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[ Abstract |

based on surface electromyography (sEMG) that combines convolutional neural networks ( CNN) with long short-term memory networks

To enhance the classification accuracy of lower limb movements, this paper was introduced a hybrid recognition model

(LSTM). Initially, sEMG data were collected from 20 subjects performing four types of gait movements: ascending stairs, descending
stairs, walking, and squatting. Subsequently, the collected sEMG data underwent preprocessing, and both time domain and frequency
domain features were extracted to serve as inputs for the machine learning recognition model. The CNN-LSTM model was then construc-
ted for lower limb action recognition and compared against the performances of CNN, LSTM, and SVM ( support vector machine, )
models. The results demonstrate that the CNN-LSTM model outperforms the CNN, LSTM, and SVM models by 2. 16% , 8.34% , and
11. 16% in accuracy, respectively, thereby proving its superior classification performance. This model provides an effective solution for
enhancing lower limb motor functions, offering significant benefits for rehabilitation medical equipment and power assist devices.

[ Keywords] surface electromyographic signals; lower limb motion recognition; CNN-LSTM; convolutional neural networks; long

short-term memory networks
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Table 1 Basic information of the subject
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Fig. 1 Diagram of the experimental scene
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Fig. 2 Sliding window segmentation diagram
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Table 2 Feature calculation formula
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Fig. 3 1DCNN model structure
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Table 3 1DCNN model parameter configuration

W 2 %Wz B s ?ﬁ’ﬁ'ﬂ
HH NS 35
LBRIZ1 64 3x1 5 64 x1 020
BN1 + ReLU — 64 — 64 x 1 020
k2 1 64 2x2 — 64 x510
BRUZ2 32 3x1 3 32 x508
BN2 + ReLU — 32 — 32 x508
k2 2 32 2x2 — 32 x254
BRE3 10 3x1 3 10 x252
BN3 + ReLU — 10 — 10 x252
WAkZ 3 10 2x2 — 10 x 126
1 1 1 260 — 1260 x1
PR 2 1 600 — 600 x 1
IEIEZ3 1 100 100 x 1
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MR A 0 R A R, 1
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f‘t = O-(I'Vf[ht—l ’xt] + bf) <8)

Hi(8) . w; HILEE 5 o N sigmoid BAIE PREL bf%]
R
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Fig. 5 CNN-LSTM overall architecture
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Fig. 6 The loss curve of the CNN-LSTM model
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Fig. 7 Comparison of the performance of the
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Fig. 8 ROC curves for 4 classification models
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Fig. 9  Confusion matrices for 4 models
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