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Abstract ; Lower-limb exoskeleton robots play an important role in rehabilitation training and walking assistance, where accurate lower-
limb joint angle prediction is a key technology for achieving natural and coordinated gait. However, since surface electromyography
(sEMG) signals are susceptible to individual differences and variations in movement patterns, achieving cross-task generalization for
joint angle prediction remains a major challenge. To address the above issues, this paper proposes a cross-task generalization-oriented
multi-joint angle prediction framework for the lower limb, which includes a non-redundant muscle synergy feature extraction algorithm
and a joint angle prediction network with cross-speed and cross-subject generalization capabilities. First, the feature extraction algorithm
employs non-negative matrix factorization to extract activation coefficient matrices from sEMG signals, and further uses the Uniform
Manifold Approximation and Projection algorithm for nonlinear dimensionality reduction to obtain low-dimensional features with higher
discriminative power as model inputs. Second, the joint angle prediction network extracts cross-task shared features through pre-training

and leverages a small number of samples from new tasks for fine-tuning, enabling rapid adaptation to new tasks. Based on a self-
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constructed dataset and a public dataset, this paper conducts feature extraction method comparison experiments, model ablation

experiments, and cross-speed and cross-subject generalization experiments. Experimental results show that in cross-speed experiments on

the self-constructed dataset, the prediction errors of hip and knee joint angles range from 1.703 1° to 2.790 4°,

with correlation

coefficients all exceeding 0.98. Compared with baseline methods, the proposed method achieves significant improvements in both

prediction accuracy and stability, demonstrating its effectiveness and generalizability. Finally, physical experiments on exoskeleton-

assisted walking are conducted, further validating the feasibility and application potential of the proposed method in practical lower-limb

exoskeleton applications.

Keywords : lower-limb exoskeleton; surface electromyography; muscle synergy; angle prediction
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Fig. 1  Overall flowchart of the proposed method
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Table 1 Performance comparison of feature extraction algorithms

i RMSE/(°) cc
=R/ Giit — — — —
2ot el i ey 3 e 2l it P2y 3
Mean 4.246 4 6.1815 4.433 8 6.590 3 0.922 8 0.927 0 0.898 9 0.910 6
MAV
SD 0.55717 0.767 1 0.656 6 0.992 4 0.035 6 0.039 1 0.073 0 0.067 1
Mean 4.448 9 6.208 8 4.5153 6.5713 0.889 2 0.9153 0.8809 0.908 4
RMS
SD 0.834 1 0.985 0 0.724 2 1. 060 8 0.097 3 0. 067 2 0.107 6 0.071 8
Mean 4.879 4 7.1511 4.961 5 7.3957 0.891 1 0.900 3 0.884 0 0.907 2
WL
SD 0.672 0 0.814 4 0.723 1 1.005 3 0.063 3 0.049 4 0.085 8 0.052 3
Mean 3.046 8 5.340 4 3.043 7 4.736 8 0.955 4 0.948 7 0.961 1 0.962 3
NMF
SD 0.526 3 0.8756 0.5553 1.089 7 0.027 3 0.029 2 0.022 4 0.020 3
Mean 2.8209 5.058 9 2.656 8 4.388 2 0.964 0 0.955 4 0.970 5 0.969 4
NMF-UMAP
SD 0.448 5 0.8350 0.4559 1.024 7 0.0191 0.014 4 0.0156 0.016 8
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Table 2 Ablation results under cross-speed experiments within each subject
RMSE/(°) cc
I it
Pk el it g 7R Vil itk g
e Mean 1.849 4 2.790 4 1.703 1 2.4519 0.987 2 0.987 7 0.989 1 0.990 7
K SD 0.3347 0.436 9 0.3756 0.324 1 0.004 2 0.004 8 0. 006 5 0.005 6
Mean 2.162 0 3.2853 2.029 3 3.156 2 0.981 7 0.981 7 0.984 4 0.984 8
Nont SD 0.426 5 0.427 9 0.395 8 0.414 6 0.008 5 0.007 6 0.007 7 0.007 6
Mean 4.209 9 7.7335 3.965 0 6.904 7 0.934 0 0.900 8 0.943 6 0.937 5
Nont SD 1.147 9 1.996 8 1.536 0 2.669 9 0.020 2 0.053 2 0.028 0 0.025 8
Mean 2.117 4 3.646 9 2.0557 3.550 4 0.983 1 0.978 1 0.984 0 0.980 2
Mot SD 0.279 9 0.365 5 0.411 4 0.3357 0.007 2 0.008 0 0.008 6 0.009 1
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subject predicted gaits at three different walking speeds

- =—1.0km/h - 1.5 km/h —1.0 km/h -+1.5 km/h
32}t ==2.0km/h oF =-=2.0 km/h

27 -‘:, i; \\ Py i
o2t NS i\ =
BI6f [\ % %
o 'g =) \ ~32
13
(5) 4 W ;
0 2000 4000 6000 8000 0 2000 4000 6000 8000
—1.0 km/h - 1.5 km/h —1.0 km/h - 1.5 km/h
Or =20 km/h 651 —--2.0 km/h
-5 ' 54 o £

3

_ 4 - 0
380 2000 4000 6000 8000 0 2000 4000 6000 8000

Bl 10 ik S47E 1.0.1.5 A1 2.0 km/h 25380 F P 7 B
A AR I 2 A DT ) S
Fig. 10  Response trajectories of the left and right hip and
knee joints of the exoskeleton while Subject S4 executes

predicted gaits at walking speeds of 1.0, 1.5, and 2.0 km/h

B S TOAMEBE AT T BULIA ) sSEMG 55, 38 RMS {8
JEEAT A — 4k, W 11 Fros, AN E B AE T A
sEMG {55 1) RMS 7£ 3 bl M AR T IR E #5503 T
BT 29.52% 54.38% Hl 54. 16% , B UE T M 8% 76 S AT
TN A Z i A B A B RCR . b, 552
K S3 AL, LR KT T R B g A 2 5, R Wb
BB R Z AR T, AR 4 2 AR TR
AHUT R RMS TR U0 B 48 07 e AN [F A~
A [] LA G 1 3 AR 1

A2 S3 R S4B S8 B A B LSS
SR T AT i B R B B 2 A R T RO
A EE TH0I 7 v R 8% 6 AT PRASCHE 25 14 T S B aff 1) O 49 £



198 it & M & ¥

i B47%

B2 T 51 Er SRS

i I*29.52 -54.38 -54.16
100 F | |
80
& .
2 oof
s
E w} § §
=
z:z
20 F
0 . . .
1.5 2.0
T/ (km-h 1)
K11 3 Rl 2 S4 oMk 5 oo ik
LT R sEMG {55 19 RMS
Fig. 11 RMS of lower-limb muscle sEMG signals with and

without the exoskeleton at three different walking speeds

JETI, I I 52 405 183 7 T 0B e i H R Ak
1155 ISR AT R S8

4 & it

TEAWIFE R AR T — b H AT B 3 A B 52 1 12
ARRE T 0T e 22 5719 R B T 7k o 32005 s B TR 8
WS B AETCAR LA B3 R RRAE SR U 5 55T meta-learner
B 22 ST 1 B TR R 2 8, o 1 SR o 488 H 7 vk A
BVE PR T — RPN, RIS S IR U Rk iR
WA AR TR G0 0 I SCRRAE . I Rl S0 56 | 095 38 2 R 185 2
T S A A SRR DI IE 1A SO AR ST A B T
EEERERZ A . SRS BRI AT B D 2
B RRATE LRSS 1A SO R AT A Al Sk, R
GBI LM 1 WS AT: 55 2 AL AR AT R A [0 8 (E
EATI RS T I 5 H A0 10 I 2 ok A IR 8% 1) 2 4
W TEARR TAEN Kt — 2D AT 572 AL RE T, B
F ST R is R, W bR R IS F R
S 3Lk
(1] ARk, AR, Ja8 G, 45 oM AR I8 B -

ARG BeAMz i shems [ J]. XGRS, 2025,

46(11) . 158-172.

SHI X, TANG J, FAN ZH R, et al. Prediction-
optimization dual-stage compensation control strategy for
lower limb exoskeleton motor overshoot [ J ]. Chinese
Journal of Scientific Instrument, 2025, 46 (11) . 158-
172.

[2] TIAND K, LI W T, LI J K, et al. Self-balancing

exoskeleton robots designed to facilitate multiple

rehabilitation training movements[ J]. TEEE Transactions

[3]

[5]

(6]

[7]

(8]

(9]

[10]

(11]

[12]

on Neural Systems and Rehabilitation Engineering, 2024,
32, 293-303.
ZHANG H R, QIN P J, BAL Y, et al. A generalized

approach for multi-joint angle prediction of the lower limb

in multi-task scenarios of different wearers [ J |. IEEE
Sensors Journal, 2026, 26(6) : 8547-8560.
TERAMAE T, NODA T, MORIMOTO J. EMG-based

model predictive control for physical human-robot
interaction; Application for assist-as-needed control [ J].
IEEE Robotics and Automation Letters, 2017, 3(1):
210-217.

XIONG D ZH, ZHANG D H, ZHAO X G, et al. Deep
learning for EMG-based human-machine interaction: A
review[ J]. IEEE/CAA Journal of Automatica Sinica,
2021, 8(3): 512-533.

XIONG D ZH, ZHANG D H, CHU Y Q, et al. Intuitive
human-robot-environment interaction with EMG signals
A review[ J]. TEEE/CAA Journal of Automatica Sinica,
2024, 11(5) . 1075-1091.

TURNER A, SHIEFF D, DWIVEDI A, et al. Comparing
machine learning methods and feature extraction
techniques for the emg based decoding of human inten-
tion[ C]. 2021 43rd Annual International Conference of
the IEEE Engineering in Medicine & Biology Society,
2021, 4738-4743.

MOSLHI A M, ALY H H, ELMESSIERY M. The impact
of feature extraction on classification accuracy examined
by employing a signal transformer to classify hand
gestures using surface electromyography signals [ J ].
Sensors, 2024, 24(4) . 1259.

AR, AATRE, HERR, 45 BT T SEMG #9% 57
BRI R TEMIE[ )], (AR, 2024,
45(5) . 271-280.

SHI X, YU K Q, AO Y M, et al. Research on fatigue
fuzzy incremental entropy characterization method based
on lower limb sEMG[J].
Instrument, 2024, 45(5) ; 271-280.

TING L. H, MCKAY J L. Neuromechanics of muscle

Chinese Journal of Scientific

synergies for posture and movement[ J]. Current Opinion
in Neurobiology, 2007, 17(6) : 622-628.
D'AVELLA A, LACQUANITI F. Control of reaching

movements by muscle combinations [ J ].

synergy
Frontiers in Computational Neuroscience, 2013, 7. 42.

RABBI M F, PIZZOLATO C, LLOYD D G, et al. Non-



545

HKIEZE 45 GenJAPNet : HE TETUANLIA R HHAE (4 7T 32 AL OG5 A BE T000 0 2% JH 7 JReo b 199

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

negative matrix factorisation is the most appropriate
method for extraction of muscle synergies in walking and
running[ J]. Scientific Reports, 2020, 10( 1) : 8266.

ZHAO K K, ZHANG ZH SH, WEN H Y, et al. Muscle
evaluating limb in clinical

synergies  for upper

applications: A systematic review [ J]. Heliyon, 2023,
9(5): 16202.

LYU C, LIU Y, CHEN Y, et al. sEMG-based lower
limb joint angle prediction with muscle synergy spatio-
temporal fusion and DWCIT model [ J]. TEEE Sensors
Journal, 2025, 25(14) . 27155-27165.

QIN P J, SHI X, ZHANG CH M, et al. Continuous
estimation of the lower-limb multi-joint angles based on
muscle synergy theory and state-space model[ J]. IEEE
Sensors Journal, 2023, 23(8) : 8491-8503.

LUW]J, MAHT, ZENG D X. Performance of a novel
muscle synergy approach for continuous motion estimation
on untrained motion [ J |. IEEE Transactions on Neural
Systems and Rehabilitation Engineering, 2024, 32.
3554-3564.

RS, Wil , BB BT VMD-Informer F12E 1T lL
A BN MMM )], 7 &R,
2026,49(7) :151-160.

WU SH B, YOU T, GUI J ZH. Prediction of lower limb
joint angles based on VMD-Informer and surface
electromyography signals [ J ]. Electronic Measure-ment
Technology,, 2026,49(7) :151-160.

WEL Z J, ZHANG ZH Q, XIE SH Q. A transformer
framework informed by muscle anatomy and sequence-to-
sequence translation for continuous joint kinematics
prediction using sEMG[ J]. IEEE Journal of Biomedical
and Health Informatics, 2025, 30(2) . 1140-1152.

ZHOU X, LIN CH, WANG C, et al. sEkMG-based joint
angle estimation via hierarchical spiking attentional
feature decomposition network [ J]. IEEE Robotics and
Automation Letters, 2025, 10(3) . 2176-2183.

KW, TRHIHE, Eres, & R TRELBES W T
TR MBI IELT]. TS = 40,
2023, 37(8) : 60-70.

ZHANG N, ZHANG M J, WANG X D, et al. Finger
joint angle estimation method based on surface

electromyography signal [ J ]. Journal of Electronic
Measurement and Instrumentation, 2023, 37 (8): 60-

70.

[21]

(22]

[23]

(24]

[25]

[26]

(27]

(28]

[29]

ARk, BRI, B, F OB TIHRGES BN
Apreibiz Sh A AR [T ], e R 2 iz, 2026,
47(2) ; 244-255.

SHI X, HUANG L W, LIANG F, et al. Cross-subject
invariant feature-based motion pattern recognition using
electromyographic signals [ J J. Chinese Journal of
Scientific Instrument, 2026, 47(2) . 244-255.

B, LFVS, DRKE, 4. BT 1D-CNN-SVM )
TEAMIHAL SE BN )], T E R,
2025, 48(12) . 71-78.

CUIZH H, AT L. SH, MA X Y, et al. Research on gait
information recognition of lower limb exoskeleton based on
1D-CNN-SVM[ J]. Electronic Measurement Technology,
2025, 48(12) . 71-78.

LIN CH, HE ZH. A rotary transformer cross-subject
model for continuous estimation of finger joints kinematics
and a transfer learning approach for new subjects [ J].
Frontiers in Neuroscience, 2024, 18 1306050.

DU G M, ZHU H Q, DING ZH, et al. Meta-transfer-
learning-based multimodal human pose estimation for
lower limbs[ J]. Sensors, 2025, 25(5): 1613.

CAO WJ, LICHY, YANG L J, et al. A fusion network
with stacked denoise autoencoder and meta learning for
lateral walking gait phase recognition and multi-step-
ahead prediction [ J]. IEEE Journal of Biomedical and
Health Informatics, 2024, 29( 1) . 68-80.

CAMARGO J, RAMANATHAN A, FLANAGAN W,
et al. A comprehensive, open-source dataset of lower
limb biomechanics in multiple conditions of stairs,
ramps, and level-ground ambulation and transitions[ J].
Journal of Biomechanics, 2021, 119 110320.

WANG L L, WANG Y X, GUO F, et al. Lower limb
joint angle prediction based on multistream signaling and
quantile regression, temporal convolution network-
bidirectional long short-term memory network neural
network[ J]. Machines, 2024, 12(12) . 901.

WANG ZH, CHEN H, YANG F L, et al. Accurate
prediction of knee joint angles using a hybrid CNN-
LSTM-Attention network from surface electromyogr-
aphy[ C]. 2024
Robotics and Biomimetics, 2024 . 2233-2240.

ZHOU H Y, ZHANG SH H, PENG J Q, et al

IEEE International Conference on

Informer: Beyond efficient transformer for long sequence

time-series forecasting [ C ]. 35th AAAI Conference on



200 & L £ ¥ W

47

Atificial Intelligence. 2021, 35(12) . 11106-11115.
[30] SHIX, ZHANGJ Y, QIN P J, et al. Angle estimation

for lower limb joint movement based on vmd-narx
algorithm[ C]. 2021 IEEE International Conference on
Real-time Computing and Robotics, 2021; 474-479.

EEE N

HiBR, 2023 FE T KRG
A, B A v B2 B BRI e 1 AR 5 B 552
A KEM TR A, FEBF T
ES 5EBAL A T G
x E-mail ;2023100766@ mails. cust. edu. cn

Zhang Hairong received her B. Sc. degree
from Qingdao University in 2023. She is currently a research
intern at the Shenzhen Institute of Advanced Technology, Chinese
Academy of Sciences, and a postgraduate student at Changchun
University of Science and Technology. Her main research interests
processing and  artificial

include signal and information

intelligence.

FMBZAR, 2015 4T HPRHE R# 3R AG
27,2023 AF T E R ARG 2
BUATRYI S N T A B2 B B MLz, 58

WHFETT 0] Z RS NHLAEH.
. E-mail ; pj. qin@ szu. edu. cn

Qin Pengjie received his B.Sc. degree from Chongqing
University of Science and Technology in 2015, and his Ph. D.
degree from Chongqing University in 2023. He is currently an
assistant professor in the School of Artificial Intelligence at
Shenzhen University. His main research interest includes multi-
modal human-machine interaction.

REZE CGEEEH) 2012 4F FRILK
FARAG A AL, 2017 AE TR JEUHE TR
SFEARAFW AL, 2022 4 T b 50 HL TR A
PAFH B0, BOA T E B B RN e it
FORBETE Be BIAT T G, 32 2EBIF 58 7 1] 40 4%
ShE S HLAS N R G A 1z g P A e AR iz 3 R
B
E-mail ; dk. tian1 @ siat. ac. cn

Tian Dingkui ( Corresponding author) received his B. Sc.
degree from Yangize University in 2012, his M. Sc. degree from
Taiyuan University of Technology in 2017, and his Ph. D. degree
from Beijing Institute of Technology in 2022. He is currently an
associate researcher in the Shenzhen Institute of Advanced
Technology at Chinese Academy of Sciences. His mian research
interests include exoskeleton and robotic system integration,

motion control, and human motion intention perception.



