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A Recurrent Neural Network for 3D Joint Angle Estimation based on
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Inertial measurement unit (IMU)-based 3D joint angle estimation have a wide range of important applications, among them,
in gait analysis and exoskeleton robot control. Conventionally, the joint angle was determined via the estimation of 3D
orientation of each body segment using 9-axis IMUs including 3-axis magnetometers. However, a magnetometer is limited
by magnetic disturbance in the vicinity of the sensor, which highly affects the accuracy of the joint angle. Accordingly, this
study aims to estimate the joint angle using the 6-axis IMU signals composed of a 3-axis accelerometer and a 3-axis
gyroscope without a magnetometer. This paper proposes a recurrent neural network (RNN) model, which indirectly utilizes
the joint kinematic constraint and thus estimates joint angles based on 6-axis IMUs without using a magnetometer signal.
The performance of the proposed model was validated for a mechanical joint and human elbow joint, under magnetically
disturbed environments. Experimental results showed that the proposed RNN approach outperformed the conventional
approach based on a Kalman filter (KF), i.e., RNN 3.48° vs. KF 10.01° for the mechanical joint and RNN 7.39° vs. KF

21.27° for the elbow joint.
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Fig. 1 Structure of the proposed network
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Fig. 2 Experimental setup for (a) mechanical and (b) elbow joint
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Table 1 Averaged RMSE of joint angle estimation for mechanical
joint data (unit: deg)

Test (Trial) Method 1 Method 2 Proposed
Normal (1) 10.31 9.30 2.97
Normal (2) 4.46 7.55 3.50
Normal (3) 11.75 7.51 3.24
Normal (4) 4.60 9.55 4.80
Fast (1) 15.02 9.66 3.47
Fast (2) 14.02 10.06 3.45
Fast (3) 7.57 9.69 3.37
Fast (4) 12.38 11.30 3.05
Average 10.01 9.32 3.48

Table 2 Averaged RMSE of joint angle estimation for elbow joint
data (unit: deg)

Test Method 1 Method 2 Proposed
Test 1-1 10.98 20.61 8.93
Test 1-2 32.38 24.94 11.08
Test 2-1 46.25 8.42 3.72
Test 2-2 41.49 15.13 3.98
Test 3-1 3.04 15.97 8.17
Test 3-2 3.82 21.46 6.61
Test 4-1 2.61 3.77 6.05
Test 4-2 2.38 34.46 6.72
Test 5-1 6.34 10.34 8.87
Test 5-2 22.12 37.21 9.29
Test 6-1 44.43 9.22 4.87
Test 6-2 39.40 16.84 10.41
Average 21.27 18.20 7.39

Table 3 Comparison of averaged RMSE and standard deviation
according to the model

Model 1
(Proposed) Model 2 Model 3
Mechanical 3.48 (0.57) 8.86 (6.60) 9.13 (7.24)
Elbow 7.39 (2.45) 9.26 (7.41) 7.93 (5.88)
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