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intention detection, and human joint trajectory prediction, which is the focus of this
study. This research compares three machine learning algorithms—MLP, CNN, and
random forest—for predicting future knee gait angles using data from a single IMU
sensor. The MLP model outperformed the other two, achieving the lowest RMSE of
0.0109, compared to 0.0174 for the random forest model and 0.0501 for the CNN.

Keywords: Additionally, the MLP model had a lower execution time than the CNN model. Although
Machine learning, gait, trajectory the random forest model had the fastest execution time, its large model size was
prediction impractical.

1. Introduction

Lower limb rehabilitation is a very relevant topic for the clinical field. It deals with patients with
motor dysfunction, which could be caused by several common factors such as spinal cord injuries or
strokes [1,2]. Exoskeletons for rehabilitation systems mainly aim to either help the patient regain
their motor abilities or to constantly provide partial assistance to individuals to prevent muscle decay
over time [2,3]. However, this has proven to be a rather complicated task since it involves interaction
between the robot, the human impaired individual, and the environment, which is a task filled with
many uncertain parameters. Therefore, recently, many researchers have explored the impact of Al
algorithms to aid with such tasks as it has been shown in different engineering fields [4,5]. In
summary, Al helps in one of four ways: Locomotion Classification (LC), Intention Detection (ID), Robot
Control (RC), and Human Joint Trajectory Prediction (HJTP) [6]. To achieve these, machine learning
models such as Reinforcement Learning and Neural Networks have been experimented with the most
[6]. Training machine learning models requires datasets that, for example, refer to the gait cycle of
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human subjects. The data acquired was mostly gyroscopic readings, inertial readings, and EMG
readings [7-12]. The focus of this research is HITP.

Mohamed et al [13]. developed MLP and CNN models that intake IMU readings to predict future
gait parameters on foot and compared the results to those of an LSTM neural network. The models
were tested on a microcontroller, and the runtime of each model was measured, which benefits
system compactness. Both models achieved a 0.98 correlation coefficient when the current gait
phase was included, compared to 0.973 and 0.945 for CNN and MLP, respectively, and achieved 2.4
ms and 142 ms execution time on the microcontroller.

Wang et al [7]. proposed a data augmentation algorithm that is GANs-based (Generative
Adversarial Networks). This was developed to enhance data acquisition usability since it is difficult
and costly to conduct gait dataset acquisition. The experiments were done on 5 healthy individuals,
and the data was extracted via an infrared optical motion capture system retrieving the position
coordinates of each of the 6 markers placed on the human legs (3 per leg). The LSTM neural network
was fed both raw data and augmented data, and the future gait trajectory and prediction metrics
were compared.

Bian et al [14]. constructed a method for future joint angle prediction using only kinematic values.
Data acquisition took place from IMU sensor readings and an optical motion detection system. The
future angles were predicted by the machine learning model that consists of a stacked LSTM neural
network. The prediction time is 10 ms ahead with an average mean square of 5.3 degrees and a
coefficient of determination of 0.81.

This study aims to construct and compare machine learning algorithms for future knee gait angle
prediction using the least number of mounted sensors. During this research, only one IMU mounted
on the subject’s thigh is utilized to capture the motion dynamics fed to the Al models. MLP, CNN, and
random forest models are chosen for training on the selected dataset, and their performance is
compared against each other.

2. Methodology
2.1 Utilized dataset

For this research the dataset developed by Santos et al [15] was used to implement future gait
angle prediction. The experiments were conducted on 25 healthy individuals aged 18 to 47 years.
Each participant had a band attached containing an IMU and a microcontroller. The IMU was used to
collect the inertial and gyroscopic data from the human leg's thigh. Additionally, an optical motion
detection system was utilized with 47 reflective markers fixed on predetermined positions on the
participants' bodies with consistency for all individuals, as indicated in Error! Reference source not
found.(a) [15]. Five of the reflective markers were placed on the band that holds the IMU in position.
The optical system records the three-dimensional trajectory for each reflective marker. The trials
were conducted so that each participant walked at their normal walking speed in a straight line for 5
meters. The marker position trajectories and IMU readings were synchronized and concatenated by
frames. The sampling frequency for the recording was set to 100Hz.
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Fig.1 (a) Reflective markers positions [15], (b) World frame and band frames [15]

The optical data was labelled and filtered, then imported into MATLAB [16] to be available for
retrieval and analysis using MoCap Toolbox [17]. Error! Reference source not found.(b) illustrates
the world frame, where the X-axis is the walking direction. The IMU values were acquired by the
microcontroller ESP8266, and the data was then saved in CSV files on a computer. Each subject
performed 5 trials for each leg side per day for 2 days, totalling 20 samples.

2.2 Dataset Preprocessing
2.2.1 Calculating knee angle

The prediction of future knee angles is essential for later control purposes, which is the angle

between the thigh and shank. The leg side on which the band containing the IMU was installed is
determined by comparing the reflective markers' y-axis coordinates on the band with the reflective
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markers installed on the left and right legs.
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Fig. 2(a, b) shows a sample of the markers plotted in two different frames from one of the user’s
experiments. The chosen markers of the thigh and shank lines are represented in
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Thigh vector

Q
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(a) (b) (c)

Fig. 2(c). The angle between the thigh and the knee for each leg can then be calculated by
performing the dot product between the presented two vectors.
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Fig. 2 (a) User01 Day 1, 200th frame's markers plot from MoCap, Matlab (b) User01 Day 1, 250th frame's
markers plot from MoCap, Matlab MoCap, Matlab (c) Thigh and shank vectors with markers designated
labels

thigh shank
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2.2.2 Preparing the dataset

A moving average filter [18] was used to smooth out the IMU readings to counter the inertial
drift, the equation used is.

p
1
2(n) = m; x(n = j) 2)

Where, P is window length, x is the IMU values, n is the sample number, and 0 < j < P. The data
was then normalized using z-score normalization so that the mean is zero and the standard deviation
is one.

2.3 Machine Learning Models Construction

As aforementioned, the purpose of the machine learning models is to predict future gait knee
angles to compensate for control delay. Fig.3(a) illustrates normalized knee angles with sample
number, which was calculated from the markers as elaborated before. The input window (in red) to
the model is the past five samples including the current values. Where, each sample includes all six
IMU readings (three accelerometer readings and three gyroscope readings). The model output
predicted values (in blue) would be the consequent ten future knee angle samples. The input and
output windows are shifted one time step forward for each iteration, which can be designated as a
moving window with respect to time as illustrated in Fig.3(b). The dataset was designed to feed the
model in a moving window manner to emulate the operation of the control loop during the real-life
process.
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2.3.1 Multi-layered perceptron model (MLP)

MLP is the most commonly used neural network model for knee rehabilitation purposes such as
gait classification, parameter prediction, and control. This is due to its non-complexity compared to
other deep learning models, yet it yields good results [6]. An MLP model is a network that connects
input and output parameters, describing the relation between them with nodes known as neurons
and weights connecting the nodes. Two main operations are involved in training the model: forward
calculation of output based on input data, and backward propagation, which updates the weights
values based on the predetermined cost function [19]. Fig.4 illustrates the developed MLP
construction. The input to the model is 35 values representing five samples, where each sample is
composed of six IMU readings and the corresponding calculated knee angle. The model has four
hidden layers, two batch normalization layers, and one dropout layer. The activation function for all
hidden layers and the output layer is a linear activation function, which was chosen since it preserves
the negative values that comprise many of the dataset’s values. The cost function is mean absolute
error.
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Fig.4 chosen MLP construction diagram

2.3.2 Random forest

A decision tree is another algorithm used in classification as well as regression tasks [6]. One
implementation of the decision tree algorithm is the random forest model, which overcomes decision
tree limitations such as overfitting. It is built by bootstrapping the dataset, which selects samples for
training randomly. Decision trees are created using the bootstrapped data and random variables.
This process is repeated for a specified number of trees, and the results are decided by voting among
the created trees. For this research, a random forest model consisting of 100 decision trees was
created.

2.3.3 Convolution neural network (CNN)

CNN is another model used in the field of gait prediction and lower limb exoskeleton system
control in general [7]. CNN is a more complex machine learning model that utilizes convolution layers
to extract features from the data by training, as well as including fully connected layers like in MLP
[20]. The shifting window input to the CNN model and its output are the same as the MLP model. The
construction of the CNN model is provided in Fig. 5. The model consists of 3 convolution layers, 2 max
pooling layers, 2 dropout layers, 1 flatten layer, 2 fully connected dense layers, and the output layer.
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Fig. 5 chosen CNN construction diagram

2.3.4 Utilized evaluation methods

Since these models predict continuous values and this isn’t a classification problem, the chosen
evaluation metrics are [21,22]:

e Mean absolute error (MAE)

1 n
MAE = EZ 1|@acual - Qpredi“ed| @
l=

MAE measures the average of residuals in the dataset, which is the average of the absolute
difference between actual angles and predicted angles.

e Root mean squared error (RMSE)

1 2
RMSE = EZ 1(@i,acual - Qi,predicted) (4)
1=

RMSE measures the square root of the mean squared error, which measures the standard
deviation of the residuals.

e Coefficient of determination (R?)

2
N ?—1(@acual - @predicted ) (5)

R?=1 —
?—1(0acual - @acual )2
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The coefficient of determination explains how well the predicted values explain the variation in
the actual values. A value of R? = 0 means the model always predicts the mean value, while a value
of R? = 1 means the model perfectly predicts the variation in the data.

e Pearson correlation coefficient (CC)

CC =1-— COU(Qacual' Qpredicted) (6)

O-@acual O-@predicted

The Pearson correlation coefficient is a measure of how two variables form a linear relationship.
It is computed by calculating the ratio between the covariance of the actual and predicted angles and
the product of their standard deviations.

3. Results

The models were run using Python 3.7 on a workstation (GPU RTX 3060 Tl, 48 GB RAM, CPU intel
i5-10400F). The code was run with Spyder IDE in Anaconda. For the MLP and CNN, the training took
place over 1000 epoch. Table 1 shows the comparison between the performance of the different
studied models.

Table 1
Evaluation metrics, MLP vs Random Forest
Metric MLP Random Forest CNN
MAE 0.0088 0.011 0.0374
RMSE 0.0109 0.0174 0.0501
R2 0.99 0.97 0.99
CC 0.98 0.98 0.99
File size 170 KB 2.4GB 385 KB
Execution time | 0.135 seconds 0.006 seconds 0.1579 seconds
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Fig.6 (a, d) MLP prediction against testing angles for 100 samples and 10 samples, (b, €) random forest prediction
against testing angles for 100 samples and 10 samples, (c, f) CNN prediction against testing angles for 100 samples
and 10 samples respectively

4. Conclusions

The results show that the MLP model was superior to Random Forest and CNN in terms of
accuracy; it had the least error and the highest coefficient of determination and correlation
coefficient. Additionally, the MLP model had a quicker execution time and a smaller model size on
file compared to the CNN. The Random Forest model's execution time was much quicker than both
the MLP and CNN models. However, since the tree size corresponds to the dataset size, the file size
became large, which is not ideal for practical use.
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