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Introduction 

Identifying human kinematics is the primary step of 

biomechanics analyses and clinical evaluation for people with 

walking disabilities. A typical method for calculating human 

kinematics is to use a marker-based motion capture system. Such 

method has a major drawback when capturing motions outside 

the lab, makes it challenging to measure the various dynamic 

tasks in daily living. To solve this issue, it has been suggested [1] 

to use inertial measurement unit (IMU) sensors to capture the 

motion [1]. However, this method requires attachment of IMU 

sensors on each body segment. People may feel this is too 

cumbertom to apply in daily life, limiting the use in real 

application. Thus, this study aims to investigate the feasibility of 

capturing the joint angles of lower extremities with a reduced 

number of IMU sensors using a deep learning algorithm. We 

hypothesize that if we can train a deep learning model good 

enough, it can extract the information from a reduced number of 

IMU sensors for the prediction of kinematics in three dimensions. 

 

Methods 

We recruited a young and healthy participant (31 yrs, 1.75 m, and 

84 kg). Two IMU sensors were mounted on the dorsal of both 

feet of the participant. We calculated non-dimensional slow, 

normal, and fast walking velocity from the participant 

anthropometric data [2]. Then the participant walked in the 

treadmill for approximately 1.5 minutes at three different speeds. 

We collect the data last 1 minute for data analyses. The motion 

was captured simultaneously by twelve infrared cameras (Vicon, 

Oxford, UK),  and acceleration and gyroscope data were recorded 

from the IMU sensor (Avanti™ wireless EMG, Delsys Boston, 

MA). We used OpenSim, which is an opensource 

musculoskeletal simulation tool to scale the model according to 

the participant’s anthropometric measurements and calculate the 

hip, knee, and ankle angle using inverse kinematics. We 

considered five joint angles for each leg, i.e, hip flexion, hip 

abduction, hip rotation, knee angle, and ankle angle for the 

prediction. So, we have an input of 12 features and an output size 

of 10 joint angles for each timestamp. For the learning algorithm, 

we stacked two bi-directional Long Short Term Memory (LSTM) 

deep neural networks, followed by a uni-directional LSTM [3]. 

Five-fold cross-validation was performed to test the efficacy of 

the model. For the assessment of the result, the root mean square 

error (RMSE) and the correlation coefficient was calculated 

between the ground truth of the test set and prediction of the deep 

learning model. 

 

Results and Discussion 

Our algorithm enabled us to estimate the joint angles with high 

accuracy compared with motion capture system. Figure 1 reports 

the mean and standard deviation RMSE with for five joint angles 

for both legs (upper subfigure), as well as their correlations 

(lower subfigure). The mean RMSE remains very low, ranges 

from (1.6°±0.25°, 1.42°±0.26°) for hip abduction to (2.51°±0.2°, 

2.47°±0.24°) for the knee angles on the sagittal plane for left and 

right leg. The predicted joint angle shows a higher correlation 

with the ground truth of the test dataset. However, the correlation 

was less for hip rotation (0.88±0.024, 0.88±0.028). We believe 

that increasing the number of data from more participants will 

result in a better deep learning model, helping to achieve higher 

accuracy and correlation than what we provided in this study. 

This is left as future work. 

 

Significance 

We have achieved reasonable accuracy with a high correlation 

using a reduced number of IMU sensors with a specialized deep 

learning model which supports our hypothesis. Another 

advantage of our method is to use the dorsal of the foot as the 

location of the sensor. Reduced number of IMU sensors can be 

easily mounted to the shoes to monitor kinematics of the athlete 

and people with gait impairment. 

  

 
Figure 1: Mean RMSE and Correlation Coefficient with standard 

deviation for five joint angles for right and left leg. 
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