
 

UWS Academic Portal

Predicting coordination variability of selected lower extremity couplings during a
cutting movement
Shao, Enze; Mei, Qichang; Ye, Jingyi; Ugbolue, Ukadike C.; Chen, Chaoyi; Gu, Yaodong

Published in:
Bioengineering

DOI:
10.3390/bioengineering9090411

Published: 23/08/2022

Document Version
Publisher's PDF, also known as Version of record

Link to publication on the UWS Academic Portal

Citation for published version (APA):
Shao, E., Mei, Q., Ye, J., Ugbolue, U. C., Chen, C., & Gu, Y. (2022). Predicting coordination variability of
selected lower extremity couplings during a cutting movement: an investigation of deep neural networks with the
LSTM structure. Bioengineering, 9(9), [411]. https://doi.org/10.3390/bioengineering9090411

General rights
Copyright and moral rights for the publications made accessible in the UWS Academic Portal are retained by the authors and/or other
copyright owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with
these rights.

Take down policy
If you believe that this document breaches copyright please contact pure@uws.ac.uk providing details, and we will remove access to the
work immediately and investigate your claim.

Download date: 23 May 2023

https://doi.org/10.3390/bioengineering9090411
https://uws.pure.elsevier.com/en/publications/19d120b3-8488-40c0-be0b-03366e51ba32
https://doi.org/10.3390/bioengineering9090411


Citation: Shao, E.; Mei, Q.; Ye, J.;

Ugbolue, U.C.; Chen, C.; Gu, Y.

Predicting Coordination Variability

of Selected Lower Extremity

Couplings during a Cutting

Movement: An Investigation of Deep

Neural Networks with the LSTM

Structure. Bioengineering 2022, 9, 411.

https://doi.org/10.3390/

bioengineering9090411

Academic Editors: Carmelo Pirri

and Nathaly Gaudreault

Received: 6 July 2022

Accepted: 19 August 2022

Published: 23 August 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

bioengineering

Article

Predicting Coordination Variability of Selected Lower Extremity
Couplings during a Cutting Movement: An Investigation of
Deep Neural Networks with the LSTM Structure
Enze Shao 1 , Qichang Mei 1,2 , Jingyi Ye 1, Ukadike C. Ugbolue 3 , Chaoyi Chen 1,* and Yaodong Gu 1,*

1 Faculty of Sports Science, Ningbo University, Ningbo 315211, China
2 Auckland Bioengineering Institute, The University of Auckland, Auckland 1010, New Zealand
3 School of Health and Life Sciences, University of the West of Scotland, South Lanarkshire,

Hamilton G72 0LH, UK
* Correspondence: chenchaoyi@nbu.edu.cn (C.C.); guyaodong@nbu.edu.cn (Y.G.)

Abstract: There are still few portable methods for monitoring lower limb joint coordination during
the cutting movements (CM). This study aims to obtain the relevant motion biomechanical parameters
of the lower limb joints at 90◦, 135◦, and 180◦ CM by collecting IMU data of the human lower limbs,
and utilizing the Long Short-Term Memory (LSTM) deep neural-network framework to predict the
coordination variability of selected lower extremity couplings at the three CM directions. There was a
significant (p < 0.001) difference between the three couplings during the swing, especially at 90◦ vs the
other directions. At 135◦ and 180◦, t13-he coordination variability of couplings was significantly greater
than at 90◦ (p < 0.001). It is important to note that the coordination variability of Hip rotation/Knee
flexion-extension was significantly higher at 90◦ than at 180◦ (p < 0.001). By the LSTM, the CM coordi-
nation variability for 90◦ (CMC = 0.99063, RMSE = 0.02358), 135◦ (CMC = 0.99018, RMSE = 0.02465)
and 180◦ (CMC = 0.99485, RMSE = 0.01771) were accurately predicted. The predictive model could be
used as a reliable tool for predicting the coordination variability of different CM directions in patients
or athletes and real-world open scenarios using inertial sensors.

Keywords: cutting movement; vector coding technique; inertial sensor; deep neural network

1. Introduction

After the central motor nervous system receives a command to change direction, the
body completes the cutting movements (CM). This is a common movement process, par-
ticularly in team sports such as basketball and soccer [1–3]. Additionally, it is a common
technique and tactic for athletes to use CM to deceive their opponents during the competi-
tion [4]. Therefore, individuals or teams execute effective CM amongst themselves, which
is crucial for both training and competitions [4–6]. Moreover, the completion of a successful
CM is a means of promoting positive results in competitions and a criterion for selecting
athletic talent [7].

In order to perform high-quality CM, the body conducts deceleration and acceleration
movements over brief intervals, generating high physiological and mechanical loads [8].
In particular, the knee valgus moment was higher during 90◦, 135◦ and 180◦ CM in men [9].
This may result in non-contact ligament damage to the knee and ankle joints [2,10–12],
such as anterior cruciate ligament injury of the knee [13], strain of the medial collateral
ligament of the meniscus [14] and ankle sprains [15]. In addition to affecting the knee and
ankle joints, CM places high demands on hip-joint function [16], and requires athletes to be
able to strongly extend their hips and withstand higher ground reaction forces. Research
shows [17,18], the efficient use of the hip joint during CM is crucial for relieving knee
pain and enhancing the lower extremity function. Notably, to perform body deceleration
braking and trunk redirection acceleration, an effective transition mechanism is required
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to prevent sports injuries and achieve high-quality CM [19]. To accomplish this, such a
transition mechanism requires coordination between the joints of the lower limbs [20,21].
Additionally, monitoring and adjusting the range of motion between joints effectively
prevent sports injuries [22–25]. Collaboration between the hip, knee and ankle joints will
promote dynamic stabilization and force generation in the legs, thereby optimizing the
CM transition mechanism [26]. Unfortunately, previous researchers have overlooked the
variability in the strategies and changes in movement patterns associated with CM [12].

Inter-joint coordination is a comparison of the relationship between two joint move-
ments, requiring the collection and scientific quantification of data from the corresponding
joints during the motion. The three primary methods that evaluate the coordination and
coordination variability of coupling behaviors are [27]: (1) discrete relative phase; (2) con-
tinuous relative phase, and; (3) vector coding. The discrete relative phase is often used to
evaluate the timing of key events in each of the angular profiles [28]. The relative phase
diagram approach combines information on joint angular position and velocity, which
is used to gain insight into the behavior of non-linear, limit cycle oscillatory systems in
engineering [29]. As a well-established technique for quantifying joint-coordination pat-
terns [30], the vector coding technique utilizes angle-angle maps to estimate coordination
measures and thus evaluate coordination variability.

Researchers typically rely on 3D motion-analysis systems and force plates to collect
kinematic and kinetic data on participants for measuring individual lower extremity joint
coordination [8]. However, factors such as high laboratory costs and limited spatial imple-
mentation prevent researchers from assessing the motor behaviors of populations such as
patients and athletes in clinical and exercise settings [31,32]. The wearable device can more
directly depict the biomechanical traits of the athlete in an actual situation than a lab test,
which is helpful for biomechanical analysis of complex movements [33,34]. The inertial
Measurement Unit (IMU), a sensor that combines gyroscopes, accelerometers, and mag-
netometers, is the primary tool for quantifying motion behavior [35]. Its benefits include
portability and wearability (via wireless transmission of real-time data), ease of operation,
simplicity of analysis, a wide range of application scenarios (underwater use with sealed
settings), energy efficiency (for long-term measurement work, such as marathon monitor-
ing), and adequate measurement range and sampling frequency. Simultaneously, it has
some technical issues, such as the lack of fit between the body and the device during exer-
cise, resulting in soft tissue artefacts due to shock during the test, which may compromise
the data’s accuracy [36]. Second, ferromagnetic disturbances can also result in outdoor
measurement errors [37]. In order to overcome the technical issues of IMU and improve the
data’s reliability, numerous studies have applied machine learning techniques to reduce
the IMU data’s acquisition error [38–40]. This type of method utilizes IMU-collected data
(as input features) to train and validate an algorithm that generates accurate predictions for
new data input [41].

Zago et al. [42] used machine learning and wearable sensors to predict the energy and
motion of CM, while a neural network structure method gave accurate results. Previous
research [43,44] investigated the coordination variability of the CM using a vector-coding
technique. Using laboratory equipment, we were unable to make real-time measurements
and calculations while athletes performed CM in an open environment. Consequently,
our research aims to use wearable sensors and combine them with a deep-learning model,
which will attempt to predict the coordination variability under three CM directions. By
examining the data on inter-articular coordination variability, the control of the locomotor
system during CM can be better understood. This information will support the creation of
assessment protocols for the motor rehabilitation of patients with ACL tears, ankle sprains,
etc., [34].
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2. Materials and Methods
2.1. Participants

We recruited 25 healthy male college students (all participants were male, age: 23 ±
2 years, height: 1.76 ± 0.05 m, weight: 70.62 ± 4.74 kg) from Ningbo University [9] who
exercised at least three times per week for 45 min on average per session. Before data
collection, participants were familiar with the CM experimental procedure. According to
the physician’s assessment, all participants had no exercise restrictions and a normal body-
mass index. There was no lower extremity or back musculoskeletal discomfort or injury
lasting more than one week, six months before participation in the trial, no history of lower
extremity or back surgery, and no current usage of foot orthotics. Ningbo University’s
ethics review committee approved this work (RAGH202203012707). Before participating,
all participants completed a written informed consent form.

2.2. Instruments

The Vicon 3D analysis system (Vicon Metrics Ltd., Oxford, UK) with eight infrared
cameras was utilized to acquire kinematic data of the lower limbs at 200 Hz. Vertical ground
reaction forces were measured using AMTI force plates (AMTI, Watertown, MA, USA)
at 1000 Hz. The CM’s speed was monitored during the test using a speed measurement
device (Smart speed, Fusion Sport Inc., Burlingame, CA, United States). Three inertial
sensors (Delsys Inc., Natick, MA, USA) were attached to the anterior calf, anterior thigh,
and L6 Vertebra, locations often utilized in portable testing [35]. Each participant was fitted
with 39 (12.5 mm diameter) reflective markers following the Opensim (Stanford University,
Stanford, CA, USA) Gait 2392 model [45]. Optical reflection markers were connected to
each participant’s anatomical landmarks in accordance with the Gait 2392 model, and the
placement of the markers was always performed by the same operator. Figure 1 depicts the
location of each marker during 3D motion capture.
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2.3. Procedures

For the testing, each participant wore matching, form-fitting shorts and shoes. Under
the guidance of a professional physical trainer, a 10-min warm-up was conducted. Prior
to beginning the formal experiment, the participant was permitted three practice runs to
familiarize himself with the test procedures. The reflex markers and portable sensors were
set up precisely in the appropriate positions for each participant. The sensors are attached
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directly to the skin with double-sided surgical tape and held in place with nylon straps,
which reduce data errors by minimizing soft tissue movement [46].

Each participant was instructed to stand parallel to the Y-axis of the force platform
with their hands naturally spread, palms facing forward, and looking forward until the
complete static pose was captured. Participants were subjected to a 6 m CM test to collect
kinematic and kinetic data in the laboratory. Before each test, the subject was instructed
to remain stationary at the starting position for three seconds (to facilitate control of the
accelerometer and calibration of the gyroscope to capture the start/stop phase of the
direction of motion). Participants accelerated by running on a 6-m track, placing their
right foot (with a heel-first hitting the ground strategy) entirely on the force platform for
braking, and then completing 90◦, 135◦, and 180◦ CM turns at the angles indicated by
the landmarks (Figure 1). In order to avoid the effect of proficiency on coordination [47],
participants were instructed not to perform two consecutive CMs in the same direction.
In addition, the participant must maintain a speed between 3.5 m/s and 6.5 m/s for each
CM [48]. All participants were required to implement the CM test three times in different
directions (9 practical experiments per participant). In order to avoid the effects of fatigue
on the variability of lower-limb joint coordination, participants were given a 1-min break
following each CM test [49].

2.4. Data Processing
2.4.1. Initial Data Processing

The Vicon Nexus 1.8.6 software was used to capture kinematic biomechanical param-
eters and exporting error-free data to c3d format files. Kinematic and ground reaction
force data underwent coordinate system conversion, low-pass filtering, data extraction,
and format conversion using MATLAB R2018b (The MathWorks, Natick, MA, USA). It was
filtered using a 6-Hz and 30-Hz fourth-order, zero-phase lag Butterworth low-pass filter for
marker trajectories and ground reaction forces. The Gait 2392 musculoskeletal model in
Opensim (Stanford University, Stanford, CA, USA) was used to calculate kinematic and
inverse kinetic parameters. The angle data were linearly interpolated to 101 data points,
with each point representing 1% of the stance phase (0–100%).

As an input feature, the stance phase of the right foot during CM was extracted from the
inertial sensor (Delsys Inc., Natick, MA, USA), as shown in Figure 1. Due to interference from
the field environment, the magnetometer data could not be utilized during data selection
for this experiment. Therefore, a total of 18 input features were collected. Smoothing of
data was achieved with a 15 Hz low-pass filter. The dataset was normalized so that all the
values were within the range 0–1, which was the way the neural network architecture was
adapted [50,51].

2.4.2. A Quantitative Approach to Coordination

There are various techniques for quantifying coordination variability [52], but the
techniques chosen should be based on the research questions. When participants perform
CM, the joint movements of their lower extremities exhibit a non-sinusoidal pattern (except
for the sagittal plane movements of the hip joint) [53]. However, Vector coding permits
tests with non-sinusoidal motion patterns and is therefore deemed more suitable for clinical
testing [49,54]. This technique was used in this study to quantify coordination variability
of selected lower extremity couplings: Thigh abduction-adduction/ Leg flexion-extension
(Thigh A/A-Leg F/E); Hip rotation /Knee flexion-extension (Hip R-Knee F/E); Knee
flexion-extension/Ankle rotation (Knee F/E-Ankle R). These couplings are the focal points
of patellofemoral joint-pain syndrome examination [48].

Using the vector-coding technique developed by Tepavac and Field-Fote and refer-
encing the interpretation of vector coding by Samaan MA et al. (2015) and Tepavac, D et al.
(2001) [49,55], we determined the joint coordination variability in this study. The calcula-
tions were performed with a custom MATLAB program (see the Appendix A for details of
the calculation procedure).
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2.5. Long Short Term Memory (LSTM) Network Algorithm Model

In this study, the 18 extracted features from the three IMU data exhibit properties such
as high nonlinearity and continuity, which are consistent with the analysis characteristics
of the recurrent neural network (RNN) models [56]. The RNN is an algorithmic model
devoted to predicting highly nonlinear data on time series, which introduces the concept of
neuronal networks to imitate human memory [57]. As an extension of the RNN algorithm,
Long Short-Term Memory (LSTM) has been used. It solves the gradient vanishing problem
in RNN algorithms, which can be trained to ensure that the gradient of the objective
function to the state signal does not entirely vanish [58].

The fundamental LSTM architecture includes two internal cell states, namely the hidden
layer state (ht−1) and the cell state (Ct−1), as shown in the equation below. (Equations (1)–(6))

ft = σsigmoid (Wf [ht−1, xt] + bf) (1)

it = σsigmoid (Wi [ht−1, xt] + bi) (2)

C̃t = tan h(WC [ht−1, xt] + bC) (3)

Ct = ft ×Ct−1 + it × C̃t (4)

ot = σsigmoid (Wo [ht−1, xt] + bo) (5)

ht = ot × tan h(Ct) (6)

Time is represented by the symbol t in the equation. At time t, the LSTM architecture
generates inputs and outputs. There are three inputs: the cell state Ct−1, the hidden state
ht−1, and the vector value xt of the input at time t. The basic framework has two outputs:
the cell state Ct and the hidden state ht. The activation function σsigmoid is employed.
ft is used as the forgetting gate’s value. The update gate’s output value (Ct) consists of
two components: it and C̃t. tanh is an activation function that normalizes input values
to −1 to 1. Together, Equations (5) and (6) constitute the calculation for the output gates.
Wf, Wi, WC, Wo and bf, bi, bC, bo, respectively, represent the weights and bias variables
of the three gates and a storage cell. The cell state Ct−1 will always be in the transmitted
state, as shown in Figure 2, which is a schematic representation of the LSTM structure’s
computation procedure. At this time, the hidden state ht and the input value xt are modified
for Ct and transmitted to the next instant. The structure of the gate in the LSTM changes
the information in the hidden state ht−1 and helps figure out the output. In general, the
cell-state information will be transmitted over the first line, the hidden-state information
will be transmitted over the second line, and the two lines will interact via the gate to
complete the calculation.
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In our study, we employ a three-layer LSTM network in our method. The input to
the network is a data series, which is a time series formed after the extraction of 18 fea-
tures using the sliding window method [59]. For each CM direction, 225 samples of CM
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were collected. Thus, the three-sensor-collected data set for each CM direction includes
675 sequence characteristics in total. The dataset was separated into a training set (70%),
a validation set (20%), and a test set (10%). In addition, distinct prediction models were
trained for each direction of CM (90◦, 135◦, 180◦). The coefficient of multiple correlation
(CMC) values and root mean square error (RMSE) was used to evaluate the prediction
accuracy of the model [50,60], with CMC values interpreted as perfect similarity (0.95–1),
very similar (0.85–0.94), moderate similarity (0.5–0.74), and poor similarity (0–0.59) [61].
RMSE values were utilized to evaluate segmental coordination prediction data, and actual
data error means.

2.6. Statistical Analysis

Using the Shapiro-Wilk test (SPSSs Inc., Chicago, IL, USA), a normal distribution
of the coordination variability and the vertical ground reaction forces in different CM
directions was determined. If the normal distribution was satisfied, a one-way repeated
measures ANOVA with one-dimensional statistical parametric mapping (SPM1d) was
performed. If the distribution is not normal, a one-way repeated-measures ANOVA with
one-dimensional statistical nonparametric mapping (SnPM1d) is performed [62]. In the
case of significant main effects (directions), Bonferroni adjustment was used to post hoc
paired comparisons of significant main effects (directions). SPM1d and SnPM1d were
statistically analyzed using a MATLAB open-source script (The MathWorks, Natick, MA,
USA). The significance level for each test was set to 0.05.

3. Results
3.1. Shapiro-Wilk

Using Shapiro-Wilk tests, the normality of the vector coding and vertical ground
reaction forces under the three CM directions was determined. Initial hypotheses suggested
that the sample did not significantly deviate from the normal distribution, i.e., it conformed
to the normal distribution. At the significance level of 0.05, (p < 0.05), the original hypothesis
was rejected, and none of the samples conformed to the normal distribution (Table 1).
Consequently, we employed SnPM1d for statistical analysis.

Table 1. The Shapiro-Wilk test for normality of vector coding values and vertical ground reaction in
three CM directions.

CM Direction (◦) Significance (p)

90◦ 0.012748
Thigh A/A-Leg F/E 135◦ 0.000870

180◦ 0.000436

90◦ 0.000119
Hip R-Knee F/E 135◦ 0.000002

180◦ 0.000003

90◦ 0.007998
Knee F/E-Ankle R 135◦ 0.000006

180◦ 0.000227

90◦ 0.000960
Vertical ground reaction force 135◦ 0.000756

180◦ 0.000327

3.2. SnPM1d

As shown in Figure 3, the principal effect of CM direction on the vertical ground
reaction force was significant and varied between 37–65% stride (p = 0.010) and 87–93.3%
stride (p = 0.030), respectively. By the variation of the peak vertical ground reaction
force during the CM, the CM can be roughly divided into the periods of initial contact
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(0–10% stride), foot flat (11–25% stride), swing (26–75% stride), and the end of the swing
(76–100% stride).
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Significant main effects were observed for Thigh A/A-Leg F/E, Hip R-Knee F/E, and
Knee F/E-Ankle R on the CM direction condition (Figure 4). A significant conditional
main effect (p = 0.010) of Thigh A/A-Leg F/E during foot swing (68–100% stride). A post
hoc paired test analysis revealed (Table 2) that the coordination variability was signifi-
cantly greater at 135◦ than it was at 90◦ during (68–100% stride) foot swing (p < 0.001).
The variability of foot coordination during (72–100% stride) swing was significantly greater
at 180◦ than at 90◦ (p < 0.001). There was no statistically significant difference between the
coordination variability at 135◦ and 180◦ (p > 0.05).
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Figure 4. (A) The coordination variability of Thigh A/A-Leg F/E; (B) The SnPM statistics comparison
of the coordination variability of Thigh A/A-Leg F/E; (C) The coordination variability of Hip R-Knee
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Table 2. Vector-coding coefficients, mean (standard deviation), and Post hoc test.

The Couplings Direction
(◦) Mean (SD) Max (SD)

Post Hoc Test

135◦ 180◦

Thigh A/A-Leg
F/E

90◦ 0.564
(0.019)

0.690
(0.014)

p < 0.001
(68–100% stride)

p < 0.001
(72–100% stride)

135◦ 0.588
(0.012)

0.699
(0.007) — p > 0.05

180◦ 0.575
(0.012)

0.697
(0.007) — —

Hip R-Knee F/E

90◦ 0.554
(0.020)

0.688
(0.008)

p < 0.001
(69–91% stride)

p < 0.001
(56–63% stride;
75–100% stride)

135◦ 0.575
(0.012)

0.697
(0.010) — p > 0.05

180◦ 0.575
(0.014)

0.697
(0.020) — —

Knee F/E-Ankle R

90◦ 0.543
(0.020)

0.685
(0.008)

p < 0.001
(72–100% stride)

p < 0.001
(77–100% stride)

135◦ 0.566
(0.016)

0.698
(0.006) — p > 0.05

180◦ 0.555
(0.016)

0.695
(0.017) — —

There was a significant conditional main effect of Hip R-Knee F/E during the later
stance (55–62% stride, p = 0.020) and foot swing of the foot (69–100% stride, p = 0.010), as
shown in Figure 4. An analysis of post-paired tests revealed (Table 2) that the coordination
variability was significantly greater at 135◦ than 90◦ during (69–91% stride) foot swing
(p < 0.001). The coordination variability was significantly greater at 180◦ than at 90◦ during
the foot swing (56–63% and 75–100% stride, p < 0.001). There was no statistically significant
difference between the coordination variability at 135◦ and 180◦ (p > 0.05).

There was a significant conditional main effect (p = 0.010) for Knee F/E-Ankle R
during foot swing (71–100% stride), as shown in Figure 4. A post hoc paired test analysis
revealed (Table 2) that coordination variability was significantly higher at 135◦ than at 90◦

during (72–100% stride) foot swing (p < 0.001). During the (77–100% stride) foot swing, and
the coordination variability was significantly greater at 180◦ than at 90◦ (p < 0.001). There
was no statistically significant difference between coordination variability at 135◦ and 180◦

(p > 0.05).

3.3. Performance of LSTM Model

The LSTM model performed well on the test set, with accurate predictions of the
coordination variability of the coupling with three CM feature inputs (e.g., Figures 5–7).

In the 90◦ CM prediction model, each layer of the LSTM contained 100 neural units. All
training samples were propagated forward and backwards in the neural network 600 times
(Epoch = 600), with a batch size of 1024 samples and a learning rate greater than 0.001. The
model accurately predicted the direction of 90◦ (CMC equal to 0.99063 and RMSE equal to
0.02358).

In the 135◦ CM prediction model, each layer of the LSTM contained 120 neural units.
All training samples were propagated forward and backwards in the neural network
700 times (Epoch = 700), with a batch size of 1024 samples and a learning rate greater than
0.001. The model accurately predicted the direction of 135◦ (CMC equal to 0.99018 and
RMSE equal to 0.02465).

In the 180◦ CM prediction model, each layer of the LSTM contained 120 neural units.
All training samples were propagated forward and backwards in the neural network
750 times (Epoch = 750), with a batch size of 1024 samples and a learning rate greater than
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0.001. The model accurately predicted the direction of 180 ◦ (CMC equal to 0.99485 and
RMSE equal to 0.01771).
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4. Discussion

In this study, an improved vector-encoding technique was used to examine the vari-
ability of lower-limb coordination in various CM directions. In addition, a deep-learning
prediction model, based on the LSTM structure and employing 18 sequence features cap-
tured by the IMUs, was developed. For predicting the coordination variability of the three
CM directions, we constructed a deep-learning architecture with three layers of LSTM.
Following the recommendation of previous research [63,64], we utilized the accelerometers’
raw acceleration data as feature data, which considerably aided our research (Figures 5–7).
The model predicts the coordination variability of three couplings in three CM directions
with accuracy. The significance of this work is that researchers can monitor the coordina-
tion variability of patients or athletes in different CM directions using portable sensors in
real-world open environments.

Researchers have used portable sensors and deep neural networks to investigate the
biomechanics of lower-limb movement, which has become a popular tool for motion moni-
toring and functional assessment [65–67]. In addition, this will facilitate the efficient and
accurate collection of valid feature data by researchers. In previous research, the disadvan-
tage of simple machine-learning models was that they could only fit predictions to linear
data with apparent features and was susceptible to generalized predictive error [68]. How-
ever, deep neural networks effectively learn nonlinear relationships in high-dimensional
data. They can train and predict dense time-series data collected by IMU with efficiency
and precision [69]. This study incorporated sensor data from three IMU as model features.
In terms of data performance, it was demonstrated that the LSTM deep neural network
model could achieve outstanding performance with a relatively small data set [70].

In terms of observing the coordination variability between the lower limb couplings
during CM, our results are consistent with other studies (within expectation CM) [44] and
demonstrates a high degree of coordination variability in each of the three CM directions.
Using the SnPM1d, we compared the disparity between the coordination variability of the
three CM directions. In addition, by observing the peak variation of the vertical ground
reaction force during the CM, we approximated the period of initial contact (0–10% stride),
the period of the flat-footed foot flat (11–25% stride), the period of the swing (26–75% stride),
and the end of the swing (75–100% stride). The coordinated variability of all three couplings
varied significantly between 0% and 25% stride (Figure 4), indicating that the body must
deal with stress loads during braking, and conduct a high level of coordinated action
between the joints. The “U” pattern of “high-low-high” with its complex coordination
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variability may result in the overuse of the lower extremity couplings, causing chronic
movement injuries in the lower extremity joints [48]. Notably, we did not find coordinated
deformable differences in the three different directions between 0% and 25% stride (e.g.,
Figure 4), so it can be assumed that whatever direction of CM may all have a high risk of
injury during this period [71,72]. In addition, during CM in heel-strike mode, the knee
joint plays a significant role, and the absorbed energy is redistributed and absorbed by the
knee extensors [73]. In light of this, the functionality of the knee joint is crucial at such high
mechanical intensities.

In this study, the variability of the three couplings during foot swing varied signifi-
cantly, particularly in the 90◦ direction compared to the other directions. Interestingly, there
was no significant difference between 135◦ and 180◦ in lower limb coupling coordination
variability. At the beginning of the swing phase, approximately 70% of the stride, a decreas-
ing trend in coordination variability was observed for the 90◦ CM in the Thigh A/A-Leg
F/E, Hip R-Knee F/E, and Knee F/E-Ankle R tests. Consequently, the coordination vari-
ability of all three couplings was significantly greater at 135◦ and 180◦ than it was at 90◦

(p < 0.001). This may be because the 135◦ and 180◦ CM require a more urgent completion of
the motor task per unit time, resulting in a coordination variability that persists at this stage.
In addition, since the 90◦ CM strategy is frequently employed in practical training, a certain
level of mechanical proficiency may facilitate the completion of the task via an economical
mode with low degrees of freedom [12]. Hip R-Knee F/E was discernible in the post hoc
comparison of CM at 90◦ and 180◦, with significantly greater coordination variability at 90◦

than at 180◦ (56–63% stride, p < 0.001). This contributes to our understanding that the high
coordination variability of the coupling during 180◦ CM may result in postural instability
and internal and external body harm [74,75]. During the initial swing phase of the 180◦ CM,
the couplings may demonstrate instability. Pathological manifestations include delayed
peak and the inability to maintain peak hip flexion during the swing phase to the stance
phase [76]. For the 180◦ CM, we must investigate further the biomechanical characteristics
of the initial phase of the lower-limb swing, comparing the expected and unintended cases
in particular.

Previous research on the coordinated variability of different motor strategies has
yielded inconsistent results [77,78]. A comparison test between professionals and amateurs
determined that the “finish line” of professionals was significantly less deformed than
amateurs [79]. In contrast, a study of knee injuries concluded that healthy individuals
exhibited more significant coordination variability in their lower extremities, whereas
individuals with knee pain exhibited lower coordination variability [22]. This appears to
support our research approach for this project. The variability of different motion patterns
must be incorporated into any functional motion analysis and linked to overuse injuries
from a dynamic systems perspective [22]. Consequently, we focused predominantly on the
various CM directions for this work’s predictive model.

These promising results must be interpreted in light of the limitations associated
with these studies. First, despite using three sensors to improve the correlation between
feature data and the predicted target, the validation effect may be compromised by subject-
specific bias in sensor placement. In addition, the laboratory acquisition of predicted
data involves multiple calculations, which imposes stringent requirements on both the
laboratory acquisition and calculation processes. Future research must reduce the model’s
sensitivity to sensor position bias for laboratory and pathological diagnosis. Notably, we
did not sample patients or sports injury populations in this study, and only healthy males
participated in this trial. Thus, acquiring features for patient or sports injury populations
and women is an effective method for enhancing the model’s applicability to the population.
In addition, a potential improvement direction for this work is the use of a combined
deep-learning model [80]: classification of different CM directions followed by accurate
predictions applicable to a wide variety of populations.
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5. Conclusions

Using an enhanced vector-coding technique, we investigated the coordination vari-
ability of lower extremity coupling in different CM directions in this study. The results
indicate that the variability of the three couplings during foot swing differs significantly
between the 90◦ direction and the other two directions. The coordination variability was
significantly greater in the 135◦ and 180◦ directions than in the 90◦ CM. There was no
significant difference between 135◦ and 180◦ in lower-limb coupling coordination variabil-
ity. In addition, we developed a deep learning prediction model using LSTM and three
inertial sensors to predict the coordination variability of three lower-limb couplings. The
prediction models of motion under three CM directions demonstrated excellent prediction
accuracy, making it possible to replace the conventional marker-obtained data derived from
3D motion capture systems.
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Appendix A

The variables x, y, and N in the following equation represent the joint-angle matrices
generated during the motion of the proximal (x) and distal (y) joints, and the vector of the
total number of data points (N).

First, it is necessary to calculate the anterior-posterior difference between the proximal
and distal joints in continuous motion (Equation (A1)).

Xi = xi − xi−1, Yi = yi − yi−1, where i = 1, 2, . . . N (A1)

Next, the vector (L) length between the corresponding points during the motion of the
distal and proximal joint segments is calculated (Equation (A2)).

Li =
√

X2
i + Y2

i , where i = 1, 2, . . . N (A2)

At each corresponding time point, the joint kinematic data (cosθ and sinθ) angle is
determined by the length of the vector between the corresponding points (Equation (A3)).

cos θi =
Xi
Li

, sin θi =
Yi
Li

, where i = 1, 2, . . . N (A3)
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The arithmetic mean is calculated for cosθi and sinθi in Equation (A3) (Equation (A4)).

cos θ_meani =
∑N

i=1 cos θi

N
, sin θ_meani =

∑N
i=1 sin θi

N
, where i = 1, 2, . . . N (A4)

Determine the average vector angle (α) by using the average cosine and sine angles
(Equation (A5)).

αi =
√

cos θ_mean2
i + sin θ_mean2

i , where i = 1, 2, . . . N (A5)

The arithmetic means of the average joint angle aι is then determined (Equation (A6)). aι

represents the overall variation in the relationship between the two joint angles throughout
all test cycles.

aι =
∑N

i=1 αi

N
, where i = 1, 2, . . . N (A6)

In order to address the magnitude differences. We introduce a second parameter, m,
which describes the frame-to-frame vector size variability to resolve the size disparity. We
normalize the length of the frame-to-frame vector across multiple cycles by dividing all
magnitudes within a given frame-to-frame interval by its greatest value (Equation (A7)).

lM =
li′

max(li′)
, where i′ = 1, 2, . . . M (A7)

M is the cycle number. This is performed to maintain the variance below the value “1.”
We will calculate the mean and standard deviation of each frame interval’s magnitude in the
subsequent step. Equation (A8) computes the maximum standard deviation (σmax) for the
entire data matrix, where M represents the total number of repetitions of the analyzed task.

σmax=
1
2

√√√√√2mod
(

M+1
2

)
− 1

2mod
(

M+1
2

) (A8)

Equation (A9) calculates the magnitude deviation (m), which varies between 0 and 1.

mi = 1−
(

σlM
σmax

)
= 1− 1

σmax

√√√√ 1
M− 1

M−1

∑
i=0

(lM − ai)2, where i = 1, 2, . . . N (A9)

The joint coordination variability V was calculated using Equation (A10), a method
proposed by Tepavac et al.

VTep = αi ×mi, where i = 1, 2, . . . N (A10)

Equation (A11) determines the magnitude of joint coordination variability, with “0”
representing no deformability and “1” representing high deformability.

V = 1−VTep (A11)

References
1. Brughelli, M.; Cronin, J.; Levin, G.; Chaouachi, A. Understanding Change of Direction Ability in Sport. Sports Med. 2008, 38,

1045–1063. [CrossRef] [PubMed]
2. Besier, T.F.; Lloyd, D.G.; Ackland, T.R.; Cochrane, J.L. Anticipatory effects on knee joint loading during running and cutting

maneuvers. Med. Sci. Sports Exerc. 2001, 33, 1176–1181. [CrossRef] [PubMed]
3. Hader, K.; Mendez-Villanueva, A.; Ahmaidi, S.; Williams, B.K.; Buchheit, M. Changes of direction during high-intensity

intermittent runs: Neuromuscular and metabolic responses. BMC Sports Sci. Med. Rehabil. 2014, 6, 2. [CrossRef]

http://doi.org/10.2165/00007256-200838120-00007
http://www.ncbi.nlm.nih.gov/pubmed/19026020
http://doi.org/10.1097/00005768-200107000-00015
http://www.ncbi.nlm.nih.gov/pubmed/11445765
http://doi.org/10.1186/2052-1847-6-2


Bioengineering 2022, 9, 411 14 of 16

4. Bloomfield, J.; Polman, R.; O’ Donoghue, P. Physical demands of different positions in FA Premier League soccer. J. Sports Sci.
Med. 2007, 6, 63. [PubMed]

5. Dos’ Santos, T.; McBurnie, A.; Comfort, P.; Jones, P.A. The Effects of Six-Weeks Change of Direction Speed and Technique
Modification Training on Cutting Performance and Movement Quality in Male Youth Soccer Players. Sports 2019, 7, 205.
[CrossRef]

6. Zhang, B.; Lu, Q. A Current Review of Foot Disorder and Plantar Pressure Alternation in the Elderly. Phys. Act. Health 2020, 4,
95–106. [CrossRef]

7. Reilly, T.; Williams, A.M.; Nevill, A.; Franks, A. A multidisciplinary approach to talent identification in soccer. J. Sports Sci. 2000,
18, 695–702. [CrossRef]

8. David, S.; Mundt, M.; Komnik, I.; Potthast, W. Understanding cutting maneuvers—The mechanical consequence of preparatory
strategies and foot strike pattern. Hum. Mov. Sci. 2018, 62, 202–210. [CrossRef]

9. Schreurs, M.J.; Benjaminse, A.; Lemmink, K.A. Sharper angle, higher risk? The effect of cutting angle on knee mechanics in
invasion sport athletes. J. Biomech. 2017, 63, 144–150. [CrossRef]

10. Garrick, J.G. The frequency of injury, mechanism of injury, and epidemiology of ankle sprains. Am. J. Sports Med. 1977, 5, 241–242.
[CrossRef]

11. Nyland, J.A.; Shapiro, R.; Caborn, D.N.; Nitz, A.J.; Malone, T.R. The effect of quadriceps femoris, hamstring, and placebo eccentric
fatigue on knee and ankle dynamics during crossover cutting. J. Orthop. Sports Phys. Ther. 1997, 25, 171–184. [CrossRef] [PubMed]

12. David, S.; Komnik, I.; Peters, M.; Funken, J.; Potthast, W. Identification and risk estimation of movement strategies during cutting
maneuvers. J. Sci. Med. Sport 2017, 20, 1075–1080. [CrossRef] [PubMed]

13. McLean, S.G.; Huang, X.; Van Den Bogert, A.J. Association between lower extremity posture at contact and peak knee valgus
moment during sidestepping: Implications for ACL injury. Clin. Biomech. 2005, 20, 863–870. [CrossRef] [PubMed]

14. Vanrenterghem, J.; Venables, E.; Pataky, T.; Robinson, M.A. The effect of running speed on knee mechanical loading in females
during side cutting. J. Biomech. 2012, 45, 2444–2449. [CrossRef]

15. Miller, P.; Brinkmann, D.J.; Ramsenthaler, C.; Gollhofer, A.; Gehring, D. Mind your step: Predicting maximum ankle inversion
during cutting movements in soccer. Sports Biomech. 2021, 1–15, in press. [CrossRef]

16. Shimokochi, Y.; Ide, D.; Kokubu, M.; Nakaoji, T. Relationships Among Performance of Lateral Cutting Maneuver From Lateral
Sliding and Hip Extension and Abduction Motions, Ground Reaction Force, and Body Center of Mass Height. J. Strength Cond.
Res. 2013, 27, 1851–1860. [CrossRef]

17. Rodrigues, G.; Dias, A.; Ribeiro, D.; Bertoncello, D. Relationship Between Isometric Hip Torque With Three Kinematic Tests in
Soccer Players. Phys. Act. Health 2020, 4, 142–149. [CrossRef]

18. Khayambashi, K.; Mohammadkhani, Z.; Ghaznavi, K.; Lyle, M.A.; Powers, C.M. The effects of isolated hip abductor and external
rotator muscle strengthening on pain, health status, and hip strength in females with patellofemoral pain: A randomized
controlled trial. J. Orthop. Sports Phys. Ther. 2012, 42, 22–29. [CrossRef]

19. Havens, K.L.; Sigward, S.M. Whole body mechanics differ among running and cutting maneuvers in skilled athletes. Gait Posture
2015, 42, 240–245. [CrossRef]

20. Scholz, J.P. Dynamic pattern theory—Some implications for therapeutics. Phys. Ther. 1990, 70, 827–843. [CrossRef]
21. Harbourne, R.T.; Stergiou, N. Movement variability and the use of nonlinear tools: Principles to guide physical therapist practice.

Phys. Ther. 2009, 89, 267–282. [CrossRef] [PubMed]
22. Hamill, J.; van Emmerik, R.E.; Heiderscheit, B.C.; Li, L. A dynamical systems approach to lower extremity running injuries. Clin.

Biomech. 1999, 14, 297–308. [CrossRef]
23. Crowther, R.G.; Spinks, W.L.; Leicht, A.S.; Quigley, F.; Golledge, J. Intralimb coordination variability in peripheral arterial disease.

Clin. Biomech. 2008, 23, 357–364. [CrossRef] [PubMed]
24. Van Uden, C.; Bloo, J.; Kooloos, J.; Van Kampen, A.; De Witte, J.; Wagenaar, R. Coordination and stability of one-legged hopping

patterns in patients with anterior cruciate ligament reconstruction: Preliminary results. Clin. Biomech. 2003, 18, 84–87. [CrossRef]
25. Pope, J.P.; Pelletier, L.G.; Guertin, C. Examining the role ones’ stage of change plays in understanding the relationship between

motivation and physical activity. Phys. Act. Health 2021, 5, 120–132. [CrossRef]
26. Di Paolo, S.; Zaffagnini, S.; Pizza, N.; Grassi, A.; Bragonzoni, L. Poor Motor Coordination Elicits Altered Lower Limb Biomechanics

in Young Football (Soccer) Players: Implications for Injury Prevention through Wearable Sensors. Sensors 2021, 21, 4371. [CrossRef]
27. Hamill, J.; Palmer, C.; Van Emmerik, R.E.A. Coordinative variability and overuse injury. Sports Med. Arthrosc. Rehabil. Ther.

Technol. 2012, 4, 45. [CrossRef]
28. Tiberio, D. The effect of excessive subtalar joint pronation on patellofemoral mechanics: A theoretical model. J. Orthop. Sports

Phys. Ther. 1987, 9, 160–165. [CrossRef]
29. Lu, T.W.; Yen, H.C.; Chen, H.L. Comparisons of the inter-joint coordination between leading and trailing limbs when crossing

obstacles of different heights. Gait Posture 2008, 27, 309–315. [CrossRef]
30. Davids, K.; Bennett, S.; Newell, K.M. Movement System Variability; Human kinetics: Champaign, IL, USA, 2006.
31. Patoz, A.; Lussiana, T.; Breine, B.; Gindre, C.; Malatesta, D. Both a single sacral marker and the whole-body center of mass

accurately estimate peak vertical ground reaction force in running. Gait Posture 2021, 89, 186–192. [CrossRef]
32. Verheul, J.; Nedergaard, N.J.; Vanrenterghem, J.; Robinson, M.A. Measuring biomechanical loads in team sports–from lab to field.

Sci. Med. Footb. 2020, 4, 246–252. [CrossRef]

http://www.ncbi.nlm.nih.gov/pubmed/24149226
http://doi.org/10.3390/sports7090205
http://doi.org/10.5334/paah.57
http://doi.org/10.1080/02640410050120078
http://doi.org/10.1016/j.humov.2018.10.005
http://doi.org/10.1016/j.jbiomech.2017.08.019
http://doi.org/10.1177/036354657700500606
http://doi.org/10.2519/jospt.1997.25.3.171
http://www.ncbi.nlm.nih.gov/pubmed/9048323
http://doi.org/10.1016/j.jsams.2017.05.011
http://www.ncbi.nlm.nih.gov/pubmed/28610875
http://doi.org/10.1016/j.clinbiomech.2005.05.007
http://www.ncbi.nlm.nih.gov/pubmed/16005555
http://doi.org/10.1016/j.jbiomech.2012.06.029
http://doi.org/10.1080/14763141.2021.1974533
http://doi.org/10.1519/JSC.0b013e3182764945
http://doi.org/10.5334/paah.65
http://doi.org/10.2519/jospt.2012.3704
http://doi.org/10.1016/j.gaitpost.2014.07.022
http://doi.org/10.1093/ptj/70.12.827
http://doi.org/10.2522/ptj.20080130
http://www.ncbi.nlm.nih.gov/pubmed/19168711
http://doi.org/10.1016/S0268-0033(98)90092-4
http://doi.org/10.1016/j.clinbiomech.2007.10.009
http://www.ncbi.nlm.nih.gov/pubmed/18061322
http://doi.org/10.1016/S0268-0033(02)00170-5
http://doi.org/10.5334/paah.106
http://doi.org/10.3390/s21134371
http://doi.org/10.1186/1758-2555-4-45
http://doi.org/10.2519/jospt.1987.9.4.160
http://doi.org/10.1016/j.gaitpost.2007.04.007
http://doi.org/10.1016/j.gaitpost.2021.07.013
http://doi.org/10.1080/24733938.2019.1709654


Bioengineering 2022, 9, 411 15 of 16

33. Van der Kruk, E.; Reijne, M.M. Accuracy of human motion capture systems for sport applications; state-of-the-art review. Eur. J.
Sport Sci. 2018, 18, 806–819. [CrossRef] [PubMed]

34. Di Paolo, S.; Lopomo, N.F.; Della Villa, F.; Paolini, G.; Figari, G.; Bragonzoni, L.; Grassi, A.; Zaffagnini, S. Rehabilitation and
return to sport assessment after anterior cruciate ligament injury: Quantifying joint kinematics during complex high-speed tasks
through wearable sensors. Sensors 2021, 21, 2331. [CrossRef] [PubMed]

35. Camomilla, V.; Bergamini, E.; Fantozzi, S.; Vannozzi, G. Trends Supporting the In-Field Use of Wearable Inertial Sensors for Sport
Performance Evaluation: A Systematic Review. Sensors 2018, 18, 873. [CrossRef]

36. Camomilla, V.; Dumas, R.; Cappozzo, A. Human movement analysis: The soft tissue artefact issue. J. Biomech. 2017, 62, 1–4.
[CrossRef]

37. Xiang, L.; Mei, Q.; Wang, A.; Shim, V.; Fernandez, J.; Gu, Y. Evaluating function in the hallux valgus foot following a 12-week
minimalist footwear intervention: A pilot computational analysis. J Biomech. 2022, 132, 110941. [CrossRef]

38. Ahmadi, A.; Mitchell, E.; Richter, C.; Destelle, F.; Gowing, M.; O’Connor, N.E.; Moran, K. Toward automatic activity classification
and movement assessment during a sports training session. IEEE Internet Things J. 2014, 2, 23–32. [CrossRef]

39. Mitchell, E.; Monaghan, D.; O’ Connor, N.E. Classification of sporting activities using smartphone accelerometers. Sensors 2013,
13, 5317–5337. [CrossRef]

40. Kobsar, D.; Osis, S.T.; Hettinga, B.A.; Ferber, R. Classification accuracy of a single tri-axial accelerometer for training background
and experience level in runners. J. Biomech. 2014, 47, 2508–2511. [CrossRef]

41. Zhang, Y.; Ma, Y. Application of supervised machine learning algorithms in the classification of sagittal gait patterns of cerebral
palsy children with spastic diplegia. Comput. Biol. Med. 2019, 106, 33–39. [CrossRef]

42. Zago, M.; Sforza, C.; Dolci, C.; Tarabini, M.; Galli, M. Use of machine learning and wearable sensors to predict energetics and
kinematics of cutting maneuvers. Sensors 2019, 19, 3094. [CrossRef] [PubMed]

43. Van der Merwe, C.; Shultz, S.P.; Colborne, G.R.; Hébert-Losier, K.; Fink, P.W. Using a modified vector coding technique to describe
the calcaneus-shank coupling relationship during unanticipated changes of direction: Theoretical implications for prophylactic
ACL strategies. Sports Biomech. 2022, 1–21, in press. [CrossRef] [PubMed]

44. Weir, G.; van Emmerik, R.; Jewell, C.; Hamill, J. Coordination and variability during anticipated and unanticipated sidestepping.
Gait Posture 2019, 67, 1–8. [CrossRef]

45. Delp, S.L.; Loan, J.P.; Hoy, M.G.; Zajac, F.E.; Topp, E.L.; Rosen, J.M. An interactive graphics-based model of the lower extremity to
study orthopaedic surgical procedures. IEEE Trans. Biomed. Eng. 1990, 37, 757–767. [CrossRef] [PubMed]

46. Forner-Cordero, A.; Mateu-Arce, M.; Forner-Cordero, I.; Alcántara, E.; Moreno, J.; Pons, J.L. Study of the motion artefacts of
skin-mounted inertial sensors under different attachment conditions. Physiol. Meas. 2008, 29, N21. [CrossRef]

47. Wilson, C.; Simpson, S.E.; Van Emmerik, R.E.; Hamill, J. Coordination variability and skill development in expert triple jumpers.
Sports Biomech. 2008, 7, 2–9. [CrossRef]

48. Heiderscheit, B.C.; Hamill, J.; van Emmerik, R.E. Variability of stride characteristics and joint coordination among individuals
with unilateral patellofemoral pain. J. Appl. Biomech. 2002, 18, 110–121. [CrossRef]

49. Samaan, M.A.; Hoch, M.C.; Ringleb, S.I.; Bawab, S.; Weinhandl, J.T. Isolated hamstrings fatigue alters hip and knee joint
coordination during a cutting maneuver. J. Appl. Biomech. 2015, 31, 102–110. [CrossRef]

50. Jayashree, P.; Ragupathy, U.S. Segmentation of cartilage in knee magnetic resonance images using Gabor and matched filter
and classification of osteoarthritis using adaptive neuro-fuzzy inference system. Int. J. Biomed. Eng. Technol. 2021, 37, 290–307.
[CrossRef]

51. Yu, Y.; Si, X.; Hu, C.; Zhang, J. A review of recurrent neural networks: LSTM cells and network architectures. Neural Comput.
2019, 31, 1235–1270. [CrossRef]

52. Hamill, J.; Haddad, J.M.; McDermott, W.J. Issues in quantifying variability from a dynamical systems perspective. J. Appl. Biomech.
2000, 16, 407–418. [CrossRef]

53. Haghighat, F.; Rezaie, M.; Ebrahimi, S.; Shokouhyan, S.M.; Motealleh, A.; Parnianpour, M. Coordination variability during
walking and running in individuals with and without patellofemoral pain Part 1: Lower limb intersegmental coordination
variability. J. Med. Biol. Eng. 2021, 41, 295–304. [CrossRef]

54. Pollard, C.D.; Heiderscheit, B.C.; Van Emmerik, R.E.; Hamill, J. Gender differences in lower extremity coupling variability during
an unanticipated cutting maneuver. J. Appl. Biomech. 2005, 21, 143–152. [CrossRef] [PubMed]

55. Tepavac, D.; Field-Fote, E.C. Vector coding: A technique for quantification of intersegmental coupling in multicyclic behaviors. J.
Appl. Biomech. 2001, 17, 259–270. [CrossRef]
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