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Abstract: Knee orthosis plays a vital role in enhancing the wellbeing and quality of life of individu-
als suffering from knee arthritis. This study explores a machine-learning-based methodology for
predicting a user’s gait subphase using inertial measurement units (IMUs) for a semiactive orthosis.
A musculoskeletal simulation is employed with the help of existing experimental motion-capture
data to obtain essential metrics related to the gait cycle, which are then normalized and scaled. A
meticulous data capture methodology using foot switches is used for precise synchronization with
IMU data, resulting in comprehensive labeled subphase datasets. The integration of simulation re-
sults and labeled datasets provides activation data for effective knee flexion damping following
which multiple supervised machine learning algorithms are trained and evaluated for perfor-
mances. The time series forest classifier emerged as the most suitable algorithm, with an accuracy
of 86 percent, against randomized convolutional kernel transform, K-neighbor time series classifier,
and long short-term memory—fully convolutional network, with accuracies of 68, 76, and 78, respec-
tively, showcasing exceptional performance scores, thereby rendering it an optimal choice for iden-
tifying gait subphases and achieving the desired level of damping for magnetorheological brake-
mounted knee orthosis based on simulated results.

Keywords: knee orthosis; inertial measurement unit; machine learning

1. Introduction

Osteoarthritis (OA) is a common form of arthritis categorized as primary or second-
ary, typically involving pain and restricted joint movement. Its clinical presentation can
vary from asymptomatic to debilitating and persistent [1]. Gait encompasses the coordi-
nated movement of limbs during activities like walking and running. It involves the inte-
gration of multiple body systems, including musculoskeletal, nervous, and cardiovascu-
lar. The study of gait is valuable in fields like biomechanics, physical therapy, and reha-
bilitation, enabling insights into movement mechanisms and the detection of abnormali-
ties or impairments impacting mobility [2]. Patients experiencing long-term osteoarthritis
exhibit notable alterations in their usual gait pattern, including heightened external rota-
tion, decreased articulation speed, and abnormal stance phase flexion that inadequately
supports proper weight bearing [3]. A knee orthosis (KO) coupled with some damping
mechanism is a relatively new concept, and the use of a magnetorheological (MR) brake
is a promising application [4]. One of the major challenges is to devise a mechanism to
significantly increase the mechanical advantage while keeping the weight of the device to
a minimum by the use of a compact, lightweight gear reduction system. Significant ad-
vances have been made in the field of material sciences, and composites even pose me-
chanical strength for the knee joint [5]. The knee moment is the force exerted on the knee
joint during the gait cycle. Deviations from normal knee moment patterns can indicate
potential mobility issues and biomechanical abnormalities. Increased knee moment can
contribute to knee injuries and affect mobility and quality of life. Conversely, decreased

Appl. Sci. 2023, 13, 10807. https://doi.org/10.3390/app131910807

www.mdpi.com/journal/applsci



Appl. Sci. 2023, 13, 10807

2 of 20

knee moment may lead to instability and reduced force transmission, impacting gait pat-
terns and mobility. Assessing knee moment and its relationship with gait provides valua-
ble insights for guiding treatment and rehabilitation strategies to address specific gait ab-
normalities and improve overall mobility [6].

Machine learning, a subset of artificial intelligence, is focused on enabling computer
systems to improve their performance on specific tasks without being explicitly pro-
grammed. This field involves the utilization of algorithms that learn from data through
mathematical and statistical methodologies, allowing them to recognize patterns and re-
lationships. By leveraging these acquired patterns and relationships, machine learning al-
gorithms can make predictions, uncover hidden insights, and accomplish various tasks.
[7]. Gait subphase detection entails the utilization of machine learning techniques to iden-
tify and categorize various subphases within the gait cycle. These subphases are specific
windows of time where the detection and activation of the MR brake occur to control knee
flexion and assess knee stress based on the knee moment parameter. By analyzing gait
data using machine learning algorithms, it becomes possible to automatically recognize
and distinguish various subphases, such as heel strike, toe-off, swing phase, and stance
phase, among others. This approach provides a more precise and comprehensive under-
standing of gait patterns, offering potential advancements in areas like clinical assessment,
rehabilitation, and biomechanical research involving human movement [8]. C. Prakash et
al. described a unique method for identifying gait phases by utilizing an optical approach
with passive markers. It uses fuzzy logic to automatically recognize different subphases
of gait, resulting in a precise and reliable measurement useful for analyzing gait abnor-
malities in patients and for the use in the development of control strategies for active
lower-extremity prosthetics and orthotics [9]. Taborri et al. proposed a distributed classi-
fier for gait phase detection in an active knee orthosis for pediatric subjects with neuro-
logical diseases. The classifier utilizes a hierarchical weighted decision framework applied
to scalar hidden Markov models trained on kinematic data from the shank and thigh. Re-
sults show that the classifier based on angular velocities achieves higher sensitivity and
specificity. Utilizing additional linear acceleration data does not improve performance,
suggesting a need for a gait phase detection algorithm based on gyroscopes placed on the
shank and thigh for the orthosis implementation [10].

The objective of this study is to develop a methodology for identifying gait phases
and determining the activation level of a magnetorheological brake-mounted knee ortho-
sis based on simulated gait knee moment. The application of a time forest tree classifier algo-
rithm proves effective in accurately identifying gait phases, while the knee moment is obtained
through an OpenSim simulation of the gait. Foot switches are utilized to collect data for label-
ing and to determine the individual percentage gait share. Through this approach, the study
aims to provide insights into accurately identifying gait phases and quantifying the activation
level of the knee orthosis based on knee moment during simulated gait.

2. Musculoskeletal Simulation

OpenSim 4.4 (SimTK: National Institutes of Health (NIH), Bethesda, MD, USA) is an
open-source software developed at Stanford University for musculoskeletal simulation
and biomechanical modeling. It enables the creation of detailed models to study human
movement and assess joint movements, muscle forces, and energy consumption during
activities. It is widely used in biomedical engineering and biomechanics, offering valuable
insights into the effects of injuries, diseases, surgical interventions, and the design of pros-
thetics or therapeutic interventions [11]. The objective of the simulation is to perform in-
verse kinematics to obtain joint angles. With the results, inverse dynamics is performed to
obtain joint reaction forces and moments. The simulation utilizes existing motion capture
data for inverse kinematics, which is then combined with ground reaction force data
sourced online and associated with a generic model. The objective is to obtain a normal-
ized and scaled knee moment for one gait cycle, without requiring any experimental data



Appl. Sci. 2023, 13, 10807

3 of 20

Kne Flexion (Degrees)

input other than scaling the model to match the subject’s specific anthropometry (physical
dimensions), and the inertial parameters of the model are given in Table 1 [12].

Table 1. Model inertial parameters [12].

Moments of Inertia

Body Segment Mass (kg) X =% 77
Torso 34.2366 1.4745 0.7555 1.4314
Pelvis 11.777 0.1028 0.0871 0.0579

Right femur 9.3014 0.1339 0.0351 0.1412
Right tibia 3.7075 0.0504 0.0051 0.0511
Right patella 0.0862 0.00000287 0.00001311 0.00001311
Right talus 0.1 0.001 0.001 0.001
Right calcaneus 1.25 0.0014 0.0039 0.0041
Right toe 0.2166 0.0001 0.0002 0.001
Left femur 9.3014 0.1339 0.0351 0.1412
Left tibia 3.7075 0.0504 0.0051 0.0511
Left patella 0.0862 0.00000287 0.00001311 0.00001311
Left talus 0.1 0.001 0.001 0.001
Left calcaneus 1.25 0.0014 0.0039 0.0041
Left toe 0.2166 0.0001 0.0002 0.001

The simulation involves performing inverse kinematics on a scaled model of the sub-
ject’s musculoskeletal system. The output knee flexion is shown in Figure 1; it was cor-
rected for gait phase alignment and is scaled for one complete gait cycle.

N —/

46

55 64

Gait Percentage

e Knee Flexion Right Leg

73 82

Knee Flexion Left Leg

Figure 1. Simulated knee flexion of both legs

91 100

The process of inverse dynamic simulation encompasses 76 frames, which are captured
using motion capture techniques. In this process, force data associated with the leg-mounted
force plates, as shown in Figure 2, are obtained from the repository. These force plates provide
measurements of forces in the X', Y, and Z' directions, corresponding to the frontal, transverse,
and sagittal planes, respectively [13]. These techniques capture the subject’s movements by
strategically placing markers on their body to trace a complete gait cycle.
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Figure 2. Ground forces along different axes

To establish alignment between the knee flexion pattern simulated during the gait
and the designated zero state (representing heel strike Figure 3c), a phase shift is imple-
mented. The alignment process is shown in Figure 3 for synchronization between the sim-
ulated knee flexion and the defined starting state. The objective of inverse dynamics is the
determination of the forces and moments responsible for a particular motion, thereby eluci-
dating the muscular contributions underlying said motion. The attainment of these forces and
moments involves a methodical iterative solution of the system’s equations of motion. These
equations of motion encompass a comprehensive consideration of the kinematic characteris-
tics and mass attributes inherent in a model of the musculoskeletal system.

Stance Phase Swing Phase ——————————»

"
-

Heel strike Loading Mid-stance Terminal stance Pre-swing Toe-off Mid-swing Terminal swing
response
Double " Double
- —_—
-« Support — Single support ) Single support

Figure 3. (a) Gait phases; (b) nominal gait starting phase from simulation; (c) corrected gait starting phase.
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Utilizing the joint angles derived from the principles of inverse kinematics and in-
formed by experimental data pertaining to ground reaction forces, the resultant reactive
forces and moments acting upon each joint can be effectively calculated. Notably, this cal-
culation adheres rigorously to the imperatives of dynamic equilibrium and the constraints
imposed by the system’s boundaries [14]. The output in Figure 4 is the nominal output
from the simulation performed on the scaled musculoskeletal model, which is not cor-
rected for the phase shift of gait. A simple slicing of the data points and placing them in
the end position results in a phase-corrected gait cycle, as shown in Figure 5.
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Figure 4. Simulated knee output moments.
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Figure 5. Phase-shifted knee moments.

Further, the gait cycle is normalized for the moment and the output is shown in Fig-
ure 6. The inverse dynamics is performed in 76 different frames; therefore, the output has
76 data points. To scale them, the MATLAB curve fitting toolbox is used and an optimum
balance between preserving the profile and accuracy is reached by the use of a sum of the
sine curve, as shown by Equation (1), and selecting subsequent coefficients for both the
curves with the final moment profile in Figure 6.

y = a; sin(byx + ¢;) + azsin(byx + ¢;) + azsin( bsx + ¢3)
+ aysin(byx + ¢4) + assin(bsx + cs ) (1)
+agsin(bgx + ¢ ) + a;sin(b;x + ¢, )
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Figure 6. Normalized, phase-shifted, and scaled knee moments.

In this application, prioritizing the moment parameter associated with specific gait
subphases over knee flexion is more suitable. Figure 6 depicts knee moments throughout
the gait cycle and offers valuable insights for enhancing patient ambulation. This entails
engaging the orthosis brake to align flexion damping with the moment profile, offering
supportive assistance. The choice to eschew knee flexion as a braking parameter arises
from instances where knee flexion lacks consistent strain correlation. Additionally, cases
involving weight transfer to the contralateral knee may present lower flexion but height-
ened strain, further justifying the moment parameter’s preference.

3. Gait Phase Segregation and Percentage Share

IMU data acquisition involves the use of footswitch data acquired simultaneously
with two different IMUs’ angular displacement and acceleration of the right leg for label-
ing the gait phases. A frequency distribution analysis is performed on the labeled data
and an averaged gait percentage share is obtained. This helps to identify the share of each
gait subphase in one gait cycle and its relative importance, and is combined with the sim-
ulated knee moment. This acts as a marker for the time period when the knee joint is under
strain. The IMU Adafruit BNOOS85 is equipped with a 9-DoF (degrees of freedom) sensor
fusion algorithm, incorporating data from the accelerometer, gyroscope, and magnetom-
eter. Combining the data from multiple sensors provides orientation estimates that are
more accurate and reliable, effectively reducing the likelihood of a gimbal lock. Further-
more, it has autocalibration support, allowing continuous updating of calibration param-
eters to compensate for factors such as temperature variations or sensor aging. The sensor
is accompanied by a proprietary motion engine that utilizes the Mahony and Madgwick
sensor fusion algorithms. These algorithms estimate orientation by considering sensor bi-
ases, noise, and other characteristics, resulting in enhanced accuracy and stability. A nor-
malized gait cycle is obtained with a percentage share of each phase. Together, these two
sets of information are used to obtain the gait phase activation cycle with the correspond-
ing magnitude. Roll, pitch, and yaw associated with IMUs with units in degrees are col-
lected from the sensor’s onboard motion engine along with acceleration along the three
axes to make the model more generalized when analyzing actual gait, which has varia-
tions in data output from two IMUs mounted on the thigh and shin of the right leg (only
right leg is considered for data collection and testing) shown in Table 2.

The knee flexion is captured with a pair of IMUs mounted on the thigh and shin,
shown in Figure 7, with X1 and X2 denoting angular displacement along the transverse
plane, Y1 and Y2 denoting angular displacement along the sagittal plane, and Z1 and Z2
denoting angular displacement along the frontal plane.
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Table 2. Headers for data collection.

IMU-1 (Thigh) IMU-2 (Shin)
R1 P Y1 X1 Yu Z1 R2 P2 Y2 X22 Y22 y47)

> > > > > >
A o) (o) o) a (o)
a 0 o o o) o
e o, ) e, ) e,
=~ =T =< £ i i % = = 3 3 3
= g E =2 = s S g 2 . o o
s = &£ §8 § &8 § % £ § 8 38
ES) <= =) RS =
@ X < N @ * <N
8 > > > > >
&. X. % o x. o
2] » ) » ) »
VA
9 Y1
=
\/
/ ' IMUI (Thigh)
X1
. Y2
IMUI (Thigh)

& ‘—» IMU?2 (Shin)

B

IMU2 (Shin)

X2

Figure 7. IMU placement and axial description.

The use of four-foot switches, two for each leg mounted on the sole under the heel
and ball, is shown in Figure 8, toggling between active and inactive states, resulting in
permutations of 24 binary states. In a normal gait, seven distinct combinations are identi-
fied, excluding the standing-still condition where full feet support is present. Some mo-
mentary states are excluded, which arise during the transition from one phase to another,
and the remaining impossible states, which are not possible, are identified as shown in
Table 3, where the foot switches mounted on the left leg are labeled as Lio and Lo for the
ball and heel mounted switches, whereas R and Rz are the right leg ball and heel
mounted switches. The resolution of gait when segregated with foot switches causes some
of the gait to merge in a single state, as depicted in states 2, 4, and 13, whereas certain gait
phases are skewed and are identified by demarking them as starting and ending states, as
depicted in states 5 and 9. The dataset description is given in Table 4. The gait is divided
into seven different phases, which is shown in Figure 9.
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Figure 8. Foot switch placement.

Table 3. Ground truth table for foot switches and corresponding gait.

Possible States Lo Lo  Rw  Rx Gait Phase Description
1 0 0 0 0 - -
2 0 0 0 1 Intermediary between phases 1 and 2
3 0 0 1 0 3 State before terminal stance
4 0 0 1 1 2 Loading response and mid-stance
5 0 1 0 0 5 State before toe-off
6 0 1 0 1 - -
7 0 1 1 0 4 Terminal stance
8 0 1 1 1 # Lift-off
9 1 0 0 0 7 State before terminal swing
10 1 0 0 1 1 Heel strike
11 1 0 1 0 - -
12 1 0 1 1 - -
13 1 1 0 0 6 Toe-off and mid swing
14 1 1 0 1 - -
15 1 1 1 0 -
16 1 1 1 1 0 Full feet support

* Ignored transitional stage; # stage intermediary when walking from standstill condition.

Table 4. Dataset description.

Gait Percentage Gait Percentage Rounded Cumulative

Phase Data Points Including State 0 Excluding State 0 Value Value

0 42,498 15.299763

1 17,647 6.3531208 7.50071 8 8

2 75,138 27.050535 31.9368 32 40

3 26,308 9.4711793 11.182 11 51

4 20,936 7.5371982 8.89867 9 60

5 12,971 4.6697076 5.51322 5 65
56,676 20.404005 24.0897 24 89
25,595 9.2144912 10.8789 11 100

Total Excluding 0 state 235,271 100 100 100

Total Including 0 state 277,769
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Figure 9. Percentage share of gait phases from class 1 to 7.

The final objective of identifying the gait phase and finding the corresponding acti-
vation level for knee damping is achieved by averaging the moment associated with each
gait subphase, and a lookup table is generated, as shown in Table 5, for referenced damp-
ing. Figures 10 and 11 represent the moment associated with both knees.

Table 5. Mean and median activation for gait phases.

Gait Subphase 1 2 3 4 5 6 7
Mean Right Knee 0.425 0.656 0.108 0.130 0.570 0.596 0.477
Median Right Knee 0.423 0.683 0.106 0.082 0.587 0.599 0.477
Mean Left Knee 0.112 0.546 0.733 0.392 0.731 0.672 0.082

Median Left Knee 0.090 0.553 0.400 0.364 0.732 0.706 0.081

91
94
97
100

Gait Percentage
e Right Knee Moment = Average Right Knee Moment

Figure 10. Mean right knee moment associated with gait phases.
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Figure 11. Mean left knee moment associated with gait phases.

The mean time for one gait cycle ranges from 0.98 to 1.07 s [15]. The pace variation
occurs for each stride. An algorithm that can predict the next gait subphase by classifying
the present subphase and exploiting the Markov cycle nature of the controller gait is ideal
for knee flexion damping where the next gait subphase can be known if the present sub-
phase is identified.

Table 5 shows the mean and median brake activation corresponding to each gait
phase. This is independent of the method used for damping the knee flexion. For this ap-
plication, the damping is achieved by the MR brake-mounted knee orthosis; any other
system devised for arresting the flexion of the knee can leverage the same data.

4. Machine Learning Algorithm for Gait Phase Identification: Training, Evaluation,
and Results

For this application, four different machine learning algorithms are tested with the
system specifications given in Table 6. The time series forest classifier offers interpretabil-
ity through its decision-tree-based approach. ROCKET provides computational efficiency
by leveraging optimized matrix operations and random convolutional kernels. LSTM-
FCN combines LSTM and fully convolutional networks to capture long-term dependen-
cies in time series. K-nearest neighbors is valued for its simplicity, flexibility, lack of a
training phase, resilience to noise, and adaptability to various time series classification
tasks. Evaluating and comparing these classifiers on a case-by-case basis is important, con-
sidering dataset characteristics and problem specifics, to determine the most suitable
choice for a given time series classification scenario [16,17].

Table 6. System and GPU specifications.

System RAM 12 GB
System storage 78.2 GB
GPU NVIDIA Tesla T4 16 GB GDDR6
Cores 2560
Bus width 256 bits

4.1. Time Series Forest Classifier (TSFC)

Kane et al. [18] showcased the comparative advantage and enhanced predictability
of random forest for the prediction of H5N1 influenza over other state-of-the-art machine
learning algorithms. An enhanced version of this algorithm, coined the hybrid random
forest, was used to classify the home appliances in the household by their profile of har-
monics in the current draw, which resulted in better results when time series data were
fed in as parameters, wherein it performed better than other time series algorithms [19].
For the time series forest classifier (TSFC), the availability of labeled data for subphases of
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gait assists in the model’s supervised learning, and the random forest’s inherent ability to
act as a classifier and a predictor makes it a viable choice [20]. Deng et al. [21] modified
the intervals of data augmentation with a replacement that makes it a bare form of an
HIVE-COTE algorithm.

The hyperparameter for the time series forest classification is based on the data type,
computational resources available, and output efficiency, as shown below.

4.1.1. Number of Features

The dataset created has 12 different features that correspond to absolute orientation in
degrees and acceleration associated with two IMUs. The acceleration data are requisite for
stable prediction, and the absolute orientation is to counter the long-term deviations incurred
as it uses the output from the onboard fusion engine in the Adafruit BNOOS85 chipset.

4.1.2. Number of Estimators

It defines the number of decision trees comprising the forest. For this application, 195
estimators were used to balance computational cost and acceptable results through ran-
dom search.

4.1.3. Maximum Depth

The value for the maximum depth was chosen to be 10. This provides optimal per-
formance in this application. Higher depth helps to capture the more intricate relationship
of orientation data but increases the risk of overfitting. Given the variation in data, a
tradeoff is achieved by avoiding the overfitting of the model.

The performance of the time series forest classifier (Figure 12) is evaluated with 1000
support variables associated with the right leg. Figure 13 shows the corresponding confu-
sion matrix of the true and predicted classes.
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Figure 12. Time series forest classifier architecture.
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Figure 13. Confusion matrix for time series forest classifier.
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The overall accuracy of the model is 0.86 for support of 1000 occurrences in the class.
The weighted average precision is 0.86. Recall is 0.86 and F1-score is 0.86, as shown in
Table 7. The recall and F1-score of class 5 are very poor, which can be attributed to the
minuscule number of data points associated with its 5% gait percentage share, as shown
in Figure 9. Class 0 corresponds to all the activities that are irrelevant during dataset cre-
ation with no activation required.

Table 7. Evaluation metrics for time series forest classifier.

Class Precision Recall F1-Score Support

0 0.39 0.47 0.42 15

1 0.86 0.86 0.86 71

2 0.96 0.94 0.95 332

3 0.86 0.92 0.89 107

4 0.90 0.94 0.92 87

5 0.71 0.16 0.26 64

6 0.78 0.94 0.85 230

7 0.87 0.82 0.84 94
Accuracy 0.86 1000
Macro Average 0.79 0.76 0.75 1000
Weighted Average 0.86 0.86 0.86 1000

In Figure 14, the importance of each feature is represented by corresponding to the
effect it has in the decision tree during the selection of decision boundaries and classifica-
tion. Here, the R2, which is associated with the “roll” of IMU mounted on the shin, affects
the decision making twice as much in comparison to the roll of IMU mounted on the thigh.
The “yaw” values are marginally insignificant for any decision making and can be corrob-
orated with physical play of the leg where gait causes insignificant locomotion in the
frontal plane.

R2

R1

711

Features

Pl

x11

Y11

Y22

Y1l

Y2

I T T T T T
0.00 0.05 0.10 0.15 0.20 0.25
Feature Importance Score

Figure 14. Visualization of important features.

The correlation matrix in Figure 15 provides valuable insights into the relationships
between all the variables within the dataset. The correlation coefficient for the model out-
put ranges from -1 to +1 and quantifies the degree of correlation, where values close to -1
indicate a strong negative correlation, values close to +1 indicate a strong positive correla-
tion, and values near 0 imply no correlation. Strong positive correlations among R1 and
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R2 depicting the roll of IMUs 1 and 2 suggest that as one variable increases, the other tends
to increase as well, which is physically evident as gait involves flexion of the knee in con-
junction with two IMUs. A similar trend is observed for the pitch and yaw associated with
both IMUs. Also, there is a positive correlation, 0.4, of R1 (roll of IMU1) with Z22 (accel-
eration along Z direction for IMU2), indicating an accelerated movement of the shin
(IMU2) when the thigh (IMU1) has increased in roll value along the sagittal plane. Strong
negative correlations imply an inverse relationship, which can be seen for R1 and P1; these
two are independent of each other to a large extent, with a value of —0.65. This information
is crucial for feature selection, as highly correlated variables may provide redundant or
overlapping information, and for this application.
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Figure 15. Correlation matrix for various features.

Furthermore, the correlation between features and the target variable provides insights
into feature importance and predictive power, and variables with higher correlations to the
target variable may have stronger predictive capabilities, making R1 and P1 more crucial, fol-
lowed by Z22 and X22, thereby impacting model interpretability and performance. It is essen-
tial, however, to remember that correlation does not denote causation, as a high correlation
between two variables does not necessarily imply a causal relationship.

4.2. Randomized Convolutional Kernel Transform (ROCKET)

The fast execution time and great accuracy of ROCKET (randomized convolutional
kernel transform) in comparison with other state-of-the-art ML models make it a viable
option [22].

4.2.1. Hyperparameter Selection

The prominent selection is of the kernel as it uses conventional CNNs with default
settings in the beginning for its length, bias, padding, dilation, and, finally, weights. The
two kernel choices are made after successively increasing numbers, one with 400 and the
other with 450 kernels, considering the computational resources available. The penaliza-
tion of the linear classifier for complexity in ROCKET is controlled by the “regularization
parameter”. A higher value for this regularization parameter can avoid overfitting, but at
the same time, the classifier is less accurate. Stride length controls time series application
convolutional kernels. Stride and features have an inverse relationship: a higher value of
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stride will result in fewer features, with the added advantage of a more robust classifier
to noise [22].

4.2.2. Performance

For this application, the ROCKET classifier algorithm underperformed, and its de-
scription is shown in Tables 8 and 9, and Figure 16.

Table 8. ROCKET classifier accuracy for different kernel sizes.

Parameter Kernel Count Accuracy
1 400 0.656
2 450 0.699

The imbalance of class inherent to the gait dataset is the possible cause of the reduced
accuracy of the model. Further increase in the kernel count does not result in significant
improvement, and even though training time is less, this algorithm is not suited for im-
balanced classes.

Table 9. Evaluation metrics for ROCKET classifier.

Class Precision Recall F1-Score Support

0 0.42 0.33 0.37 15

1 0.71 0.62 0.66 71

2 0.74 0.89 0.81 332

3 0.45 0.42 0.44 107

4 0.81 0.53 0.64 87

5 0 0 0 64

6 0.75 0.95 0.83 230

7 0.78 0.64 0.7 94
Accuracy 0.71 1000
Macro Average 0.58 0.55 0.56 1000
Weighted Average 0.66 0.71 0.68 1000

250

200

150

True label

100

50

Predicted label

Figure 16. Confusion matrix for ROCKET classifier.

Classification of gait subphase 5 results in absolute failure associated with inherent
minimal gait percentage share similar to the time series classifier, only worse.
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4.3. K-Neighbor Time Series Classifier (KNTSC)

The K-neighbor time series classifier (KNTSC) is most widely used as a performance
benchmark for classification where dynamic time warping is used in conjunction with one
nearest neighbor. The Euclidean distance metric is used for this application [23].

Performance

The choice of window size for data input is critical due to the presence of sparsely dis-
tributed IMU outputs in certain gait subphase data. When using large windows, noise can be
introduced by combining multiple data rows, while small windows may result in significant
feature loss. Despite the computational cost, the overall performance remains acceptable. For
classes 6 and 7, the features used for training the model might not be sufficiently informative
or discriminating, which causes the model to not capture the underlying patterns in the data
well, and means that the model might not be able to distinguish between classes effectively.
The performance of this classifier is shown in Figure 17, Tables 10 and 11.

300
250
200

150

True label

100

50

Predicted label

Figure 17. Confusion matrix for K-nearest neighbor algorithm.

Table 10. K-neighbor time series classifier accuracy for different neighbor counts.

Parameter Neighbor Count Accuracy
1 1 0.7690
2 5 0.7880
3 7 0.7920

Table 11. Evaluation metrics for K-neighbor time series classifier.

Class Precision Recall F1-Score Support
0 0.36 0.33 0.34 15
1 0.76 0.76 0.76 71
2 0.92 0.95 0.93 332
3 0.84 0.74 0.79 107
4 0.85 0.95 0.90 87
5 0 0 0 64
6 0.67 0.92 0.78 230
7 0.71 0.48 0.57 94
Accuracy 0.79 1000
Macro Average 0.64 0.64 0.63 1000

Weighted Average 0.75 0.79 0.76 1000
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4.4. LSTM-FCN Classifier

Karim et al. [24] used a fully convolutional network (FCN) in conjunction with LSTM,
which resulted in significant improvement in the time series classification of multivariate
data. The major concern with LSTM-FCN architecture (Figure 18 and Table 12) is to have
a tradeoff between computational complexity and required accuracy. The number of
seven classes is fixed and the length of time series data can be varied. The model has
267,496 parameters, of which 266,472 are trainable and 1024 are nontrainable. They are
associated with the convolutional and normalization layers, the weights of which are de-
sired to be pivoted. The model performed better than ROCKET and KNTSC, but the pre-
cision and recall for the fifth class were still very poor. The accuracy converged to a value
of 0.78, and further change in the LSTM size and other parameters did not result in signif-
icant improvement in the results. The large parameters and complex architecture make
LSTM-FCN for this application not suitable for deployment. The performance of this clas-
sifier is shown in Figure 19, Table 13.

Output Shape Param #
input_1 (InputLayer) [(None,
convld (ConviD) (None, ’ ) 5 'input_1[@][@] ']

batch_normalization (BatchNoxrm (None, : 1 ['convid[@][0@]']
alization)

activation (Activation) (None, ['batch_normalization[@][@] ']
convld_1 (Convi1D) (None, 6) 164096 ['activation[@][@] ']

batch_normalization_1 (BatchNo (None, , 256 1024
I zation)

['convid_1[0][0]']

activation_1 (Activation) (None, ['batch_normalization_1[@][0]']

convld_2 (ConvlD) (None, ['activation_1[0@][@]"]
permute (Permute) (None, 1, 12) ['input_1[0][@]"']

batch_normalization_2 (BatchNo (None,
rmalization)

['convid_2[0@][@]']

1stm (LSTM) (None, 8 ['permute[@][0] "]
activation_2 (Activation) (None, ['batch_normalization_2[0][@]']

out (Dropout) NO '1stm[0] [0] ']

erage_poolingld (Glob
PoolinglD)

['activation_2[@][@]"]

concatenate (Concatenate) (None, 136 ['dropout[@][@]’,
'global_average_poolingld[0][@]

dense (Dense) (None, 8 ['concatenate[@][0] ']

Figure 18. LSTM-FCN classifier architecture.

Table 12. LSTM-FCN hyperparameters.

Learning
Rate
10 16  Cross-entropy Adam 0.8 8 0.001

Epochs Batch Loss Optimizer Dropout LSTM size
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Figure 19. Confusion matrix for LSTM-FCN classifier.
Table 13. Evaluation metrics for LSTM-FCN.
Class Precision Recall F1-Score Support
0 0.35 0.55 0.43 584
1 0.80 0.88 0.84 715
2 0.92 0.85 0.89 3262
3 0.73 0.77 0.75 759
4 0.86 0.77 0.81 894
5 0.38 0.10 0.15 493
6 0.78 0.88 0.83 2476
7 0.76 0.71 0.74 817
Accuracy 0.78 10,000
Macro Average 0.70 0.69 0.68 10,000
Weighted Average 0.79 0.78 0.78 10,000

Table 14 presents a comprehensive overview of the performance of the time series
classifiers. Among them, the time series forest classifier (TSFC) stands out as the most
suitable choice for gait identification applications, boasting an impressive accuracy of 0.86.
The TSEC classifier exhibits notable precision and recall rates, accompanied by a respect-
able Fl-score, thereby demonstrating its efficacy in accurately classifying gait patterns
while minimizing false positive results. It is worth noting that class 5, characterized by the
lowest percentage of gait samples at a mere 5%, is associated with a limited number of
data samples due to the constrained data transfer baud rate of 115,200. Consequently, the
fifth gait class consists of only a small number of samples, typically in the range of tens.
This scarcity of data adversely affects the classification performance, as evidenced by the
ROCKET and K-NTSC classifiers, both of which yield absolute scores of 0 for precision,
recall, and F1-score. Consequently, these classifiers are deemed unsuitable for practical
usage. The misclassification of class 5 in random forest to class 6 could be potentially tol-
erated for system deployment, as the difference in the activation level of knee moment
associated with these two for normalized value is 0.026, obtained from Table 5.
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Table 14. Performance metrics for classifiers.

Algorithm  Accuracy Precision Weighted Avg Recall Weighted Avg F1-Score

TSFC 0.86 0.86 0.86 0.86
ROCKET 0.71 0.66 0.71 0.68
K-NTSC 0.79 0.75 0.79 0.76

LSTM-FCN 0.78 0.79 0.78 0.78

Comparing LSTM-FCN and TSFC, it is evident that TSFC achieves higher perfor-
mance scores and exhibits computational feasibility during training, as well as ease of de-
ployment. However, in class 0, which encompasses non-gait-related data such as station-
ary conditions and abnormal activities, LSTM-FCN slightly outperforms TSFC. This mar-
ginal advantage of LSTM-FCN in class 0 can be attributed to its enhanced ability to extract
relevant features from the data.

A single gait cycle typically has an average duration of 0.98 to 1.02 s. Phase 5 therefore
averages approximately 50 milliseconds. Given the computations performed by the IMU
and the limited 115,200 baud rate for UART data transfer, the output data range from 2 to
15 data points per gait cycle. This imbalanced dataset cannot be equalized using conven-
tional methods such as undersampling, oversampling, or ensembling. Therefore, class
weighting is applied by assigning a higher weight to the class with fewer samples. Preci-
sion, recall, F1-score, and weighted average are used as performance metrics due to this
imbalanced distribution.

A knee orthosis brace assisted by a magnetorheological brake had been published in
our previous research [25], for which the gait phase identification and activation was pro-
posed. The orthosis has a metallic structure for the orthosis, and the flexion joint is modi-
fied to house a reduction gear mechanism coupled with an MR brake.

5. Conclusions

This study focuses on developing a machine-learning-based gait phase identification
methodology for flexion damping marked with simulated knee moment. The methodol-
ogy utilizes IMU data collected from two Adafruit BNOO085 sensors placed on the thigh
and shin. Foot switches are used for data acquisition and labeling, facilitating the capture
of activation patterns aligned with a normal gait. OpenSim, an open-source musculoskel-
etal simulation software, is utilized for simulation using existing experimental gait mo-
tion-capture data and reaction force data.

Inverse kinematic and inverse dynamic simulations are applied to derive important
metrics such as knee joint angle and knee moment, which are then normalized and scaled.
The synchronization of IMU and foot switch data through meticulous data capture meth-
odology enables the creation of comprehensive labeled subphase datasets. By integrating
simulation results with these datasets, activation data for knee flexion dampening are ob-
tained. Multiple supervised machine learning algorithms are trained and evaluated, with
the time series forest classifier displaying the most robust performance.

The work classifies the gait phases into seven different classes, as defined in Table 3.
In future work, the number of classes can be expanded by incorporating a pressure sensor
instead of a binary switch for phase segregation. Additionally, utilizing signal analysis
techniques such as thresholding and min-max cutoff can further segment the classes into
smaller portions. The current method employs a fixed activation level for each class, de-
rived from simulation. This necessitates the use of a smoothing function to transform the
output activation values from step signals to transient curves. However, this smoothing
process reduces the resolution of the activation signal. To address this issue, the same
simulation results can be applied with an increased number of classes, allowing for more
precise validation of the activation magnitude through moment output.

Furthermore, it should be noted that the overall accuracy of the time series forest is
86%, which may be insufficient for applications requiring more accurate predictions, such
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as gait abnormality detection. Additional training for abnormal gaits might be necessary.
Notably, the gait phase associated with class 5 is of particular interest, as it appears to be
a bottleneck in the existing hardware setup. The computation time is predominantly con-
sumed by the motion engine of the IMUs performing sensor fusion, resulting in an imbal-
anced dataset and poor predictability. It is worth highlighting that the activation of the
median right knee moment does not vary significantly between classes 5 and 6, ranging
from 0.580 to 0.599. Subsequent research should focus on enhancing data collection reso-
lution by increasing the number of IMUs and exploring alternative methods for marking
gait subphases. Furthermore, a wider array of machine learning models should be inves-
tigated. Practical implementation considerations include the deployment of an edge com-
puter with a well-designed controller system to facilitate real-world applications. In reha-
bilitation contexts, utilizing the variable braking capability of the MR brake can optimize
the rehabilitative process by gradually augmenting the brake profile based on each pa-
tient’s recovery progress.
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