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Abstract

Knee osteoarthritis, as a highly disabling disease, has traditional treatment methods limited by the
real-time and convenience of laboratory assessments. This study proposes an intelligent knee or-
thosis torque prediction system based on multi-source sensors, which integrates 3D-printed or-
thoses, inertial measurement units (IMUs), and surface electromyography sensors to monitor knee
adduction moment (KAM) and knee flexion moment (KFM) in real time. By constructing a deep
learning model that combines one-dimensional convolutional neural networks, bidirectional long
short-term memory networks, and attention mechanisms (CNN-BiLSTM-Attention), the system dy-
namically predicts joint torque. The experiment recruited 10 healthy subjects, collecting motion
data from six types of daily activities including walking, running, ascending and descending stairs,
and turning. Inverse dynamics were used to calculate the torque as a benchmark. The results show
that the prediction performance for KAM is superior to that for KFM: the average correlation coef-
ficient for KAM is 0.739 * 0.094, with a root mean square error (RMSE) of 0.172 * 0.033 Nm/kg; the
average correlation coefficient for KFM is 0.720 * 0.107, with an RMSE of 0.215 * 0.048 Nm/kg. The
study further validates the feasibility of long-term rehabilitation management by combining sensor
data with a cloud platform. This system breaks through the limitations of traditional laboratory as-
sessments and provides an innovative solution for personalized orthotic intervention and the de-
velopment of intelligent rehabilitation equipment.
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Figure 1. CNN-BIiLSTM-Attention model architecture diagram
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Figure 2. Human lower limb kinematics data acquisition system
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Table 1. Subject Information
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5 2457 +1.92 17557 £ 4.44 72.71 £ 8.05 10
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Figure 3. Daily Human Activities: (A) Walking; (B) Running; (C) Ascending Stairs; (D) De-
scending Stairs; (E) Turning Left; (F) Turning Right
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Figure 4. Comparison between predicted (black, mean + SE) and calculated (red) knee adduction moments (KAM) across
tasks ((A) Walk; (B) Run; (C) Turn left; (D) Turn right; (E) Go upstairs)
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Figure 5. Comparison between predicted (black, mean + SE) and calculated (red) knee flexion moments (KFM) across tasks
((A) Walk; (B) Run; (C) Turn left; (D) Turn right; (E) Go upstairs)
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Table 2. KAM estimation accuracy

2. KAM it RAVERE

KAM
IBEMES

r RMSE (Nm/kg) 20.445 + 6.158
AT 0.850 = 0.026 0.105 + 0.007 26.676 + 6.565
i 0.817  0.040 0.398 + 0.059 43.663 +7.894
R 0.733+0.108 0.147 £ 0.051 33.926 + 13.080
NHERS 0.506 + 0.129 0.184 + 0.050 26.581 + 6.598
7] I e 25 0.739 £ 0.055 0.101 % 0.009 36.774 +3.279
[EE&EE 0.871+0.026 0.097 +0.022 31.344 + 7.262
BN 0.739 + 0.094 0.172 +0.033 20.445 + 6.158
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Table 3. KFM estimation accuracy

= 3. KFM DM IHERIVETRE

BEMES KM
r RMSE (Nm/kg) RRMSE (%)

PAT 0.811+0.075 0.131 + 0.042 10.757 + 3.940
i 0.748 +0.141 0.307 + 0.065 33.315 + 11.990
kR 0.569 + 0.180 0.213 +0.010 21.382 +2.167
NHERS 0.820 +0.074 0.223 + 0.067 20.473 + 8.363
e i 75 0.683 +0.106 0.226 +0.061 30.027 +8.375
A5 % 2 0.692 + 0.066 0.188 +0.041 42.118 £ 11.387
ST 0.720 + 0.107 0.215 + 0.048 26.345 + 7.704
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