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An Attention Mechanism-Based CNN-LSTM Framework for Lower Limb Knee
Joint Angle Prediction

TANG Lu, YANG Xilin, WANG Xiangrui, HU Qianyuan, ZHENG Hui
(School of Health Sciences and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Decoding knee motion intention is crucial for the wearable comfort in lower extremity
exoskeleton robots. Patients with neurological disorders are often accompanied with lower limb movement
disorders assessed by surface electromyography (SEMG) signals. To integrate the motion assessment and
joint angle prediction for these patients, a novel CNN-LSTM framework based on the attention mechanism
is proposed to predict the knee joint angle for three daily motions, i.e., horizontal walking, going uphill,
and going up stairs, through 10-channel SEMG signals. The prediction error indicators, i.e., the root mean
squared error (RMSE) , the mean absolute error (MAE), and the coefficient of determination (R*) reach
2.74, 2.50, and 0.97, respectively, outperforming the traditional network. Furthermore, the ablation
experiments show the three indicators have decreased by 20.47%, 34.36% and 6.59% on average,
respectively. The proposed end-to-end prediction framework based on the attention mechanism can reach
the highest prediction accuracy, providing a reference for the human-robot interaction scheme of the lower
limb exoskeleton robot system.
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Fig.4 Entire preprocessing process of EMG signals of medial gastrocnemius muscle

2 EFEEAVFH A CNN-LSTM 1

BT R JIHLEN 9 CNN-LSTM 5% R i) 8 (K B2 44 4n 18] 5 7 75 o F00 D0 B 2 32 S8 ply 3 /> A5 B 21 1l
CNN B THEEIHLE LSTM 4 #2288, 8 %6 % 1038 18 sSEMG 15 5 R OC T 1 BE 15 5 PR 42
— AN Z JCH A B AR g BB A A A 5 LR CININ IR 266 ok 2 B A 85080 14 23 1R R F , 25 4% e 1] 2 91
I RS RRUE L s 35 AT LSTM 2 2% > CNN St iy th =2 ) iy 1 4R 26 v 6 &, 28 i ]
) (AT 50 B BT R AT 5 i i, 4 5000 A By AR TR TN 34 2 OV A B . CNIN 45 1R 24> 5 BUZ A 2 i
)2 N, A T2 5300 A 64 F1 128 D45 PR LSTMTF’ﬁ”@a 2/\5%;@2}:' I35 128 F1 64 A 28 50 ; 45
TR 2 IS8 A )2, 20 WA 5 760 F1 2 880 S F 2 7T , i 3 Re LU MK i bR Kl kay 1 1500 4% 5.



B B F.ATFTEEAMNA G CNN-LSTM M %4 F B M % 3 /4 5 1001

/ A ) i
— (MG RS ) N\ (s T

50
EEE N §4o- — - T
MAAMA N AN S NN, # 30}
Rerss| | mEE W ||[EY
Sttt EEE B & o]
e HEN N 05 T T i 55 50 i
| k" k.
(SETFEESH | i

\ CNN-LSTM )
/ O N N
O N ole Y

=
. . =) . .
: 5 Val S :
Hl
. il g
|
CNNRZ ,LSTM“ LSTM , I_l
ETHERIVHIHLSTM R

Bl 5 BT M CNN-LSTM R & 451 8 (1 4 fA 4
Fig.5 Overall architecture of the attention-based CNN-LSTM hybrid model

2.1 1D-CNNEA ST E4F MR EESR

CNIN & —Fh Al i 22 [ 2%, B 45 FR08 B RITR BE 450, 0 T IRUG A 380 R (1 SR8 5 b B2 45
A CNN#R 1A BUZ AN LA A6 2 4B, AR SCI —4E CNN(One-dimensional CNN, 1D-CNN) 4 % 2
A EBUZF 2402 o 1D-CNN 0] U3 32 2728 f i i) 15 50 4 R di AL JF a3 B B2 RelLU )2 Alit fk
JZ R )RR . AR SC 1D-CNN 4b 3 Z2 5T I 0] ) 51) 4 3 A2 4 181 6 T 7

1D-CNN fif FH T 1§ I o 32 B 22 728 it B ) e B0 AR AE o 350 000 T 10 I8t 20 1) 1 B R0 8 B 43 301 oA o A
w, h A E A AL B SEMG {55 A ] 2 10 B0 w S B AT 9 I 38 T R, 5 U AR B S B
TIE i 43 5] ok 64 #1128, %%ﬁﬁ@fﬂ%Aﬂmmmm&@%%%ﬂ%ﬁ%%%ﬁﬁ@ﬁ%u%
WA . Wiz, | RN ZHIESEMGE S AR ®EES i=1,2,,n; j=1,2, [ x, FRFE IR
FES S AR R o n ISR A RO ; 2 o0 6 BRI B0 (O OB — FﬁM)&ﬁ —EZERZ
fib 3 22 A5 5k BF [ 0 (4 25 R 5o R 6 43 ) A B o A TR B I 1 5 R AOE A EE (R

GREBE I RR RN

4
ReLU( 6/ + > w/ Xz,
j=1

Re LU

k

2 2

b+ > w X ay,
j=1

s;——(x;wxj-n,xgjflzz (8)

Re LU

k

m m

b7 + 2 w' X x,;
=




1002 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 4, 2024

HBRE HEHE
X, 3 = X; 3 =
1 bR 1 kR
. Xvﬂ
RelU @ ReLU &
SRS @ o
(hXw) @ @
X, X,
X, X,
ReLU : ReLU :
—> O —= [
] @
X, X,
4 ‘X:_‘
ReLU : ReLU :
O o
@ ©

W,

im

, b, W,

im

2 b[m

K6  1D-CNN 4h B £ A8 i i} 8] Fy 31 0 72

Fig.6 Process of ID-CNN processing of multivariate time series

S HEI CNN B 3R 42 PR AE , 66 F Re LU 3005 PR, 7T LA 5 R0 2% (9 R 1A g 1% . ReLU MR BIE

XH
ReLU(2)={" *=0 (9)
xr x>0

b Ak 2 38 3 9 ok A FRZ AR ARSI R B A S B B R 28 B AR B R B TR AT
— 2R AT R R A R TR A . feJa , dropout J2 38 A8 P A28 W 2% mh B BL 2 3 A
280K B 1 P 28 70 22 (8] 1 2o B I ) 35 0, M SR RS 1 7 A BE T .
2.2 LSTM 1E 2 B (8] 451 42 BU 3R

LSTM i 12 2 454 25 65 B (] 77 0 ) b °F SCE B #EAT gt L 38 5 51 A 122 500 R fiff o T 1% 48 9 106 340
o 20 19 2% 6 TR 114 2 Rk B M A4 I A, A T 232 Bl i TN 5 T OIS RL AR 4 SRV LSTM AYCAZ T
P LA BT ZS A 3 AN TT L I, AL 3 A ] 38 T T ANt 1T, S 6 ] 3 2o 8 1) sigmoid 1 S 80 R Bk
Wil B AR OT IR S AT (045 B e B vE i A2 i o Fr CNN ®
B S (2,20, a0 )i A LSTM H B FFRE S5 4, &l 7 ¢
i . TERRANI 2] AT I MOE BRIk A - D o
AT s R TR TR A 5 R i sk 2645 5 R0 T — B 220 9 i A
x, oK R BT R A oo BXORE Y S5 R R TR D s fE B R DL
LSTM WG i T 1534

LSTM IS — R i ik g 2 rmfirg . O h
38 A 1 3 BT — B 220 1 B BOIRZS b, Ry, 223 — A sigmoid J2 @)
i RO 1 ZMME. 1 RR“ELRE,0RR“ELE 7 LSTM N#REER 254
EON i 9 o LN B RN W Fig.7 Internal chain structure of LSTM




B B F.ATFTEEAMNA G CNN-LSTM M %4 F B M % 3 /4 5 1003

fi=o(W,lh_\ x]+b) (10)
Kb WO AT YRS EG [, 2, 7R 27— I 220 7 BE iR 285 A 25 17 s 20 08 i A PR e — i
o #7R8 sigmoid R,
By AT WG A 2 T LA I B BT RS b R R AT IS R 2 — A T OB 1 2 A
B, RonERBEE R, HiHE AKX N
i=c(W.lh | z]+b) (11)
C,=tanh(W.[ A, x,]+ be) (12)
A W, W SRR R b, b 353 I 149 5 B tanh Sy X 2% 1E 5 06 8L ; C, 37 3 10 4% 6 BT AR 3
BN ICRAE 1R 120 CHBHMARXA
C,=fXC,_+1,%XC, (13)
iy 3 TR ICAZ BT T A A BT SR I TR D B AR T OIA, LA U R L s T TR O K
A TTAERL, 582l 2 — 4 sigmoid BRI E 1T I O™ B 1538 2 — > tanh pR EI0k A= 0 H ) A
HHEAKX N
O,=c(Wylh, 1 x,1+by) (14)
h,=0,% tanh(C,) (15)
Horpr s W RN AT HE B 5 b, 227 XTI 0 & 5 O, 2 B th 100 %t o 555 75 21 >4 1B 200 04 BeUIR 28 Ao
2.3 ETFiFE 1 Encoder-Decoder M %%

Encoder-Decoder W 4% |32 Fi F B #& 15 5 Ab B 40035k , 0 45 4 1% #% (Encoder) F1 fi# % % (Decoder) o
Encoder H 328 U5 B 28 9 26 ¥ 18, 7T DL >0 i A% 91 B9 R D F i th — S RS 10 B € O] RUSL R Sl B
AU fi A8 5 Encoder 28 i — N 4E FE B € 105 B % 91 1) &, 2 X0 A S BB HESE AR B, B4R De-
coderf CAE m¥ A 15 2] H Ak o

&5 1 Encoder-Decoder ¥ 28 #5570 rp R ) i C RN 2 5540 1, &) Hh BRURCER 43 Bc AN 34 57 19 ] T,
JUH BT XK P 21 Bt $0 , Decoder % A [m] B 220 1) i i, o AERJ2 [F] — MRS & C, 20 T K ¥
GV ECHE TS MO DG R L 23 5 U R IO BE R R . £8 |, AR SCHE Encoder-Decoder M £ G| AVERE )
BLH, T 2 AL 2ok 3 5 b DR A 1) & C R AH DG T A o 1 Ay HLR 5 e B v R A e
i CHTHE R, T 2 T HLEDE Encoder 3 it A B ECIR 25 5 Decoder i (9 4 i R 28 #E 47 A0 G TH58, OF
Sy B gECIR 45 43 BOAL EE |, LAE AE Decoder S #E 47 MUK #8175 Decoder i RE % T 47 Hb 4 52 5 AP 51 Hh i
HEAE B B AL B HEAR PR RS R L R R S BN AT 55 bG8 R — S B A R S A 4 Ry
— A~ )RR A o Sy 2B e 25 R Ok Y Bl 4R R, L 28 5 00 1m) 4 & 92 14 (Bi-directional LSTM,
Bi-LSTM) M £ 4§ i Encoder-Decoder ¥ 45 f) 25 A4 1 e ke b BB | 2 3 R LA A9 TR LS TM A 7
Y SR AL 21 Pl 8 TR

TR B 2 — b2 ) g A B o S i SR 4 e R XUE B B R A B T
T IHL A A% O AR 15 L Y B R 43 WC A 7 A TR R T O SR R S e A B
T 4 R0 BEE , 5 0 AS ) i A Xk 7 AL A MR 30 12 A8 T X 4 0 i AR A ik T 51 A 3 S LA
Y Encoder-Decoder W 2% §if A JF3 (), 20, , a0, &I i 4% LSTM A Wi fE BF I [ Ay, hyyoee s hp) JTER
FIVLE T T T115 53 e, B0 A R, Z T AE DG M TR s, P35 T ) AR o AL v () AR 285 1) 2
C. 25 LSTM¥G C M d, AERHIA S Y, B ¢ B 20 i B0 e 5 705 AR Bl 1 B O 0y i g
Al RIR N



1004 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 4, 2024

Decoder HERETIPLH

-
U.
t
Encoder d h .. (@ h d h
\_ -1 1 =1 i =1 i
K8 TR HLHI Y LSTM £ 5 4Lty
Fig.8 LSTM model architecture based on attention mechanism
e,=v X tanh (W, X h,*u,Xd,_,+b) (16)
exp e
a,= . p ! (17)
z exp e,
(=1
,
C,ZZ&,Xh, (18)

S W, S T2 50 1 2 BRI 5 0 B k5 6 4 M9 25 LS T ML 5 1 ik
3 THREXTAEMMNERS DM

A SCTE Python3.7 H1 (# Tensorflow ¥ FE 2% 2] HE 221 & 5 @ 5 T 1 & 0 WL B9 CNN-LSTM M 2% 4
FTIE fBE T . Horh Epoch=100, batch_size = 128, ¥ Adam 1 8 1L #% , Il 25 4 R i 45 14 1L
B 4: 1. ¥ BUAL S 19 SEMG {5 5 V8 2 T 13 B 0 ALH 19 CNN-LSTM A5 AL gy A 485 50 it £ A
Ty B2 AR, 5230 3 iz Sl s 200 I OCTT AR R v 38 s TN [V, Sk R A SR ABE AL X R OCT
£ 52 0 100 P B, B S [R] Gz Bl R X T 4 SR 04 5 e R X B AR SR R A A 5 T v A ) AL I
CNN-LSTM M 5 # 5 J {5 27 RBE [0 £ 455 8 F000 %0CR:

3.1 EMiEdR

R T VEAR AR ST DN ASE R fig L 8 L 3 IR e A, BIPE5 ALR 22 (Root mean square error, RMSE) |
- 24446 %} % 2% (Mean absolute error, MAE) FIPE R AR #4774l . RMSE Fl MAE RAE 52 B 645
9 55 TN M 0GR B 22 ] A R 22 L LB B /DN 2 /DN s RP 33 92 o IR G Y Ay B RS0 e G T A R
[ 0 AR R JHC UM 3 P 7 O~ 1 22 Ji) 30T 1, AL ) L4353 M ST A 4 B (9 A 200 301

(19)

(20)




B B F.ATFTEEAMNA G CNN-LSTM M %4 F B M % 3 /4 5 1005

Ri=1-—"+—"1—— (21)
z(ﬁa,[i (944 )2

i=1
o WA 5 R R0, BUNAE 0, S T (81 09 F- 290850, S BRAF 10, g SEBR P49 18
3.2 RS 3% B U A R 4 B
S o AN [ e E 4 T 8 9 HL A CNIN-LS TV B 280 350044 6 110 56 000 5 3 b a8 s Bk 1 ik
HEF I 19 SEMG 5 5 43 3% A 3L 78 2 7 AL CNN-LST M AR A0 35000 i OG5 Ff B2, 3 580 15 o okt
BEF 64 37 1K 3 Rl iz 3 M 7 T AL o B9 4 667 RMSE \MAE 1 R348, 25 e 41 3 2 B .

R2 WWHEETIMENRATHRERE

Table 2 Comparison of experimental results of three motion modes at two speeds
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