
An ensemble-based machine learning approach for the estimation of lower 
extremity sagittal plane joint kinematics using shoe-mounted IMU sensors

Abstract- Studying human body movement is an 
essential step for biomechanical analysis and a tool for 
assessing a disease's condition and progression. 
Unfortunately, this analysis is only limited to the lab 
environment. It is not easy to gather rich and proper 
information during daily living. That creates a 
hindrance to getting accurate information on gait 
analysis. Again, regular IMU-based kinematics 
estimation uses multiple sensors for the joint angle 
estimation. As a result, it becomes less practical to use it 
in day to day living. There is a need for an accurate 
kinematics estimation with the practicality of using 
sensors, i.e., reduced sensors mounted on shoes. 
Nowadays, machine learning has become a popular tool 
for biomechanical analysis. It can be helpful to map the 
relationship between a limited number of sensor data 
with joint angle. This paper estimated the hip, knee, and 
ankle joint angle in the sagittal plane using two shoe-
mounted IMU sensors. At first, we proposed five deep 
learning network using convolutional neural network 
(CNN) and long short term memory (LSTM) based 
recurrent neural network (RNN). We ensembled the five 
deep learning models to get the advantage of each 
model. Our ensemble technique decreases the mean 
RMSE error of hip and knee angle up to 10%, 13%, 
respectively.  
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I. INTRODUCTION 

 Human gait is the complex and coordinated movement of 
the limb, which helps locomotion. It is a qualitative and 
quantitative tool to assess the health condition of people. 
People who are aging experience transformation of the gait 
pattern. Early detection of this transformation is useful in 
assessing the fall risk among the elderly. Abnormality of gait 
can also occur due to neurological and brain damage related 
to the disease. As this gait alteration can significantly impact 
human lives, analysis of gait has become more popular and 
relevant in the current research field. Gait assessment can 
aid in the evaluation of the severity, progression, or 
diagnosis of a disease or injury. Joint kinematics is an 
important spatiotemporal parameter to diagnose abnormal 
gait function in clinical settings. Knee joint kinematics have 
been used to evaluate hypermobility syndrome (HMS) in 

children [1]. In addition to disease assessment, gait analysis 
is also used to evaluate the performance of the athletes.  

Traditional dynamic task measurement techniques for 
gait assessment use 3D infrared light motion capture 
cameras to measure marker trajectories on the human body. 
Acquired data is then transferred to a dynamic analysis 
software to compute the joint angles. Although these 
methods are regarded as the ground truth of measuring the 
dynamic function of human motion, it requires manual data 
processing, expert device operation, and work in a spatially 
and temporally restricted area due to the setup of bulky 
equipment.  

   It has been suggested to leverage the Inertial Measurement 
Unit (IMU) sensors to overcome the disadvantages of 
calculating human motion's dynamic functions. Recent 
studies have shown that IMU can be used to calculate joint 
angles [2], ground reaction forces (GRF) [3], and joint 
moments [4, 5]. By replacing traditional motion capture 
cameras and force plates with wearable IMU sensors, 
researchers expand the methods of estimating human 
biomechanics outside of the laboratory environment. It also 
makes long-term and daily monitoring possible. 

        This work aims to estimate the joint angle of hip, knee, 
and ankle in the sagittal plane using two IMU sensors (one 
per each leg segment) by ensembling prediction from 
multiple deep learning neural networks,i.e., Convolutional 
Neural Networks (CNN) and Long Short-Term Memory 
(LSTM). LSTM and CNN can be used to extract features, 
classify, and make time-series data predictions. Our work 
with time-series data was our primary motivation for 
selecting  LSTM and CNN machine learning models. LSTM 
and CNN can use raw IMU data to generate their features, 
which then can be used to predict kinematics during gait. 
Again, combining prediction from multiple models improves 
the accuracy of the joint angle estimation. Our proposed 
ensemble method outperforms each of the single CNN and 
LSTM models.  

II. RELATED WORK 

 

IMU and other sensors have been used to estimate joint 
kinematics. Estimating joint angles using IMU sensors needs 
calibration of the sensors to the specific body segment. A 
significant problem with the IMU-based joint angle 
estimation is the alignment and calibration with the 
anatomical model segment. For calculating joint angles, the 



position and orientation of every sensor assigned to each 
segment must be known. Several calibration processes have 
been proposed [6,7]. However, they are prone to error as 
they are dependent on the implementation of the subject. 
Again, traditional IMU-based estimation needed to place the 
sensor at each segment of the body imposes additional 
constraints on the subject as the cumbersome sensors 
impact their daily lives. We argue that significant 
redundancy occurs in a multi-sensor human motion capture 
system, such that it is possible to further reduce the number 
of sensors without losing much in terms of motion capture 
accuracy. 

We have witnessed a massive wave of innovations in 
machine learning. If a model is trained with sufficient data, 
we can estimate kinematics with decent accuracy. A 
machine learning model, especially LSTM based RNN, and 
CNN can extract relevant features from the raw data of a 
minimal number of sensors to estimate kinematics. As a 
result, a machine learning model can help overcome the 
limitations introduced by static pose calibration, the 
complexity of biomechanical modeling, error in 
magnetometer data, or multi-sensor constraints. Lim et al. 
[8] used a single IMU mounted on the participant's sacrum 
to estimate kinetics and kinematics. They processed the IMU 
data to calculate acceleration, velocity, displacement, and 
time. They then used these data as input for the artificial 
neural network. This data processing has to be done offline, 
and processed data are prone to error [8]. Their method 
would not be able to estimate kinetics and kinematics for 
both legs simultaneously. Mundt et al. [5] used five IMU 
sensors to estimate 3D joint kinematics and joint moments. 
They segmented the gait cycle based on the algorithm 
proposed by Maiwald et al. [9]. They have to perform time 
normalization of the gait cycle before giving input to the 
feedforward neural network. These two approaches needed 
offline processing of the IMU data. The latter used a 
comparatively large number of IMU sensors to estimate joint 
kinematics and kinetics. To overcome these limitations, we 
will propose a new method to estimate the joint angle of the 
hip, knee in the sagittal plane. The main contribution of the 
paper: 

(1) Using the minimum number of sensors (one per 
each leg segment) to estimate kinematics  

(2) Using the raw data as input to the neural network 
without any feature extraction or time normalization helps 
minimize the system's complexity and paves the way for 
real-time gait monitoring. 

(3)  Using an ensemble machine learning approach to 
increase the accuracy of the joint angle estimation 

 

III. MATERIALS AND METHODS 

A. Experimental Protocol 

 
Seven healthy subjects (six male and one female) 

participated in the study. The Institutional Review Board 

(IRB) of the University of Central Florida (UCF) approved 
the study protocol. We placed two inertial measurement 
unit sensors on the participants' shoes (Figure 1). Non-
dimensional slow, normal, fast, and fast walking velocity 
was determined from the leg length, measured from ground 
to great trochanter [10]. The actual speed for the walking 
on the treadmill was calculated by multiplying non-

dimensional velocity with √𝑔𝐿𝐿𝑒𝑔  , where g is the 

gravitational acceleration, and LLeg is the length of the 
participant's leg. The participants walked on the treadmill 
at four different speeds, slow, normal, fast, and very fast, for 
approximately 2 minutes. Thirty-four reflective markers 
were placed on the participant based on a modified Helen-
Hayes marker set [11]. Three-dimensional marker 
trajectories were captured with twelve infrared light 
cameras with a sampling rate of 100 Hz (Vicon, Oxford, UK). 
The accelerometer and gyroscope data were recorded with 
a sampling frequency of ~148 Hz (Avanti wireless EMG, 
Delsys, Boston, MA). We used OpenSim [12], an open-
source musculoskeletal analysis tool to calculate joint 
angles during walking conditions. First, we scaled the 
generic musculoskeletal model while the participant was in 
the anatomic position. We performed inverse kinematics 
after scaling to calculate 23 coordinates of the 
musculoskeletal model for the dynamic walking trials. Our 
study considers the hip, knee, and ankle angle on the 
sagittal plane for both of the legs, which results in six joint 
angle coordinates. 

B. Data Processing 

Markers data collected from the motion capture system 
have a frequency of 100 Hz, where IMU data was collected 
at a rate of ~148 Hz. To match both systems' data, IMU data 
was resampled to 100 samples per second before inputting 
to the machine learning model. In addition to the three-axis 
accelerometer and gyroscope data, we have also calculated 
the magnitude of three-axis acceleration and angular 
rotation, which results in 8 features for each IMU sensor.    
 
 

 

 



     Figure 1: A participant wearing IMU sensors and 
markers on the body 

Table 1: Architecture of Conv1D-net 

C. Machine Learning Model  

 
Convolutional Neural Networks (CNN) and Long Short-

Term Memory (LSTM) based RNN are frequently using for 
the classification [13,14] and time series prediction [15]. In 
our study, we trained five different deep learning models 
using CNN and LSTM.  The architecture of each model is 
discussed in the following subsection. 
 
 
 

1) Conv1D-net 
 

The first CNN network is based on 1D convolutional 
layers. Multiple convolutional layers are used to extract 
features from time-series data of accelerometer and 
gyroscope. 
 

Layers Description 

1 Input (80,16) 

2 Batch Normalization 

3 Conv1D, filters=64, kernel size=3, activation=relu 

4 Conv1D, filters=64, kernel size=3, activation= relu 

5 Dropout (0.3) 

6 Batch Normalization 

7 Conv1D, filters=64, kernel size=3, activation= relu 

8 Batch Normalization 

9 Dropout (0.3) 

10 MaxPooling1D (pool size=2) 

11 Conv1D, filters=128, kernel size=3, activation= relu 

12 Batch Normalization 

13 Dropout (0.3) 

14 Conv1D, filters=128, kernel size=3, activation= relu 

15 Batch Normalization 

16 Dropout (0.3) 

17 Flatten 

18 Dense,80, activation= relu 

19 Flatten 

20 Dense,480, activation=linear 

 
Table 2: Architecture of Conv2D-net 
 

2) Conv2D-net 
 

The second CNN network is based on a 2D convolutional 
network. A 1D convolutional network can capture the 
signal's temporal dependency, where a 2D convolutional 
network can capture the dependency between different 
axes and different sensors [16].  
 
 
 

3) Bi LSTM-net 
 

We used the LSTM based recurrent neural network as 
our third model. Two bidirectional LSTM layer is stacked 
together to train the model. The bi-directional LSTM layer 
trains two LSTM models. The specific time window of the 
input signal trained along with its reversed version. As a 
result, the model can learn better features from the input 
than regular LSTM. 
 

Layers Description 

1 Input (80,16) 

2 Batch Normalization 

3 Bidirectional LSTM, 128 

4 Dropout (0.4) 

5 Bidirectional LSTM, 64 

6 Dropout (0.4) 

7 Dense,80, activation= relu 

8 Flatten 

9 Dense,480, activation=linear 

 
 
Table 3: Architecture of Bi LSTM-net 
 

4) Hybrid Conv1D-LSTM-net  
 

Layers of different neural network models with 
different structures can be merged to build a new network. 
That hybrid network can get the advantage of two different 
models and may outperform the individual model. We 
concatenate the convolutional 1D model's output with our 
proposed LSTM model to build a hybrid network. 

Layers Description 

1 Input (80,8,2) 

2 Batch Normalization 

3 Conv2D, filter=64, kernel size= (3, 3), 
activation=relu, padding=same 

4 Batch Normalization 

5 MaxPooling2D ((2, 2)) 

6 Conv2D, filters=128, kernel size= (3, 3), 
activation=relu, padding=same 

7 Batch Normalization 

8 MaxPooling2D ((2, 2)) 

9 Dense,80, activation= relu 

10 Flatten 

    11 Dense,480, activation=linear 



Layers Description Description Layers 

1 Input (80,16) Input (80,16) 8 

2 Batch 
Normalization 

Batch Normalization 9 

3 Bidirectional 
LSTM, 128 

Conv1D, filters=64, kernel 
size=3, activation=relu 

10 

4 Dropout (0.4) Conv1D, filters=64, kernel 
size=3, activation= relu 

11 

5 Bidirectional 
LSTM, 64 

Dropout (0.3) 12 

6 Dropout (0.4) Batch Normalization 13 

7 Flatten Conv1D, filters=64, kernel 
size=3, activation= relu 

14 

  Batch Normalization 15 

  Dropout (0.3) 16 

  MaxPooling1D (pool 
size=2) 

17 

  Conv1D, filters=128, 
kernel size=3, activation= 

relu 

18 

  Batch Normalization 19 

  Dropout (0.3) 20 

  Conv1D, filters=128, 
kernel size=3, activation= 

relu 

21 

  Batch Normalization 22 

  Dropout (0.3) 23 

  Flatten 24 

25 Merging (layer 7 and 24) 

26 Dense,80, activation= relu 

27 Flatten 

28 Dense,480, activation=linear 

 
 
Table 4: Architecture of Hybrid Conv1D-LSTM-net 
 
 
 
 

5) Hybrid Conv2D-LSTM-net 
 

A convolutional 2D network model was concatenated 
with the proposed LSTM model to build the Hybrid Conv2D-
LSTM. 
 
 
 
 

Layers Description Description Layers 

1 Input (80,16) Input (80,8,2) 8 

2 Batch 
Normalizatio

n 

Batch Normalization 9 

3 Bidirectional 
LSTM, 128 

Conv2D, filter=64, kernel 
size= (3, 3), 

activation=relu, 
padding=same 

10 

4 Dropout 
(0.4) 

Batch Normalization 11 

5 Bidirectional 
LSTM, 64 

MaxPooling2D ((2, 2)) 12 

6 Dropout 
(0.4) 

Dropout (0.25) 13 

7 Flatten Conv2D, filters=128, 
kernel size= (3, 3), 

activation=relu, 
padding=same 

14 

  Batch Normalization 15 

  MaxPooling2D ((2, 2)) 16 

  Dropout (0.25) 17 

  Conv2D, filters=128, 
kernel size= (3, 3), 

activation=relu, 
padding=same 

18 

  Batch Normalization 19 

  MaxPooling2D ((2, 2)) 20 

  Dropout (0.25) 21 

  Flatten 22 

23 Merging (layer 7 and 22) 

24 Dense,80, activation= relu 

25 Flatten 

26 Dense,480, activation=linear 

 
Table 5: Architecture of Hybrid Conv2D-LSTM-net 
 
 

6) Ensemble Network 
 
     The performance of multiple neural networks may not be 
the same for a specific dataset. There are variances in the 
prediction due to the different structure of those networks. 
A network may perform better on a specific portion of the 
test data, giving bad results on other portions. Ensembling 
different neural networks can be useful to take advantage 
of the better performing network. In our work, we take the 
prediction average of five deep learning models. Our 
proposed ensemble network outperforms all the single 
neural network.  
 



     We used the Stochastic gradient descent (SGD) algorithm 
for the optimization with a learning rate of 0.1. The batch 
size for training the model was selected as 64, and the 
number of iterations was 200. We choose a 0.80s moving 
time window for the machine learning model input. It gave 
a better estimation of the joint angle. The full features for 
two sensors were 16, resulting in an input shape of (80,16) 
for the convolutional 1D and LSTM network. As a 2D 
convolutional network requires a 4D tensor, we reshape the 
input to (80,8,2), where 2 indicates the number of sensors 
channel. As we have six joint angles and considered 0.8s (80 
samples) time window, each model's output layer has a 
total of 480 neurons.  
 
 
 
 

 
 
 
Figure 2: Ensemble technique of multiple networks 
 
 

 

 

D. Performance criteria 

      Leave out one cross-validation was performed for 
evaluating each machine learning model. Six subjects' data 
were used as training and the rest subject as testing. For the 
validation purpose, we randomly split six subjects data into 
80% and 20%. 80% data was used for the training purpose, 
whether other 20 % was used as the validation data. 
 

We have used two metrics to evaluate the 
performance of the model. The root mean square error 
(RMSE) and the Pearson correlation coefficient were 
calculated between the ground truth and the deep learning 
model's prediction.  
 

IV. RESULTS 

 
 

Table 7: Mean RMSE error of different joint angle 
From the result, we can see that our proposed 

ensemble technique outperforms all single networks. RMSE 
of hip flexion angle has decreased 2-10% and 4-13% on 
average for the right and left leg, respectively. For knee 
angle, the RMSE reduction is 6-11%, 4-13% for right and 
left leg. However, for ankle angle, Conv2D-net performs 
slightly better than the ensemble method for the right leg. 
 
 
    The correlation was slightly improved for the ensemble 
method in hip flexion and knee angle. Hybrid Conv2D-
LSTM-net outperforms the ensemble network for ankle 
angle. 
 
 
 

Table 6: Correlation coefficient between actual and 
predicted joint angles  
 
 
 
 
 
 
 

V. DISCUSSION 

     We presented a machine learning technique to estimate 
lower extremity joint angle in treadmill walking in this 
work. To estimate the joint angle directly from IMU sensors, 
each leg segment must be assigned with an IMU. It is less 

Model Right Left 

Hip  Knee Ankle Hip Knee Ankle 

Conv1D-net 4.18 4.11 3.06 4.04 4.09 2.88 

Conv2D-net 3.88 4.10 2.73 3.78 4.03 2.57 

Bi LSTM-net 4.19 4.04 3.10 3.75 3.91 2.72 

Hybrid Conv1D-
LSTM-net  

4.01 3.96 2.96 3.76 3.91 2.75 

Hybrid Conv2D-
LSTM-net 

3.98 3.94 2.90 3.68 3.92 2.63 

Ensemble 
(Proposed) 

3.80 3.68 2.76 3.53 3.60 2.52 

Model  Right Left 
Hip Knee Ankle Hip Knee Ankle 

Conv1D-net 0.982 0.985 0.934 0.984 0.984 0.940 

Conv2D-net 0.983 0.983 0.945 0.985 0.984 0.949 

Bi LSTM-
net 

0.984 0.986 0.935 0.986 0.986 0.949 

Hybrid 
Conv1D-

LSTM-net 

0.984 0.987 0.937 0.985 0.986 0.944 

Hybrid 
Conv2D-

LSTM-net 

0.985 0.987 0.952 0.987 0.986 0.955 

Ensemble 
(Proposed) 

0.986 0.988 0.947 0.988 0.987 0.954 



practical to use those multiple sensors on the body. 
Machine learning can be used to map the reduced number 
of sensor data with joint angle.  In our method, we only used 
two IMU sensors, which are also fixed on the shoes. As a 
result, our method can be applied to monitor gait outside of 
the lab in daily living.  
 
     We have also used a specific window length 
without any time normalization of the gait cycle, which 
reduces the gait event detection algorithm's complexity for 
segmenting the gait cycle.  
 
     In addition to using a reduced number of sensors, 
our CNN and LSTM based model can learn features from 
IMU sensors' raw data, which removes the complexity of 
feature extraction [8]. We also proposed an ensemble 
method of the deep learning model technique that 
outperforms all the single machine learning models and 
improves the angle estimation accuracy. 
 

VI. FUTURE WORK 

 
           In this work, we only consider walking from the 
treadmill. To evaluate our proposed approach's efficacy, we 
have to consider more complex walking scenarios, i.e., such 
as over-ground walking, stair climbing, and walking on the 
ramp. In our ensemble network, we take the average for 
each of the models. However, providing proper weight on 
the joint angle on a specific model can improve the results 
further. For example, five single models have a six-
coordinate angle prediction. So, we can use thirty different 
weights on the average ensemble block to get the final 
output. This weight can be found using a genetic algorithm.  
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