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Method for Generating Cyclic Gait of Biped Robots
Based on LSTM Neural Network

YU Jianjun, LI Chen, ZUO Guoyu, RUAN Xiaogang, WANG Yang
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract; To solve the problem that the Kinect field of view cannot simulate the human body walking for
a long time, a method based on the long short-term memory ( LSTM) neural network prediction model to
generating the cyclic gait of the humanoid robot was proposed. The one-dimensional time series of each
joint angle was collected by Kinect when the human body walked, and the joint angle driving sequence of
the humanoid robot was obtained through the humanoid gait balance model. The C-C method was used to
determine the time delay and embedding dimension of the time series, and the phase space reconstruction
of the joint angle sequence was used to obtain more eigenvalues of the time series. The joint angle
prediction model based on the LSTM neural network was trained and passed by generating a sequence of
joint angles for multiple gait cycles. Finally, the generated sequence was used to drive the NAO on
WEBOTS platform to complete the walking motion of multiple gait cycles. This method effectively solves
the problem of the visual field limitation of the somatosensory camera, enables the humanoid robot to
complete the walking simulation of multiple gait cycles.
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MIE 2 T LA BAR AR PR AT 1
Ak B 75 3% T AR 2 224 40 25 SR AT B0 10 51 A
FEREA SRR D e b (£0 Rl AR i) 2 th 3] A
V. MTRAE 2 UORBOBIERT, 5 1 UCRIER A

ISR — WA AR A6 5, PR el P S A 19 5G9 A
JE e 5 3R 5 AL & N 58 B AT a5 5 & Bl e
NAEPRHEEAL B S8 Bh£L 2 #R B pg B . PR e 224l
D5 ANBLAS A 58 B I 18] B B3 E 2B AT, 6 X 5871
JE PP 90 AT S50 - A DR AR AR 2 U R B 3 U b
L

1.2 EFHEZEEMRHERLE

KL T INAS B 2 T 85 S 6L ZMP FI s |
12 B PR O F R SCTT A R LA 2R R R S, R
BN AHLAS AP AT ST B2 0] 7 51 2 — e I
[ Py 471,

2y =12, (1),2,(2),-++,%,(500) |

0 =12, (1) ,0,(2) %, (500) | (1)
w0 ABLAS NTEATE I BRI A2
BRI R Sl AR B ] 8 5, DL 2 PR 47 AL
i NTEATAE IS B HEAE 1 20 BT 5 5 I ) 2 81) (43 931)
A 500 ASEFEIAEBR ). PRIHCTE XS OGS AR B AT T
ZH T RIS FA A — I [ e ) AT 3 4
RV AH 225 ) ALY B T4 B, AT 445 380 519 A1 B 1 910 Y
HABAFAEAEL, $2 e A5 20 FU000 o At 1.

AR AR 2 () AL BRI it A B AT T X6 —
HEmF[A] 741 ( Kinect 2R £ 09057 AHLES A AT 3h1ERY
SR AR B EHE R —ZE I [R] 7 91 ) ik A B 3 0 5
m FISTAIRE R 7, B J i AH 2 ) 5 e R 8 HAT A
[F) 4 3l 71~ 25 4.

T m A7 BARGR OGN, —# iR
RIAHE RS, Hom #r BB E R KR B T2
JE RS T (A B, —BER T C-C ikt R ]
THEG 38 0 A 2 BEORD B i) SE SR T 5 s COGHK

By

CmNort) = ety 2 fr= 1X,=X,1)
fx) = 1, x=0 (2)
0, x<0

KN T AP R 500;M =N - (m -
1) ¢ SR AR S 0] FE AL J5 A0 23 (8] o IR S S i 4G e R
TP EL s T HhR.

C-C IR A G R M AL m 5 5 R
P4 22 (BT SR A5 fe/IME (/MU E 5 19 2 487
A B I I A1 Y DGR MR B 25 5 ). AT SR A%
FAER A GEE m AR ZER 7, B R

W05 NS N0 25AT B AR T f BE P 51050 ¢
MFIPA, Rk



1338 b = T Wk Kk % % R

2020 4F

fa(1),x(1 +¢t),-
{x(2) ,2(2 +¢) -+

a(l+(m=1)¢)}

x(2 m -1

0 (2 +( )e) | (3)
fu(e) ,x(2t) -,

€ SCH R R

x(mt)}

S(m,N,r,t) =
% Xl, C.(m,N/t,r,t) =C (1,N/t,r,t) (4)
E X
AS(m,N,r,t) =
max{S(m,N,r,t)} —min{S(m ,N,r,t)} (5)
TR TR TRER r RN 22, 0 e/ IME X
N1 S B (T BR a0 A BR K, 454
FREANAEM ST [R50 A0 , PR e S PRk U ) S ME ISR
ﬁ%X¢Eﬁ?§3Eﬁél"EﬁfEEEZil:1HEEXTTLEﬁIn?ﬁ]T).

S(t) _72 Z S(m,N,r,t)

AS(1) =Z 2 AS(m,N,r,t)
m=2

S..(t) =AS(1) +1S(¢) | (6)
HEARK(6) T S(1) 5 1 AE AL AS(e) 155 1
MIME RN S, 1 B/ ME, §0E B AR A GEE m
FIHEISEIR 7. #R4E BDS SEit4hie, —tiin =2,3,

1=1,2,3,4 Hrh o —PHuNE. Bt

D5 AHUEs NAEAT B A1 55 P S R A A AS A2 4 ) AL
PAZE BVER OG5 VR 5l ) 0 20 BB A8 5C 1 ORFARD 1 kg 81, 688
I C-C I EER A e A b A7 S, - A
K3 4 Js.

45r—2

035+
—S
—AS
0.25- —8,_
B
=
I 0.15¢
l'é
m
0.05-
—
_‘5 Il Il 1 1 1 1 Il Il 1 ]
%72 3 4 5 6 7 8 9 10

t

B3 A C-CIMEBRIA PAI L m A 7 iR
Fig.3 Process of finding the optimal m and 7 using

C-C method ankle roll joint sequence

MIE 3 4 HR] DU HREAS SR v S L I ) P
B S() BHE 1A AL AS (o) IS 1 AMR/ME A
S, IR/ IME Y 73 BIFERS [R]IESR 7+ 2 4 A1 8 Ak, EHLAR

0.40-
035
030

@ 0.25¢

# 0.20f

fé 0.15F

o 0.10F
0.05F

0,
-0.05

o 1 2 3 4 5 6 7 8 9 10

K4 (] C-C Ik F o) Tt m F i e
Fig.4 Process of finding the optimal m and 7 using

C-C method hip pitch joint sequence

P NIEAL g NG5, BROCT TR 3l O35 I G5 Ty
A 4D AERGRRE B 4 e R 456 B
FRERY 1 4Emf 791, RIERE m =5, 5 ABLER A
AR T AR BB T B AR XTI m B 7 B
[ IR 7 Fli AGEEL m AR Y8 AN [F] A9 077 1 B2 A Fe
NG
WAL C-C 7k, i E KW MEZFIIE m Fl 7
Je, W RASE LA A B N AP AT VR G5 M B Y 1 4
I [B) 27 AT AR S ) Ei A, AT A2 5 4 14 I [A]
H o 1 RO A Y HARE, AR 4 4R T
Je BUHRRAE , BROCTT A Y AH 25 (8] R 8
Y, (t;) =x(t;) ,x(t; +4) ,x(t; +8) ,---,
x(t; +20),1=1,2,-- (7)
H8 0GB I R A 2 TR A N
Y,(t;,) =x(t;) ,x(t; +8) ,x(t; +16) , -+,
x(t,+40),i=1,2, (8)
A Y(t ) m AEARAS TR ER A A
235 () SE A J5 0 5 4 I (] 1 290 ) e 4 AR
%,Xﬂ‘ﬁil‘ﬂﬁﬁiﬂﬁﬁf&ﬁﬁﬁllﬁ, o T RHESG 22 7T DL
2 AR AL FRINRS .

2 AANSBASZITHEXTRE
RER = ST

R NBLEF N AT B4 19 545 R B P 91 Je
TAFE PP HIA B A AR 5, #5454 5 38 RS
¢ v L RE TN Z2 A B (] 25 B (KB R] ) 14 51 £
J7 9 RS RY B Ry fifE 475 A BIL 2 N BE 8% 52 1 A< Bsf ] o
FRB AT 2 B[R] AL, X6 56 A B 3 1 < B[] o
B S0 T DA R B HE A B VA AR 2 YR R L I By
B B A0 T A AL A BV b B S B A
FEAR] 1) ] R

Fr 5



512

T, 5 BT LSTM MR L5 1 AL A ER L 25 09 AL B 5 1 1339

2.1 LSTM £ MR R AR [FIE

LSTM 25 0 45 fift D T RNN A3 32 3 2k RS J3E
FRRNE ) TR R (92 285 400 1) 1 28 T 6% i 2 > 3| B[]
HI RIS, Hopf 22 T 2548 ULIAL 5.

HAL]

I

K5 LSTM Mz ushfy el
Fig.5 Structure of LSTM neural networks

Horp R TS Rk Ch
fi=0(W([h,_ ,x]+b))) 9)
Ko N sigmoid pREL; W, D9 it B3 T TAUE ; b, it
SR E. RG] LAY E RS T A
JAG 5 3] 24 {0 RS P BB, B R G 4R
A C, PR €, 250k
C, =tanh(W.-[h,_, ,x,] +b.) (10)
C =f-C,_, +i-C, (11)
K. W, W AMDIRZSEUE b, S ARSI 54,
AR5 sk, A LSTM 2ok .

AR A B IR T T S5 M i 51 E ) R e T AL 5
RINN B B 14 2 FARR K ) L. 330 A% 19 1 ) 405 40 2
LSTM #4125 [0 2% Xof Z2 4 Bt 18] 7 91 (4 15 J 56 R A 72
> BB A

H1F 05 ABLES A AT VT A B T 50 5 2k
HEPEH], 7 B2 LSTM #2826 )L ] R i i A= i 22
AN ZS TR0 245 B st 1) e ) (fEAS R UL
B BN B Bl ). i T Y 8 Y
D)2 Fh )11 o 2 PO 245 ) 118 15 222 B s [) 52 T A% 426 ML
PSE.

PRI SCRR 28 ) 2 1 E b ok 55 R 12 22 R 3K B
TE X
E=h, -y, (12)

oy, IREALE TR H A,
HRAE LSTM A1 28 X 45 (1) Hif 17 4544 A] A1, 7F LSTM

JR A5 2 BN A7 [ 54 , 2 XA 2% 6, = gf ok, B

E S h, =00, tanh C, 7} 6, =8, -tanh C, , 1 4
FLARZS 8 SCATRN, B T BRI ] s AE B

e 5, BT R, 8 5, = 8, +8, 0, (1-
tanh? €,) 33458 (9) AT LA 51 B A 45 1
NIRRT 00522

0,=0,-C,
0,=0,C, _,
55[ =50,'i,
oc, =5q-f, (13)

P BT 5 K A0 MR 25 4% A I 220 1) i 22 /5, 7T

DURR S HEE SO, 75 204 AR 19 i 22
Swf 5/,.ﬁ'(] _f,)

5Wi 5i’-it~(1—it) {h

t—-1

8y | |0,0,-(1-0)
8W(. 561'(1_C,>2
I bR TR 2 A AR HE Y 7 vk T LA LSTM 7¢
Yl Gt A b ik [ O S0 ) S 2 R A i 22
FHHAUE {1 19 4 W] LIRS 1 dth 2% > 5 ] 5 371 9 3
AT
2.2 ETF LSTM #HEZEMEHH ANZATITHE
AT RERIIHNER
EEXF 05 AMLES N AT BIAE T ff B 13 51 ) F
[0, LSTM 4 28 I 26 1] LA 2 2] 5645 ff1 1) a] J 51)
(A FIREAIE | AR B8 33 BB REAE XS 557 1 B )7 51 A5
ZA )25 BRI TR0, DT S 30 A ML A2 A1
W E .
LSTM i 5 [ £ J2 38 3zt 43 A Bsf 1] ) 1) ) i i
F 0 JECH P A T U AL DR e TR
FETC S A R (%) B] P 51 S0 A5 SR AN HARL A
B2 el LU O ALES AAE AT, 0 fA
(S SRR E SN G i a2 A L (OS]
AR, 25t 1A FEWILL A EEA AU 25, 78 T
B LSTM 90 £ ] LR T A= g s 22425 25 i 3T 1)
KATAERH. BRI WIEAN, O M P 9 ET s
O ZR A 5 FEEA T T A A8 B T I 4% 1) T 2L
S, HLT0I A= B BRI A 22 I 2% Rz Ak g T, 22
W& T AE 2 Ul E R B BB T LI 3 A,
fdiFH LSTM it 9 28 1647 5C 19 #R B2 3] A J] , T
PABRIEDS ABLAR ATEE H BB TR A I [E] 2517
B 1.2 RIS AL, 5 AAILas A SCTT f Y
1 2B [) 3 5] 38 A A 25 (R F A 5 A9 21 5 4k 56 f)
FERPE B2, 1 Y5 P 8 ) x, 45 A 24T ahE
FR T AR BE Y AR B 2. 1 7 e A 42 il B0 Sl
¥, F G LSTM 1 28 M 2% B AR A | O3 i i b AR 42
YR Ps NBLAF NP AT SR OC1 f1 B2 3 47 T i A 4

} (14)

xl‘



1340 it

U AN

2020 4F

fifi 22 BB 58 WG £ B 1) 0 AT 55
M LAER)E WUZ | )2 LSTM JZ 8RR E AN
[F] PPy 441 22 T 118 D) 288 45 ) T 47 AHIL#S A 25 AT sl
ALY, HSLR a5 Rk 1 fo.
F£1 AELEHE LSTM FilHANBZASIT
PMEX T R EIREXT b

Table 1 Comparison of joint angle errors of different
structures of LSTM in predicting walking
motion of humanoid robot

Yy iR2E

W4 250 8 B2 . v
W2 TR RXT B
Bl JRH £
B (100 #£00) 0.0100 0. 002 30
R (200 #ZT0) 0.004 1 0.001 20
R (300 MZTD) 0.002 6 0. 000 87
RUZ (100 #£550) 0. 008 2 0.002 10
RUZ (200 #IZI0) 0.0027 0. 000 83
RUZ (300 #IZTT) 0.002 2 0. 000 78
=JZ(100 #1£0) 0.0057 0. 001 60
=JZ(200 #HZ&T0) 0.003 2 0.001 10
=JZ(300 #ZI0) 0.001 8 0. 000 89

MR R LA ] LSTM A4 25 1) 2% 3 )
D5 NHLES NLAT SR SCT F B2 S S ), I 28 250k
2 WRZE eI, HEA R By, LB g 2 hf 2 e Bt 1)
B, RS R O AR . (BAESEE T R, )R
P TERCR AN R 300 K LR 42 e 04
% W 6. UL, 5 ABLES A AT sh VR ST M 7
GRS AL BE ) LSTM A 25 X 48 2546 Sy « 482 200
AP ZE T T )2 I 4.

— HEAEMY

037 — L& F
\ I\ ﬂ (R
AT I N
A AN v
Eo1p| | / \ u‘/ ~f~ rf \
% ,V \“ f’“\‘ / \x V "L 'H‘ \‘ Vi
= i [ I RN e
=\
\ / \\‘/‘ \/, \ / i U\
-0.1F Y |l Vool
v’ﬂ v )
1L \“ 1 Il Il 1
02y 0.2 0.4 0.6 0.8 1.0
Fiof ) P 3

6 HEMZITE 200 KA EIE IS

Fig.6  Overfitting of monolayer neurons over 200

TE4E)Z LSTM JZJ5 A Dropout Z A RGER] T

B (kg A AR, IR 2EE R FEA A KT M
J& Z B AN BE TR Rl B 1, S BOHLA A AE 2247 i H B
AEARIA SR SR E A B G, T A 2okt
FEA A PR AL B4 AR 27 > B SRR AR A ST
P IIER £ T S REARE IR T 0
).

IZOALTTE N Adam B0E B S5 G T N AR
R (N — SRR — 52 2] ) M TR
et (B B — SR 2 > R AT A& R ) BRI,
THRURR BE 1 15 B0 s 16 0, BEE il i A LA
R SCHE TR 4 F50I0 P 2 ) AR R 2K ROk
MSE PR3 77 1% 22 PR ) -5 A0 8 D T 19 2
MSE REICHE o 350000 600 o At M, o AR 2 U 25 )
JEBF Ik Tk A LG KR R R S R 1A 7
It 7.

GigAlLg) ?ﬁb;ﬂ?é%“ﬁﬂ&‘

Dense)2

?

Dropout)Z

+
[ [ 1
|LSTM?$2§56}———{ LSTM%$§§5&}———+|LSTM%$2§56|
1 X 5
[

| Dropout)z |

*
[ [ I

LSTM# 25t LSTM# 4550 LSTMH# 255

! f f

=31 Z Y 5Ty =215 Z ) AT =TI 2 5635
FEREAR(mZE)  AEREAR (miE) FEREA (m4E)

B 7 T 05 ABLES AT SR 55 £ 5 5 51 B0 Y
LSTM F#145 f &5 44 1]

LSTM neural network structure diagram for biped

4
4

Fig. 7

robot walking motion joint angle sequence prediction

2 P RERE A 05 AHLER NAEAT B R TY
A RE TR Y | 22 5k 7 BORs A 5, nl s T )5
MHLAR N ZA 25 T I 2 AT sh M 53 A, Bk 3
DEABLAR A TE R AR 19 047 s 1, S BED5 AL
IININEZA AN

3 SSBMERST

N T Bk B TT R R, B SR AR R A
EZ8:7R 1

1) i Kinect Z2UCR LN AT 3l 1978 20
PEFERHIT A B N 2S-SR0 A 5 A A L%
INLEZEP S 2L CPIR L E AV ES SPA A



512

T, 5 BT LSTM MR L5 1 AL A ER L 25 09 AL B 5 1 1341

N HLER AT A B P 50 R AT D2 A or- e b 3 15
FNEA AT AT R IR HEA LR

2) fiff FH A 4 8] B4 14 5 36 6 SR LR AR A SR R AT
HE— L TP MIF IR FEAR SR Y 1 AEHLES AT 30
VR DG £ B2 ) [) ) 1) v 2 BCRE 22 R AE (L, 4 0
LHEAAE.

3) FHFEASE ) 5 HERTRIF 5 (265 1 B0k 56T
FARE RS AR, oAy 4 51 g AR 2 1) A4 J5 159 21
AR HEAE ) W45 U1 LSTM #2828 £ 4T 20 At
WISk, AN ZRSE iR 3 2 5 B 24538 R
(8 D45 1 8 e 4 3204 7 .

4) B A ST AN 28 3 K 4 () EE A8 14 T 5 A
K LSTM 24 =2 2 M4 (£)2) B3k
SEATXS EL , (R BUAS SO v P B .

5) {6l FH o000 A5 3] 4 45 A4S DG A BE Y B TE) I 471
1E WEBOTS {5 EF- 5 3K 3l NAO 15 AMLER A 5E L
KBl AR RE A AT, R ERAS SO e A RCrE. &4k
ZER AR EI WA 8 Bk,

ZURENE
AN

ZMP KR
{55, Hodhs
T ANLEA
A NAOHLEE A
LR TEAMERY
S g R T
PrEE T WEBOTS{lj 254
B A ] (224
fARE14E I (A58 B AT
LRV mYE RS Fa B
C-CHTIEMEMA 5 \HLgs A 47
HEom N A (] LR T A R LAY
WAL A BTN Ve
BHAIZERT | 1 ZERfa)E5)
A A EE A > Xz LSTMAH 28 ) 45
FA KRR
SYEI R 41

K8 i ELSLh AR A
Fig.8 Overall structure flow chart

3.1 ATFHANSBEALITIHERT AERFFIF
B LSTM #8122 [ £& B9 )ll 2k 5 ik
e AL & AN AE 2D A7 2 e v o A 1
A ST ORFAVD A RIER 5 7 B0 AR D I 5 %
g, T NI (D5 AHLES TR RE ) Ze A5 6 B PRt LA
77 R A8 5K 1 0 AV 0 7 BB DG IR s A A . R
4 10 HY AL AT S 59 515 1 JBE 1 I [ 7 31

PiR RPN IR YNGR By b v T K DN
ar NACAT SAE 09 OG0 f B2 BH | 8 PF 42 -1 1 4
RIS 2 AT M4 H A 500 A ] 25 B 64 s ]
FPAME MR IR REACSE. I 1.2 5 T iR i AH 28
Vi) T ) 119 7 3 AR B 4 4 B R AEAE T 310 (i A SR
A EAETN G5 4E) B RIIER 7 o 4 A%
AFEALE. 1T 75% 1E RN J5 25% 1E R
MRAE. X LSTM #4128 W 2% 1 47 )1 %k, 3 20 4>
A U2, DA 1 A DG A B (A2 BB DG IR
B MBI, LSTM 4t 25 W) 4% ) 2 5 15 22 748 4k il 48
mE 9 frw.

0.12¢

0.10r

44 0.08F
il
= 0.061
R
v 0.04F

0.02
00 2 4 6 8 10 12 14 16 18 20

IR
K9 MSE 2kl
Fig.9 MSE curve

2N ZRa I FIREA SR T Y 25 % 10 3 4 X
LSTM #2824 i 80 E AT 1AL, S 1T Sk AR SO
B PLER: (AR SCHE 1Y) LSTM i 28 ) 28 X6 Ji
GRERAE (AN AR =S (R FE A ) AT T, X EL 2 Fof
TR 2 RO EE TN AR 3R 2 s A
Lok A 23 1] EH R A LSTM #2590 4% 5t il il £& 4n
Kl 10 11 firs , 2840 25 (8] 3544 J 1 OG5 B ith 4
E 12 .13 FiR.

F2 LSTM BIA AMBASITIEXT RERZE
Table 2 Error of the human joint robot’s walking motion

joint angle predicted by LSTM

MG ¥R
MZMEN et L IRAD £
2 4.6x107* 0. 000 83
g 0.0017 0.0148

NAO L &% A 5 5¢ 9 U7 D #A 22 fk i Bl Ky
-1.770 ~ 0.484, B{ ¢ 95 18 3h /1 A8 1k 45 [ H
-0.769 ~0.398. M\F&2 FATLIA ), 4 LSTM #iZk
D) 26 T A5 2] Z2 4> 25 25 JR I ) 51 ) B 1 B 1) I
G, 5 AH S Mz R E A L, PR T 2
SHEME, IR 22 T R, TR R



1342 b = T Wk Kk % % R

047 — HAEEEME
LSTMIW 4 Fisi (e

BRICTTIR BN A /rad
S
[\e]

-0.4
-0.6
08, 2'0 4'0 60 8'0 160 1i0
Fs ] 5] it
10 LSTM il 5 15 V& 5l ff i) 1] 7 1)
(AEMZS A EHA )

Fi

=

g.10.  Left hip pitch angle time series ( non-phase space

reconstruction) predicted by LSTM

0 — FOER
N LSTM Iﬁlf%]'ﬁ?m\ﬂ{ﬁ/\
= 02r [\ \/
= \ } / \
B0 /\ \
ARV /AR
£ 01} \/ \/ \
02 0 40 60 80 100 120
Fit [y 511/
1L STV 04 5 3 1 400 £ I ] 7 51
(ARARZS TR FEAS )
Fig. 11 Left ankle roll angle time series ( non-phase space

reconstruction) predicted by LSTM

0.4r — HAZIEAME
02 LSTM 2 Tl

A |
EQ\J \ N\

BRI S M /rad
=
[\S]

~08; 2'0 40 6|0 sb 160 150
Y Tr] 40 st
B 12 LSTM TS e 15 7R sh A sk ey 51
(M= R EEA)

Fig. 12 Left hip pitch angle time series ( phase space

reconstruction) predicted by LSTM

WFEL 10 ~ 11 1] DA HH 68 A7 22 e A1 2 ] 5 44
F 5645 90 PP T2 1 AR, RS R
S AR A — S A A REAR 2 3T T

2020 4F
03 — HAEEMYE
R LSTM W] 4% Tl {4
< 021 /\
= \
§ 0.1 \
L \/

2‘0 4I() 60 SIO 160 li()
SRy
113 LSTM 08 5 5 1 A0 A4 I ) 51
(HH=S (B A4S
Fig. 13 Left ankle roll angle time series ( phase space

reconstruction) predicted by LSTM

S Az M EM G, T T ZREE X A
JEF S 0 — L4 W Re % 7t 73 ). H LSTM A
25 2 F 22 A 25 25 A B OG0 A B IR 5, LSTM
T £ B T3 50 B e P Bl B0 B 01 #1751
JIT B 2 N e P RS U e AR A AR A Y IR A
S gt ke (FUIN A5 3] 7 BT[] 8 AN A7 AE DR A AN 1 T
[RJR) , ST AR BE e 9 A 25 25 ) 10 ) ok Oy B T
B A0 LA ATE R I B 25 4T sh VR P R & i
RS Bl AR Y [R] .

S 5T NS BEAR 5 APLas NP3
PRI M L, A SCHE A JE T LSTM A1 28 b 45
I ANHLas N2 LR W B e A O nblas A
B0 NARACAT SR R 014k, BN 25 10 B 4200 26
AR NS O8I 7 2 B P A AN i )
BCANE 12 13 FroR). AARIENLES A Re % 58 sl K
i M)A E AT AT 55
3.2 WEBOTS £& THHEANBATITHE

T R UE AR ST A A, A A T s
S DT A BE B (a8 ( E 2T R 10
AR, A BRAS 5 A5 3 kTR £,
BROCTTINATD # FNTR Bl A1, 485 5 1 R A0D £ FNVR 3l A7)
FERZf WEBOTS 45 H-F- 5 11 NAO HLas A =2t
TR E R 2B AT S AR, L T 56 ffE B (HDEHLAR
NERBNASFE B HHE ) WA 14 Fos , HEhE LS
e 15 .16 fin

M NAO HLES AL AT LA H, NAO HLES A
FER BT AT A HLEs N ESRRE , AS H
SR O, (8 R A SO ik w4 2475 AL
A NAAT VRIS 1 I s 1) )37 3 BB A 450 3R 3
NAO HL#s NHEA T I Rl R e 1 T s 1E.



512

T, 5 BT LSTM MR L5 1 AL A ER L 25 09 AL B 5 1 1343

P

0.9f | ™

0.8} \
=07 /
N 0.6f

0.5 \
0.4f

03l /
-] | 1 1 X 1 1

0.2 1 L |
0.01L6:02/ 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10

x/m

Bl 14 NAO s A%y G il
Fig. 14 NAO robot ZMP trajectory

~

Yy
g

F
H

T Pt

K15 WEBOTS fj E-F- 5 & NAO Hlaf NI 445
Fig. 15 Frontal posture of NAO robot in WEBOTS

simulation platform

El 16 WEBOTS i E-F& T NAO LA M TAES

Fig. 16  Side of posture of NAO robot in WEBOTS

simulation platform

4 g

1) I AH 2 (8] 54 X 2 R B2 B AR 247 8
VRIS M BT 9 (23 O AHLE NP A A B 2
AT E 5 AALAS A0 57 f B 7 51)) Ab 3, 15 2105
AMLES N TE AT BhAE 515 £ BE B 1] e 57) Ay o 22
FEHE (.

2) fEHIBUZ LSTM #1258 [ 2% ()2 200 ~Hi4:
J6) FEAT TR, AT LAAS £ A~ 25 25 ) W 0 OG0 A
(I TR] 81 ffk T T Kineet 3552 HLALET BR 1 &

0 5 ALEE A BEAEf5 A AR 58 Jli A s 8] 2 A0
TT SIAEAT: 55 11 [ L.

3) T 2 a A s 1) FE A R OR 484 AH 2 (]
TP AR AR B AT T 194 355 SR LA B fofF FH 5000 45 320 7y
PLEE AT F S WEBOTS “E & 3RS NAO HLEs
N g E SR, 56 A SC O Ik B A R AR
.

4) FT—r TAEAEFH LSTM BX & 217
G431 2824 2T M ThRe" " Xt 2R R EshfER
B ARG BT A 22 T, AT 43 LA A
15 78 WA AL A I B T AR 2547 DA S8 0 AP g
I ARAEAT B A2 S T 4515

Sk

[1] ZHANG Q, CHAT H, LI Y B, et al. Kinematics analysis
of biped robot based on toddler’s natural gait extraction| C ] //
International Conference on Advanced Robotics and
Mechatronics. Piscataway: IEEE, 2017 . 479-485.

[2] BULAT G, IGOR D, ILYA A. et al. Toward human-like
biped robot gait: biomechanical analysis of human
locomotion recorded by Kinect-based Motion Capture
system[ C] // International Symposium Mechatronics and its
Applications. Piscataway. IEEE, 2015 1-6.

[3] ILBRHIM A. S, SAMY F M A. Sliding mode control of
underactuated five-link biped robot for climbing stairs
based on real human data[ C ] //2017 IEEE International
Conference on Industrial Technology. Piscataway, N J.
IEEE, 2017 878-883.

(4] AEE, E&EW, X0, FETIRART 0745 RAILEGA
sSSP T]. bR Tk K224k, 2017, 43(7) .
1009-1016
ZUO0 G Y, WANG X P, LIU X. Optimized balance control
for bionic kangaroo robot during stance phase using hybrid
particle swarm optimization [ J ]. Journal of Beijing
University of Technology, 2017, 43(7) . 1009-1016. (in
Chinese)

[5] IBRAHIM A S, SAMY F M A, ABDELFATATAH M M.
Cyclic gait planning and control of underactuated five-link
biped robot during single support and impact phases for
normal walking [ C ] // International Conference on
Industrial Technology. Piscataway: IEEE, 2018. 123-
128.

[6] KAO-SHING H, WEI-CHENG J, QIAO-HAN Y. Posture
imitation and balance learning for humanoid robots[ C ] //
International Conference on Advanced Robotics and
Intelligent Systems. Piscataway: [EEE, 2016 1-6.

[7] SEPP H, JURGEN S. Long short-term memory[ J]. MIT



1344

b =

T Wk ko

2020 4F

(8]

(9]

[10]

[11]

(12]

[13]

Press Journals, 1997, 9(8) ; 1735-1780.

Ty, MG, Z£EE, 45 2T RNN ML (L 55
BF RG], ALt TR 224, 2018, 44(11) ; 37-
44.

YUJJ, WUPS, ZUO G Y, et al
imitation system based on RNN[J].
University of Technology, 2018, 44 (11). 37-44.
Chinese)

B, AR, PhERE, 4F. BT EGHE LSTM M40
SRR [ 1], dbad Tk K224, 2019, 45
(8): 742-748.

HUANG N, HE J S, SUN J C, et al. A crime situation
prediction method based on improved LSTM network [ J].

Robot arm task
Journal of Beijing

(in

Journal of Beijing University of Technology, 2019, 45(8) .
742-748.
WANG B Y, MING H. Predicting body movement and
recognizing actions: an integrated framework for mutual
benefits [ C ] // International Conference on Automatic
Face & Gesture Recognition. Piscataway: IEEE, 2018.
341-348.
CHELLALI R, LI C Z. A multi-variate LSTM based
approach for human-robot hand clapping games [ C] //
International Symposiumon Robot and Human Interactive
Communication. Piscataway: IEEE, 2018 . 1137-1142.
DICKSON N T, SAHARI K S M, HU Y H, et al
Multiple sequence behavior recognition on humanoid robot
using long short-term memory [ C ] // Interational
Symposium on Robotics and Manufacturing Automation.
Piscataway ; 1IEEE, 2014 . 109-114.
Tayy, 2R, ZEE, & A AL E VG
RIS ST [ T]. BBERGE AR, 2020(7) -
19.
YUJJ, LIC, ZUO G Y, et al. Modeling and simulation
of humanoid robot gait balance generalization [ J]. CAAI

[14]

[15]

[16]

[17]

(18]

[19]

Transactions on Intelligent Systems, 2020(7): 1-9. (in
Chinese)

A FHAS (W) AL A ) RE R ¢ AR E kLT
4y, 2013, 6(19) ; 48-51.

MA D L. Phase
determining the time delay 7[ J]. Silicon Valley, 2013, 6
(19) : 48-51. (in Chinese)

LONGKUN T, JIANLI L. C-C method to phase space

reconstruction based on multivariate time series [ C] //

space reconstruction method for

International Conference on Intelligent Control and
Information Processing. Piscataway: IEEE, 2011, 438-
441.

Ty, sk, ZEE, 55 FET ZMP AR LI AL
A AN [J]. LR Tl K224z, 2018, 44
(9): 1187-1192.

YU J J, ZHANG Y, ZUO G Y, et al. Humanoid robot
gait imitation based on ZMP criterion [ J ]. Journal of
Beijing University of Technology, 2018, 44(9). 1187-
1192. (in Chinese)

JUNICHI N, YASUO K, NOZOMU A, et al. Slope-
walking of a biped robot with K nearest neighbor method
[C] // Fourth International Conference on Innovative
Computing, Information and Control. Piscataway:. IEEE,
2009, 173-176.

HAO Z, MUQING D, PENG Y. Human gait recognition
based on deterministic learning and Kinect sensor[ C ] //
Chinese Control And Decision Conference. Piscataway :
IEEE, 2018 . 1842-1847.

TOMOYA S, SHO S, EIJIRO O, Walking

trajectory planning on stairs using virtual slope for biped

et al.

robots [ C ] // Transactions on Industrial Electronics.

Piscataway : IEEE, 2011, 1385-139.
(TR AR



