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Gated Progressive Gaussian Filtering Network for Human Motion Estimation

YANG Xu-Sheng"? YANG Ji-Ye"?> ZHANG Wen-An"?

Abstract To address the issue of degraded motion estimation performance caused by surface electromyography
model and human motion model errors, this paper proposes a human motion estimation method based on gated pro-
gressive Gaussian filtering network (GPGF-net), aiming to effectively compensate for model errors and improve the
accuracy of motion estimation. First, a gated memory mechanism is designed to regulate the flow of information,
enabling the model to learn long-term dependencies in system states and time-varying characteristics of observation
signals, thereby dynamically adjusting the distribution parameters of the error compensation term. Secondly, by in-
tegrating the advantages of Bayesian filtering and deep learning, a progressive multi-step observation update
strategy is introduced into the GPGF-net to reduce nonlinear approximation errors and enhance model robustness.
Finally, experiments on human limb motion estimation demonstrate that, compared with existing methods, GPGF-
net significantly improves estimation accuracy, reducing the root mean square error by 15.62 % and increasing the
correlation coefficient R” by 5.08 %, thus validating the effectiveness of the proposed method.
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UL 25 1l 7 25 A e ey i, LA g
R NS (O B HR . B

A%y, = Fi (i) = Wa(tanh(Wif +b1)) + by (36)

ARy, = FQ(ZZ) = eXp(Wg(a(WliZ + bl)) + bg) (37)

Forpr, BRI R A b5 ) T 22 A LA A N Ry
TE if 38 Tk A 12,7 B Y — B R R B A Sk
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iafes
iy = o(e | flat(PE")) (38)

RIACAZ S 4% -5 I Py 7 22 PP 2 e e
W& By Ay SRAESOW I 1238 & o) 1) — B fE A
— iR

&= Fy (") = Wy (tanh(Wiis" + b1)) + by (39)

Bl = Fy(if") = exp(Wa (o (Whif" + b1)) + ba) (40)

|42 24 3 LA B SR
R 7 A e AR AZ S R el ol
LI RN R, AR A = 5
D (i)« BB ECRURERT LEAERE = 22
I 6 B VLA S 159 L% b — I B0
AR by WEIINE A S 2 S B 25 VA 2
HNKHIE ish SBREHHE A%y Hy iS79, Skt
i = o(ehy [Rat(Pghy) || Az |
flat(Hy) || 35") | W(irpm)  (41)
S b3 S LA, 9 T 2
SAMET Az 5 AR, (14045 550, ik 4050
o KB SR S oA 0 P D
FE I 1 R,
Wk 1. | AR Mk

1) Gt

2) while true do

3)  BRCIZER of s THERETIAMEDT Ady, AQk
4y EFAIEEH: 3K (16)~ (18)

5) MMACIZEERT s WHHRCIRES R AMEI Az, ARy,
6) for j=1:N do

7) ML EEHT: 20 (30)~ (35)

8) end for

9) end while

2.3 BXAMUHREREIRT

RS I T T v R N 2% 1) 22 B bR [E AR
A, R R < TN — B R 22 AL ) T U A 45
KRKE. WRGIREN o, € R™, #HE 2850 H 1156
B TR N Tpp—1 € R™, &N 50 357 5 1
JE B AG TR N a0y €R™. T XS HUA N
0 ={W}, WeR™" N EMERE. EEHKHK
A CIE V)

T
1 . N
/3(9) = T ;(QHM—$k|k—1||§+5||xk—$k\k7 AN ||§) =+

FhasfliitirzE
il (42)
——
IEMAEZ13R

AR R B0 5 B A A TR Z AN IE ML 2R M
K. oy, sha Al 8 22 I e 56 TR o= 2=
2w — fk\k—ﬂ@ A5 96 R 22 o — Thik, Ay 15 14
FS, T 20 SRR AS TR 1) %55 28 GebR A4S B [ v A4, Py 2
RLRE 7, 8 fe B I SE B 77 S U 5RO
Tppe—1 Z 18] FRYIRR B BE 8 R i LIRS 5 )5 Ak
LIS AT PRS2, b 0 AN
5 WIS 37 (R B8 T s BN ZRRE A (1 i)
)54, TR WAL L ST W |2 X X 2 AL B I 1)
Frobenius JGEUEINZ) R, HEAELEL N (WE =
S W BN Ry > 0 SRR A
&, A BT ) 2 807 1) i 405 KURE . 451 2K 2R £
THHBCE R E o 18 TP DR S T ] 5 IR
SEBT TR 5 IR, o BOHUIE S e 1 0] 452 3 Tl R
J1 5B IERE S AR . 27 o 8, ik
L R B SCTE T HR T RS 0 7 A 0 TS 2
EH T RGBT RN R R, 4 B HE
e ) SO0 T R A SR DR W A A A R
mE S5EIERE

FEA ST, fie A 2 00 B 3t o 94 6 48 22
77 X E 1. A SCHESRAELE F X o IAS R BUE #EAT
M, I LLASE BT iR % (RMSE) 1F i
APPHARRR. SR, 2 o BUE Y 0.4 I, AR
13 1 /M) RMSE, 7£ AR E 15 W0l 2R e 2
()35 B fp AR~ . DR, RSO SEER IR o =
0.4, 5 =0.6 L HE.

3 SCIG

NI BE B T A Rk, A SCUANAR LR
i RATIE B B, Beit SRR R R SEMG B K
KM RAE, F TP K GPGF-net J7iE 5K
Al LE 5 AT R AR B B A v, T S A 2 A
A

3.1 HER&E

ARSI & ARG 5 RE S =4 s i
PR B, Rk 4 sSEMG 51233224, #
R R S 4(a) Fros. XA T RER
PR Myo L2 IR (Version 2.0) fE AL & %,
ZB % LA 200 Hz RAERFPRICH £ 8 @&
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M4 SRAGEREAE ((a) BARED T,

(b) A A A J=) )

Fig.4 Experimental system and equipment setup ((a)
Data acquisition scenario; (b) Sensor placement layout)

SEMG, 15 5 KA B8 #5 0k — WL Bk = S5
KT R AR IS S A R ULEE. NHORE 5 REFRE M,
T PRI A B 22 P S S B A, A FRAR R A B
Wi H AR UL 1.

B3 S HCR SR M OptiTrack Y6212 2 il
RS, BLE 12 & SR IMEVLA B HERES]. N
P R RS AR M E e (R
B ARCE Ao (VBB A B 4 M EBh 065
PR s, Ha) 28 A A b AR E Ok SIZ N AR B R XA A
FRAM R A B (B 4(b) 10 AB 5 BC
i), DR & A SOE R G T = 4Eis B A R, %07k
R TCARPRIC BT AT A P B R RS T B is sh s &
2 ) .

SRS 12 AR BB A T 2iAE, £
T P 1 1R S0 2 Rt AT AR HE A DG T I8 B B
W. ZIRE BT 8 m x 8 m i HE X O AT
L5 T e 4 HE A JRARENE: WILAA T8 A
RN EE, DL F IR 0 &7 8 T N A A BEAR PR A
FE, IRFFRA LS 2 s EHRMEEA. BHAE
10 k58 % Je A 5 I, S8 4 P AN B BOdk 47, TA) g
15 min PR EIH CAVEBRILP 98 55 RORE. AR AR T 7%
R84 32 min, [FEC 33 2 sSEMG-H R XS
B A B IR 480 AH.

3.2 SLIGHREA

BT Han 5507 £ W PR B UL HABAY, AL
KHPL T R RS T R H#A SEMG 56 17183)
REWBIE KRR, BRI RR T
(so+s510k +320i)ak + 536510 — 55 sin(6},)

0 + 0,7,
Or. + 01T,

f(xr, ap)=
(43)

;H\:EF[, Wﬁ#&f’tﬂ%?\j T = [Gk, 9k, ék]T, 9;.“ ék 5]9[19;.3
G AR R T AE I Z kOGN A FE L A FE A

FINIELE ; SN ax AWLABGEE; T, R GURFER
[8]; so ~ s5 A5 AP 1R A O (0 2,
LHIEARE RS W PR R T
e+ 20, + L0k + 102 + cL0? + 26,0,
hlwy) = 2 4 20, 1+ 20 242 | 202 | 2/
0 10k + a0k + 36 + c1bi + c50k0k
(44)
MMy sSEMG BB K EME T2, o] ~
d (j =1, 2) WSS SHAE S IZ SRS B &
H, WV ABE SRR, EFREKANRE
(K1 —Bir 2 AU S B

4 SLIGZER

4.1 FHEREL

ALyt EE T AU EE R AP (ECA) /Y
LR RFAE SR BOBEER, U & 5 P,

— N — — —
| : |
. = & =
: EM ?;r g R f% I
3‘3{{ N =2 I w4
pr i RS Zlle™ |8 |
I [&E| |7 X BT X
™ i3 o |
I = | & = =
I I )
N e e e e e =
Bl 5 RHESREURR
Fig.5 Feature extraction module

MANBAR AN DA E] L x O 4L
FE (L RoNWEBIE OKE, C o RERIEL). W
M FFAE SR I AR L BAR IO Bt 3x1 A
ARKAN1TH 16 BIE - 4EERE; BEMAK=3
PIEIEN ECA Bk, Ml IE =R I E 3358
RN FE 2 1A 3 W —4E i it
AT R R 40 G HREZ 3x1 HAEKAN 1
1) 32 I —4E G E; &, 32 ERHEERIT—1k
5% 0.3 1 Dropout 2B 1Ll & b )5, JE
IHRFEZEFE 9 20 (14 2 42 2 W S 22 UL R RRALE 1)
i, YE GPGF-net 4. Bl o, A H N5
GEWLFEAR, " RIEZ ECA AL BIRFIE A &

4.2 SEREBESZERST

TESEIH BT A BT 35 2 T Python 3.9 5K
L, @it PyTorch 1.12 HEZRE 2 JRAE SRR R i7-
10700K 4b¥ 28 F1 NVIDIA RTX 4070 & & E5E %
Wk, BERRINGREE N 90 §&, A IEMR LR
KANK 32 AFEA, KA Adam 1L%% (81 = 0.9,
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B2 =0.999). ECA HILHURFAE & U B ) 45 o7 5] %
790.001, B 20 FeHEION BE ) 50%; 18 2 i 7 ¥
2% (GPGF-net) KM ERAFIAG AL, #]4R 5> 5
40.001, R 10 $e3E ekl 0.8 AT 2 R EEIK. L
B, At XA R v fRg g X N R S, 22 UR A
B, 2N > 10 JERERTTAEE, MR SCRE N =
10 FERHI 2D K. Hided% 60% MIZREM 40%
AR5y, T Rt LE S8 28 48— R HIAH R 240
P B DLPRAE 2P

ASCR AR RZEL (R?) F7HRIRZE (RMSE)
A VP 48 A X I8 Ul 9 2% A5 R BEAT VT Al IR SRt
H MR s 5 (FLOPs) M5 E
(Params). HH1, RMSE H T2 i E JEZ
[] W fEL 22 57, 0 R 0P T 47 R R Al - S
L5 RATIBE T MARRRESE . oSzl S1 A S2
R AR, 18] 6 R T Al T sSEMG A
A3 )i TR T i P S A R 2k DA e iR 2 h 2
R B aE A Seaa R B, b7 R nT DAL i L
HUE S AR E RN T2 8). Wl 6 fros, A
He RN HAS 58 i GPGF-net Al v AR 5675 £
JEE L AR DU R 7V Al VB S 420 LS. e )
EKF J5 ikl v 1 5 28 55 FUE i 2R Z I BOK,
A HH T TR K WA 32 3 A T R 25 e AL U AR
KA AR SR I A AW ) 2 sk, S BUIRE
W7 R SEpRigh 2 A7 4 iR 2. TCN-LSTM R
Il THE B SN S, FEA RNl Kot 4 BRI
ZSEOK, X2 TIE K sSEMG BRI
RESR. M T B RIR 8B BN, PUKF-
net (progressive unscented Kalman filter net-

work) Ml GPGF-net FFM{E 3522, GPGF-
net FEAK b 5 20T BUSEAH.

DNEAN [E) 77 1 B Ak V1R BEEAT B AL PEAS, 3 1
KNG T M OTELE I SR AR O R B T
iRz, W 7 el LE WA Y, 5 A Y s
RUAR L, GPGF-net i@ i [ T4 1042 5 o fME AR Y 53
22 R LW B R, v 1A ()RS RN S E 1
T LSTM-KF B8 5, GPGF-net 7EHf X7
FEEA T ) RMSE 38 R F#2) 15.62%, HHE 2%
SRR 2] 5.08%. VAL & M4 BRI T B 2%
FE 552 bRIs T 80%, ASCGE T YR ) FLOPs
1 Params, HX S8R LR N1 & AT 5207
PIHEMHE . Wk 2 R, ASCHR Y GPGE-
net 7E& U 2= FEHRAr L35 Ak, P 24 B FE
4 0.811 ms. % [E KM FLOPs 1 Params,
AR A Bl 5 B ST B, GPGF-net 4%
EFE RN T & (W NVIDIA Jetson £741) L
HE 1 ).

4.3 EEMSHR

VAL GPGF-net X B 55 T3 & #e i, A
EMNRE S (1 R 18 SEMG Ty N Z 318 & i e
W M RSP IE I (5 B (SNR) &=4k: SNR =
101g(Prignat / Paoise) s o™ Paignal 1 Pooise 77 7 A1E 5
LS O e, SRR IO L 15 dB A1 10 dB =
FlKE, 5T 323 s = 0K, 36 AR TR RS
RSHKE (FEEE 4.2 95). AU GPGF-net 5
LSTM-KF fittgE, tH 54 RMSE Al R?, &5 a1
* 3 P,

‘ — #ff -~ EKF -~ TCN-LSTM

LSTM-KF  PUKF-net — GPGF-net \
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Pem
[ A AN
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Fig.6  Angle estimation and error curves
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Table 1  Evaluation of model performances
) RMSE R?
WA
EKF  TCN-LSTM LSTM-KF PUKF-net GPGF-net EKF TCON-LSTM LSTM-KF PUKF-net GPGF-net
S1 20.332 16.632 13.654 12.940 11.349 0.753 0.823 0.892 0.906 0.920
S2 22.351 22.787 18.678 16.980 15.436 0.622 0.631 0.765 0.824 0.846
S3 20.662 20.735 16.996 15.434 14.031 0.718 0.712 0.821 0.842 0.876
S4 18.624 17.238 14.353 13.048 11.851 0.772 0.811 0.886 0.898 0.910
S5 20.648 20.895 20.366 18.502 17.995 0.710 0.699 0.750 0.765 0.765
S6 22.992 16.642 13.644 12.956 11.778 0.614 0.821 0.898 0.905 0.913
ST 19.965 17.965 17.164 15.669 14.245 0.721 0.802 0.819 0.836 0.872
S8 18.356 17.356 15.241 13.958 12.689 0.776 0.815 0.853 0.886 0.903
S9 20.162 19.235 18.468 16.753 15.256 0.718 0.754 0.774 0.828 0.842
S10 20.169 21.240 18.655 17.235 15.658 0.716 0.657 0.770 0.795 0.802
s11 21.362 20.109 17.869 15.668 14.245 0.651 0.723 0.782 0.832 0.870
S12 18.623 15.543 13.458 12.487 11.351 0.770 0.843 0.901 0.909 0.914
Wi 21.462 19.698 16.504 15.376 13.926 0.710 0.751 0.827 0.844 0.869
FRfEZE 3.207 3.533 2.494 1.925 2.145 0.057 0.072 0.053 0.047 0.049
== EKF == TCN-LSTM == LSTM-KF £ 3 AEMEMELE TR
== PUKF-net =m GPGF-net Table 3 Model performance under different SNRs
0.8 TR f8k%  KMEE SNR=15dB  SNR = 10 dB
. RMSE  16.504 19.236 21.874
< 0.6 LSTM-KF
=~ R? 0.827 0.752 0.677
= &=
=2 0.4 RMSE  13.926 15.683 17.721
= GPGF-net
0.2 R? 0.869 0.801 0.788

0

Y LT
K7 AR RMSE MR
Fig.7 RMSE and R? of the five models
2 VUM TR S R R S MR
Table 2 The computational complexity and
performance of four models
TCN-LSTM LSTM-KF PUKF-net GPGF-net
FLOPs 912186 1219448 719448 699656
Params 320133 342337 256511 245718
HEFERS (8] (ms) 1.096 1.469 0.865 0.811

M 3 W], BEAE RS IGIN, PO 1 REEY
TF%, (5 GPGF-net FIFEMRH /N (W1 SNR = 10 dB
i, GPGF-net [1) RMSE FHETCRE A5 UG N2 27.2%,
M LSTM-KF 0% 32.5%), X325 T H i 1#%ie42
LA R 1 B SR W R S A AT ) R S . 100
HrIHIE | GPGF-net 7EM: 5 750 N 108 & H 1k

5 #ERIE
%t SEMG B 5 A IS BB 5 2% S8

i TF PERE N Bk AL, A SO 1142t vy 0 5 A
ZEARAMERA IR ZE U SR THEZ  THH . GPGF-
net JH I BT AT IEACAZHLE] S 2] RGERAS K
5 WIS = I AR, 225 0 B R 22 A2 I
(K174 S B DL R AN e V. I, 5Nt
ORI BE T S LY/ A A B DL R 2 R A R
Bk, FEARR AR, K BUTTHEE R, ZF4L
Rz s G THE ST TP IR IERE R L RS, JERAMENL I
JE 2 2 KATH RN RN IR R AR L 2 U7V,
LUK 5 R AR AN R P 7T LA 57 S5 I 22 T30
THRISHEESZ R
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