #1/2026 £ 10 B/HENIE

BUA e By sh MR RO 7 1 B0 3 2L B
TR B 1 T IO A 1 7 R L T 5
BRI

BTG R B 7 R AL T WL G Sk 2 A T
filt S A . SCRRL6 A RGB AR BILER 2 6 B 5
VB SC A S VEiTH 8. SCERLT TR HLAEBL H
sz ShE AT ARG 3 B P 21 TR R DR S
IR o T8k (9 5 06 5 5 32 3Dl B AR A 4
SIS LT 5 HE TR v s S A4 Sk A7 e AL T

BT LB 5 (077 3k A T 22 K 5 Wi-Fi 450
AT PR b U SRR M I . SCRRL9 Jfelr F 2
A KPR 2 T2 B R AT U S 2
FHP R B il . SCERLC10-11 IR WiFi {5 545
MEHEAT AR BB IR . SR X B3 T AR 5 Y
TNER G Z BB RN R AT

TP RO YT R M A% b 2 s v e At
SN, SCHERL 12 IR e T2 A RE AL A n
(B PRl e S B T B Sl 1 R A i &2 Bl 13
B SCRRLI3 3 1 56T R oz sl 3 il By sl oy
5 TP P B0 3 A 26 28 5 A 0 A R ) £ B
LA

% B ] SR A DU T YL RE 7 5 AR A
B T2 38 Y AR SO R ] SRR 4 A
PEAT RS SRR Foh a2 Sl i i A L R S
B AT AT BT MRS E PE AN B R A AR i 18
B HINZRrh i E TR T oA S
B AICAMUD R T2 shr R H AT S i o 22
4 S a7 R

RN » 22 FiT 2 T AL MG A f 4 B sl VR R0 7
LM T 5 i B 2, FOoP b 1 1) A5 e K £
F N NBURME B A7 0 SR R R FA T2 ML (AN R
PN R DR 3 A ) B9 URR . R o )
(FL) "™ i o 2 52 A5 A0 S0 -l P i s 3
TR Y S B S ) B R o AT s B — B AR
PRFAZ R A T 5. B AR IR ) &
5y 5% 3 ) FROHE S P e SR S PR VR
A B A2 S AAT g 248 AT RE S B SRl B e
18I R RS AE R E L A, AT Ay v R
FHAE 2R 7 500 5 S5ORE R 18 1 ol A 3 B
M.

N T REXF LB HR A A SCER T — BT
PR > 4 et B Sh AR R0 5 i O IMU A9
]S HGE B PR S B E S S B P R K
SRR, b, P R B BR T U BT

TR fa S S E AL R UM S E R iz s . ZEAR
SCOF R B S A P R 2 o X R 4
SRt AP AT 0N 25 AR B 15 5 R AE g A %)
R AHLZE P S AT 1) 53 2SR 2 v, AT R4Sk
oo R, O T NI TR i i A X 45, A SORE B
PR — A0S AT 55, BT 55 S oA ol e
AEdE A . LR, A SCR A Reptilet™™ (—Fh—
ot > L) DA 7 =00 42 Jm i A 48 164 70T
Y Al 8 N 2 REAAT 5590, H R XTS5 11
RAFZALEE ). fEAR MR P it A 45 R =t
PR R B AE AR s B S A T R A I
BB 0 P 45 11 RS AT R R R =
TCAL R SR i /M RREAFEIOA 25 ] T R HE B
]IS RAS AR AR o] P 8, A3 0 o T 2
2 B ARAE R B 58T . HESRAG ATz L5 5 3%
IEJG » AR SCUBE T P B IV, SR W LA 58 J A 1k i
A3 TR SE, 76 A% 1L P o () £ HE 4 LA =
TR RGO LS 5 2 5 X A 25 Fidn i 2
PEATIR SO LA S B PEAL T . 3 2o 2 B O
W A A REAR S IR P A R . e 28 AR S
A 10 ZEEAE . BE 6 KE T k. Fi
247000 ABhAVE 1) FL SRR 45 LAY R S, 45
SR A SO 1 B T TR ) B S A 2 1R AT
FURBKF- . ARSCH) FEETTERANT -

DA S —FpSE T 0] 2R 8s sh i A Ak
IR 2 > g B S VR UM 5 % % T AR A 2L
PR3 P BRI | 140 BB S G BT FH P A

2) ST i B Sl A AR P 3R PR AR
WS B P T A BRI O, DA B I 2
ROR .

IFEE I P BARE LT S, 4
FERH A SC A B R ) D iR ST 100 %6 1) 4k B Bh AR
RPN AERHZR AN 95. 94 Y019 FH P 2 IR AK SR 1) o
R LT HAD S

1 EFMELERIBE IR IERANTTE

1.1 SRR

ASCHE R T —Fh BT AR 27 ~] 4t £ 5)
YRR i B ARRESR NP 1 o, 07k B
H1 3 AL BIVRCE SR A L 30 1 1 A B iR
Ble E5E AR EGE S g 6 @y s kAT
BERAE s Z 5 5 R AR 1) A3 2L At B Bt 2050 22 4
HAE AR P S ORI AR s i R 0 A A
PR ARSI PEA T 4 B S A B P 3R BUKF-
U TR B P T AR T B B e B B



£52% 510 #1/2026 £ 10 A/ ENTIE

131

Data Collection Action Segmentation Fitness Recognition

@) [Short Time Energy] [ Fitness Action ]
Calculation Type Recognition

Repetitions User Performance
Segmentation Level Recognition

1 A EBRIESR
Fig.1 The overall framework of the method in this paper
1.2 HFERE
L2.1 Bsid
ARSCHR IR B IMU /4 0] 2 82 gl 30 14 X
JUEL R BEAT I LIRS RFESR T 96 He,
® LI TR B AR S HL
®1 RRESHER

Table 1 Parameter information of the sensor
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S B ALAE TF AR FNZS SR ], D i i 1048 R STE
P IT IR N SS R I [R], BE#E ¢ %) STE B/ T
0.05 Bkl E, JFHEH—F S e =(E . —E)/
Aty TR & >s0 I H E o> Ealy s R S8 — A
)8 e OMTT AR IR B] . 42 . R ITRE] ¢« 2 )5 iy 25
WA, R &, <<ew . HE, y  >E, WK
8] 2+ ARIC N BEMAES RWEEL . A2k o<<d,.
WL SRR 25 R [, JEr . d g, S 2256 L, O
Wtk T — A FI B A, 2 A A 2 18] AR 22 I (]
WAL T o NIPR(E AR AR . AU R
FREEHEA T WA 1 25 2 S/ ) DT AR AN s R 1]
RV SRR A R . Al S R B
T[] — 2R 1% 2 A~ IMU J 8t A [H] 1942 s
A e X PR B2 i s/ TSRO AR SOR — A4 IMU
9y B A5 R T2 LA s —A4> IMU. 5] 6 7R
T —dH 5 s b R BRI NERA R IMU 3
BEL IRAE G W S W T B 4R 5 1 AR HERA U
S MRS 1k I 18] 75 T A e LA & 2 A4S IMU Z [
HRIR Az s

—STE —STE
Peak Peak
Repetition Repetition
4 1 2 3 4 5 6 7 8 9 10 3 1 2 3 4 5 6 7 8 9 10
& 3 ' i ) o2 .
(77} 2 | 1 % 0n N
i 1 'Lad (AN
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40

Time/s
(a)Segmentation result of upper leg

Time/s
(b)Segmentation result of lower leg

B6 —HSHHEMTEER

Fig.6 Segmentation results of a set of lunge movements
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Stand-alone 100. 00£0. 00 99. 52+0. 25
FedAvg 100. 000. 00 98.02+1. 35
FedRep 99. 9940. 00 96. 66+1. 31
FedPer 99. 9940. 00 96. 63+2. 38
FedBN 100. 0030. 00 98. 8740. 46
Meta-HAR 100. 000. 00 100. 000. 00
R 100. 000. 00 100. 000. 00
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Table 3 Comparison of user performance level

recognition results %
S PTG R

TEIZRA F gr i
Stand-alone 95.53%0. 31 54.°04=%1. 49
FedAvg 85. 500745 53.09+1.48
FedRep 83. 2440. 47 45.85+1. 42
FedPer 85. 87£0. 41 51.7543.08
FedBN 91. 63=0. 18 51.934+2.18
Meta-HAR 90.8840. 42 92.5540. 98
ARSCTT 94. 58+0. 27 95,9440, 75
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