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Pattern recognition of lower limb movement under load based
on differentiation feature fusion of muscle groups

Shi Xin', Chen Yujie',Fan Zhirui', Qin Pengjie’, Lu Hao'
(1. School of Automation, Chongqing University, Chongqing 400044, China;
2. School of Artificial Intelligence, Shenzhen University, Shenzhen 518060, China)

Abstract: To address the significant decline in movement intention recognition accuracy caused by the regular physiological feature drift
of surface electromyography (sEMG) signals under varying loads in lower limb exoskeleton applications, a recognition method based on
muscle physiological characteristics and a bi-branch cross-scale multi-head attention residual network ( BCM-ResNet) is proposed. First,
the regular pattern of sSEMG signal changes under load, which can be termed " physiological reconstruction" , is quantitatively revealed
through time-frequency analysis. Agglomerative hierarchical clustering confirms that the sEMG feature space exhibits distinct " low,
medium, and high" cluster distributions within the 0~ 14 kg range. This finding demonstrates that load is a key variable driving the regular
displacement of the feature space rather than a random disturbance. Secondly, a differentiated feature extraction strategy is proposed by
considering the functional heterogeneity of the thigh and calf muscles. A bidirectional long short-term memory ( BiLSTM) network is
employed to capture the strong temporal dynamics of the thigh muscles (the primary power source), while a multi-scale convolutional
neural network (Multi-scale CNN) is utilized to extract local fine-grained features of the calf muscles (the precision regulators). A bi-
branch fusion architecture with a multi-head attention (MHA) mechanism is constructed to achieve dynamic decoupling and weighted fusion

of intention and load features, utilizing a residual network ( ResNet) to enhance the abstraction of high-level features. Additionally, the
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sensor configuration is optimized through Pareto analysis, determining a 12-channel unilateral layout on the right leg as the optimal setup.

Experiments show that the proposed method achieves an average recognition accuracy of 94. 78% on a self-built dataset and 92. 85% on an

international open-source dataset containing 22 subjects, validating the model’s generalization performance. Finally, migration tests on an

edge computing terminal verify the algorithm’s execution stability under sub-millisecond inference latency. This research provides reliable

algorithmic support for the precise intention recognition of exoskeletons in complex loading environments.

Keywords : sEMG; lower limb motion recognition; load feature drift; dual-branch fusion network; multi-head attention mechanism
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Fig.2 Sensor specifications
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Table 1 Parameters of the dual-branch fusion recognition network
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6 Concatenation + Multi-Head Attention (32, 96, 100] - 96 LayerNorm
7 ResNet Blocks + AdaptiveAvgPool1d [32, 256, 1] 3 256 RELU

8 output [32,5] - - Softmax
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sample scatter diagram
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Table 2 Performance comparison of comparison methods on EMG lower limb pattern recognition public data set

8 Accuracy Precision Recall F1-score
BiLSTM 0.876 9£0.012 8 0. 880 4£0. 012 3 0.875 9+0.012 9 0.877 9£0.012 6
DCNN 0. 881 2+0. 0130 0.884 5£0.012 5 0. 880 5+0. 013 1 0. 882 0£0.012 8
TCN 0.907 3+0. 012 2 0.910 8+0.011 8 0.906 4+0. 012 3 0.908 5+0.012 0
CNN-LSTM 0.819 5£0.011 5 0. 824 0£0.010 8 0.818 0£0.011 8 0. 820 5+0. 011 2
CAD 0.865 1£0.012 9 0. 868 6+0.012 4 0. 864 2+0.013 0 0. 866 3+0.012 7

AR 0. 928 5+0. 006 5 0.903 0+0. 006 8 0. 898 5+0.007 3 0.900 5+0.007 1
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CNN(15,15,15) .CNN(15,13,11) 45 T 5 I3E X
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Table 3 Comparison of convolutional kernels at different scales

il

Accuracy

Precision

Recall

F1-score

CNN (9,9,9)

CNN (11,11,11)
CNN (13,13,13)
CNN (15,15,15)
CNN (15,13,11)

0.940 5+0. 008 9
0. 944 0+0. 006 1
0. 947 8+0. 007 2
0.941 7+0. 008 7
0.935 7£0.016 0

0.943 2+0.007 9
0. 946 0+0. 004 9
0. 946 5+0. 007 5
0. 942 8+0. 008 4
0.936 8+0.015 1

0.940 0£0. 008 8
0. 943 6+0. 006 1
0. 945 8+0. 007 3
0.941 2+0. 008 8
0.9352+0.014 9

0. 940 8+0. 009 8
0. 944 8+0. 006 6
0. 947 2+0. 008 1
0. 942 0+0. 008 8
0.936 8+0.015 6
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Fig. 6 confusion matrix
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Table 4 Sensor configuration comparison

TR FIBI=R Accuracy Precision Recall F1-score PRI R/ ms
SIEELE A 10 0.913 1+0.010 4 0.914 4+0.011 7 0.912 4+0. 010 5 0.914 4+0.010 5 0.139 8
FLACE B 11 0.929 8+0. 008 7 0.932 4+0. 008 3 0.929 2+0. 008 8 0.930 0+0. 009 2 0.143 3

AXEE 12 0. 947 8+0. 007 2 0. 946 5+0. 007 5 0. 945 8+0. 007 3 0.947 2+0. 008 1 0.148 5
JUARTLE A 13 0. 948 2+0. 006 9 0.947 1+0.007 8 0.946 2+0. 008 2 0.946 6+0.007 6 0.1610
JUARTCE B 14 0.948 7+0. 007 1 0. 947 6+0. 007 4 0. 946 9+0. 007 8 0.947 2+0. 007 5 0.172 0
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Fig.7  Visualization of feature extraction using t-sne at different layers
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Table 5 Ablation study results of the dual-branch fusion recognition network
el Accuracy Precision Recall F1-score
ResNet 0.925 0+0.012 2 0.927 6+£0.012 1 0.924 4+0.011 9 0.925 2+0.011 6

BiLSTM-ResNet
CNN-ResNet
BiLSTM-MHA-ResNet
CNN-MHA-ResNet
CNN-BILSTM-ResNet

BCM-ResNet

0.938 1+0.002 9
0.942 9+0. 008 9
0.941 7+0. 004 4
0.944 5+0.012 0
0.946 4+0.007 5
0. 947 8+0. 007 2

0.939 2+0.003 3
0. 944 8+0.007 9
0.943 6+0. 003 6
0.945 2£0.011 5
0. 946 4+0. 007 0

0. 946 5x0. 007 5

0.937 6+0. 002 9
0.942 4+0.009 0
0.941 2+0. 004 2
0.944 0+0.012 1
0. 946 0+0. 007 6

0. 945 8+0. 007 3

0.939 2+0.002 7
0.943 6+0.009 7
0. 942 4+0. 004 2
0.944 8+0.011 7
0. 948 0+0. 007 6
0. 947 2+0. 008 1
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Table 6 Comparison of computational complexity

with existing methods

x7 SUEFAENMRELR

Table 7 Performance comparison with existing methods

LY ZH /M YRt a]/ s PRI ]/ ms
BiLSTM! %) 0.574 7 24.700 0 0.100 9
DCNN!'! 12.327 5 69. 580 0 0.172 4
TCNI) 0.878 9 32.740 0 0.086 6
CNN-LSTM!'®) 14,720 0 32.496 0 0.126 0
capl'” 0.091 7 60. 750 0 0.2137
AR AER 1.307 2 42.410 0 0.148 5
Precision Recall F1-score

b Fik Gy Accuracy
1 BiLsTM!'?) 2021 0. 888 120. 014 0
2 DCNN!'! 2023 0. 904 7+0. 008 9
3 TCN!!S] 2022 0. 903 60. 005 8
4 CNN-LSTM! 6] 2023 0.863 1+0.010 5
4 CAD[!] 2025 0. 940 5+0. 008 4
5 ARSTHERY 2025 0. 947 80. 007 2

0. 888 4+0.012 2

0.907 6+0. 007 9

0. 905 6+0. 005 9

0. 865 2+0.010 9

0. 942 0£0. 008 8

0. 946 5+0. 007 5

0.887 2+0.013 0

0. 904 0+0. 009 3

0.902 8+0. 006 1

0.862 0+0.011 4

0. 940 0+0. 008 5

0. 945 8+0. 007 3

0. 889 6+0. 013 2

0.905 2+0. 009 3

0. 904 0+0. 006 1

0.863 2+0.011 4

0. 942 0+0. 008 9

0. 947 2+0. 008 1

MR 7 FIl 8, i SR A B 5¢ v 9 BiLSTM-CNN-
MHA-ResNet #& & 7E Accuracy , Precision , Recall F1 F1-
score J7 AR AS 55, 4350 0. 947 8 0. 946 5.0. 945 8 |

0.947 2, X # iyt T BiLSTM ., DCNN, TCN . CNN-LSTM ,
CNN-Attention-DenseNet , 33X $5 455 71 22 B H 558 K 1 43 25 6B
J1, Bk UG, X B 48 A5 4 B H BILSTM & H 6.31%



55 5 1

Ak AT B s S UV 22 S AL Rl U3 D v

149

1.0r

ek

09405 0.9312

0.944 7 09036
0.863 1

i3 ES

0.8F

0.6
BiILSTM DCNN  TCN CNN-LSTM CAD Proposed
(a) 0
(a) Accuracy comparison
1.0 sokok
| | | | 09400 09308
09040 09028
0.862 0
¥
=
K 0.8F
0.6—
BiILSTM DCNN  TCN CNN-LSTM CAD Proposed

(c) A3 H

(c) Recall comparison

FiEE

F140 %

Kok
seokok

| | | | 09420 095]2
0.8884 09076 09056

0.8652

0.8F

0.6

BiLSTM DCNN  TCN CNN-LSTM CAD  Proposed

(b) K BEXT Eh

(b) Precision comparison

%k

| 09420 09532

Aok

08896 09052 09040

0.8632

08

0.6
BiLSTM DCNN  TCN CNN-LSTM CAD Proposed

(d) F14- %ot e

(d) F1-score comparison

K8 R Hxt L

Fig. 8 Comparison effect diagrams of various methods
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Table 8 Comparison of different hardware platforms
[CaCEEs) iR HEPR E]/ ms
fA 0.947 8 0.148 5
FH5 B 0.943 1 0.219 5
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