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Fig. 1 Powered lower limb exoskeleton robot
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Fig. 5 Multi-frame gait phase prediction of CA-DGNN
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Table 1 Results of different window sizes experiment

Window size  Accuracy/%  Precision/%  Recall/%  F1_score/%
80 97.02 95.69 95.60 95.57
90 97.26 96.39 96.14 96.18
100 97.86 97.59 96.66 97.08
110 95.74 95.49 93.17 94.09
120 95.25 95.41 90.30 92.06
130 96.29 95.86 93.19 94.21
140 96.59 96.32 94.56 95.27
150 96.81 95.97 94.64 95.17
160 95.41 94.16 92.38 92.95
170 96.08 96.36 93.23 94.40
180 96.30 96.15 93.21 94.32

1180 I 43> B4 75 T 0.84%. 0.60%. 2.12%. 2.61%.
1.57%. 1.27%. 1.05%. 1.78%. 1.56% F 1.35%.
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F 2 [, AE 5 FRAT b, CA-DGNN 5355 il E T R
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Table 2 Results of user-independent experiment

Algorithm Accuracy/%
CNN 91.25
RNN 89.23
TCN 91.18

LSTM 91.83

CA-DGNN 94.52
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Table 3 Results of user-dependent experiment

Algorithm  Accuracy/%  Precision/%  Recall/%  F1-Score/%
CNN 95.14 93.57 93.06 93.29
RNN 89.65 88.05 88.77 88.39
TCN 79.77 72.48 78.54 73.82
LSTM 94.35 90.24 95.25 92.06

CA-DGNN 97.86 97.33 97.13 97.15
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Table 4 Results of ablation experiment

Algorithm  Accuracy/%  Precision/%  Recall/%  F1-Score/%
DGNN 96.43 95.27 94.59 94.77
CA-DGNN 97.86 97.33 97.13 97.15
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Fig. 6 Gait phase prediction accuracy of different window size
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Fig. 7 CA-DGNN confusion matrices of different window size
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Fig. 8 Gait phase prediction accuracy of different algorithms in
user-independent experiment
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Fig. 11 Confusion matrix of gait phase prediction in user-
dependent experiment
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Gait Phase Prediction of Exoskeleton Robot Enhanced by DGNN
Based on Channel Attention Mechanism

YAN Jianjun', XU Yingjia', LIN Yue', JIN Li?, JJANG Jinlin?
(1. School of Mechanical and Power Engineering, East China University of Science and Technology, Shanghai 200237,
China; 2. Shanghai Aerospace Control Technology Institute, Shanghai 200235, China)

Abstract: Gait phase prediction holds significant importance in the control of assistive robotic devices, such as
exoskeletons. The control unit is required to discern the gait phase to supply the necessary power during operation.
Given that current gait phase prediction methods based on the Inertial Measurement Unit (IMU) do not fully leverage
the relationship between joints and bones, this study presents a gait phase prediction approach for an exoskeleton robot
using a Channel Attention-enhanced Directed Graph Neural Network (CA-DGNN) to enhance prediction accuracy and
reliability. Initially, a device for collecting human lower limb posture information is developed to gather walking gait
data and construct a skeleton model of the lower limbs. Subsequently, a gait phase prediction model based on CA-
DGNN is established to extract motion characteristics of human gait phases and predict the gait phase at a future
moment based on current data. Lastly, the impact of the sliding window size on the algorithm's performance is
analyzed. The experimental results show that compared to other algorithms, the prediction accuracy of CA-DGNN is
97.88%, which is better than other four algorithms such as CNN, RNN, TCN and LSTM. This work aims to present an
innovative idea and method for gait phase prediction in exoskeleton robots, thereby advancing the accuracy and
robustness in such robotic systems.

Key words: gait phase prediction; IMU; skeleton; spatial temporal graph convolutional networks; channel

attention mechanism
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