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Abstract 

Landing is one of many fundamental sports techniques, that can commonly be 

associated or accompanied by sports injuries, such as anterior cruciate ligament (ACL) 

injury, lateral ankle sprain (LAS), etc. Different landing patterns can expose lower limb 

joints and ligaments to different loading modes. A successful landing is defined as the 

body being able to cushion the impact load well enough to maintain body balance and 

avoid injury. In actual motion monitoring, most current studies of ACL forces during 

landing have been conducted using biomechanical models such as musculoskeletal 

models and in vivo studies. However, the establishment of such a model usually 

requires a large and complex base of knowledge, and the simulation calculation process 

is usually time-consuming and costly. In recent years, an increasing number of studies 

have favored the use of machine learning methods to model and predict the complex 

"input-output" relationship, to address the computational difficulty and cost of 

important variables in biomechanics. 

The first research question of this thesis: Previous studies on the impact of fatigue 

factors on the lower limb biomechanics during landing tasks often only investigated the 

effect of fatigue factors on ACL injury risk from some indirect indicators, rather than 

starting from the perspective of the dynamic loading forces within the ACL itself. 

However, the limitation is that it cannot explore the exact mechanism of the fatigue 

factor increasing ACL injury risk from the internal force itself. In addition, it is unclear 

whether changes in the ankle during after-fatigue landing are associated with an 

increased risk of ACL injury. 

The first research objective of this thesis: To accurately calculate ACL internal 

dynamic load forces by constructing a musculoskeletal modeling. In addition, this study 

aims to explore whether there are detectable and recognizable differences in ankle joint 

kinematics, lower limb joint energy dissipation (joint work) and ACL load force 

between before-fatigue and after-fatigue landing, as well as to explore the possible 

relationship between them. 

The first research results and conclusions of this thesis: The ACL dynamic load 

force will increase during after-fatigue single-leg landing (SL), which suggested that 

the lower limb neuromuscular fatigue factor would increase the risk of ACL injury. 

There was a significant difference in ankle motion patterns between before-fatigue and 

after-fatigue SL. Therefore, the increased risk of ACL injury during after-fatigue SL is 

related to the decrease of ankle initial contact angle (AICA) and ankle range of motion 

(AROM), and the relationship between AICA, AROM and peak ACL force (PAF) is 

highly negatively correlated, the relationship with TED is highly positively correlated. 

I concluded that lower limb neuromuscular fatigue increases the ACL dynamic loading 

force during SL, thereby increasing the risk of ACL injury. This result is associated with 

a smaller AICA (plantarflexion angle) and AROM movement pattern of the ankle joint 

during after-fatigue SL. By increasing the AICA and AROM during SL, the energy 

dissipation of the lower limb joints can be increased and the PAF reduced, thus reducing 

the impact loads on the lower limb joints and reducing lower limb injuries, including 

ACL injuries. 
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The second research question of this thesis: In clinical landing injury screening, 

clinical experts mainly performed quantitative description and analysis from the 

perspective of biomechanics. However, traditional approach has the inherent limitation 

of losing a large amount of effective information when extracting low-dimensional 

single-time point discrete variables from high-dimensional time-continuous variables. 

Meanwhile, the landing patterns are different in the situation of different injury 

conditions, different control/intervention conditions, and whether there is lower limb 

injury, which will cause great difficulties for clinical experts in clinical diagnosis. In 

recent years, the relevant application of explainable machine learning (XML) in clinical 

diagnosis has increased the trust of experts in this field in the traceability of ML 

methods, and has been accepted by more and more researchers. 

The second research objective of this thesis: To investigate whether XML can help 

with landing pattern recognition and to what extent it can aid in the interpretation of 

prediction results. This work firstly compared the classification recognition 

performances of several classical classification models on two class landing tasks, and 

then constructed the XML model based on the neural network model with the best 

recognition performance combined with LRP to explain the model classification 

recognition results. The current study proposed two approaches to assess the computed 

interpretability results: 1) assessment from a statistical perspective; and 2) assessment 

from a clinical perspective. For statistical evaluation, a Statistical Parametric Mapping 

(SPM) technology based on random field theory was used to detect statistical 

differences in the input signals, and then to verify whether interpretability results are 

reasonable based on statistical differences. For clinical evaluation, interpretable results 

were analyzed clinically by experienced experts in the field to assess their compatibility 

with clinical features. 

The second research result and conclusion of this thesis: Both three classification 

algorithm models achieved high recognizability in the nine classification tasks, and the 

classification performance level of artificial neural network (ANN) for the input signal 

is particularly outstanding in comparison to the other two models. From the 

classification performance, I found that based on the knee data as input signals the 

classification performance was better. There is a greater difference in sagittal landing 

patterns between classes in the three planes. For the detailed results of relevance score 

(RS) distribution, I found that the early landing phase contributed more to landing 

pattern recognition between classes. For each joint, the largest summed contribution 

rate of RS was knee joint, followed by in the ankle joint and hip joint. For each plane, 

the largest summed contribution rate of RS was sagittal plane, followed by the 

transversal plane and frontal plane. In conclusion, I highlighted the applicability of 

XML methods that can interpret the results of ML decisions for clinical landing analysis, 

and their great promise for future application and implementation. 

The third research question of this thesis: During landing, the knee has the highest 

risk of injury, and the most common is the non-contact ACL injury, with more than 80% 

of its injuries occurring during landing tasks. It is also true that ankle sprains, on the 

other hand, are one of the most common injuries associated with landing, and more than 

80% of ankle sprains occur in the lateral. At present, whether ankle joint motion patterns 
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(AICA, AROM) during landing affect joint energy dissipation and the degree of shock 

load cushioning across the lower limb, or even if there is some association with lower 

limb injury, remains to be further explored. In assessing the ACL injury mechanism, 

traditional models mainly set ligaments as having linear force-length characteristics and 

consider them independent of strain rate. 

The third research objective of this thesis: To more realistically revert and simulate 

the ACL injury mechanics, this study developed a knee musculoskeletal model that 

reverts the ACL ligament to a nonlinear short-term viscoelastic mechanical mechanism 

(strain rate-dependent) generated by the dense connective tissue (DCT) as a function of 

strain. This work was specified: (1) The peak vertical ground reaction force (PVGRF), 

total energy dissipation (TED), peak ankle sagittal moment, peak knee sagittal moment, 

and peak hip sagittal moment were used to assess the overall injury risk of the lower 

limb, and explored their relationships with AICA, AROM. (2) The peak ankle inversion 

angle (PAIA), and peak ankle inversion moment (PAIM) was used to assess the LAS 

risk, and hypothesized the positive correlation between them and AICA, AROM. (3) 

The ACL model was developed and constructed to calculate ACL dynamic loading 

forces, and then the PAF was used to assess the ACL injury risk, and hypothesized the 

negative correlation between them and AICA, AROM. (4) The feasible ankle motion 

patterns were explored to balance the LAS and ACL injury risk based on the interaction 

between PAIA and PAF. 

The third research result and conclusion of this thesis: The AICA exhibits a 

negative correlation with PVGRF and PAF, a positive correlation with TED and PAIA. 

The AROM exhibits a positive correlation with TED and PAIA. The results indicated 

that the LAS risk is negatively correlated with ACL injury risk. Based on the determined 

intersection points, I found that 30° to 40° of AICA and 50° to 70° of AROM were the 

more appropriate range to balance the injury risk between them. This range can be 

referenced by individuals during SL, but it should also be adjusted according to the 

person’s ankle dorsiflexion ability and the level of muscle function around the ankle 

joint. In addition, it is also necessary to strengthen the training of the muscles, the 

medial and lateral tissues, ligaments around the ankle joint, so as to increase the AICA 

and AROM to reduce lower limb injury risk while avoiding ankle joint injury. 

The fourth research question of this thesis: During landing, the knee, which serves 

as the pivotal joint connecting the ankle and hip, is the most susceptible to damage. 

When the biomechanical mechanisms of internal loads on the human body are explored 

in the context of the complex external mechanical environment, the current solutions in 

the field are mainly achieved by finite element analysis (FEA) techniques and 

musculoskeletal modeling simulations. Previous research has demonstrated that 

increasing the ankle plantarflexion (ankle initial contact angle: AICA) may increase 

ankle energy dissipation during landing, thereby reducing the landing impact on the 

other joints. At present, it is unclear whether increasing the ankle plantarflexion angle 

during landing would change the knee loading mechanism and further affect ACL injury 

risk. 

The fourth research objective of this thesis: To explore the effects of different ankle 

plantarflexion angles during SL on knee impact loading and ACL injury risk. The 
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biomechanical properties of the knee joint were planned to be quantified based on 

musculoskeletal modeling and finite element analysis (foot-ankle-knee integration 

model). This study employed a joint impact force to evaluate the impact loads on the 

knee at various landing angles, and calculated the joint negative work to assess the 

ability of the knee to dissipate the energy impact. Additionally, the ACL internal load 

forces (musculoskeletal modeling) and ACL stress (finite element analysis) were 

simulated and calculated to evaluate the ACL injury risk. Meanwhile, landing 

optimization strategies are further proposed to reduce knee-related injuries based on the 

possible findings. 

The fourth research result and conclusion of this thesis: As the ankle plantarflexion 

angle increased during landing, both the peak knee vertical impact force and ACL force 

decreased significantly. The maximum von Mises stress of ACL, meniscus, and femoral 

cartilage decreased as the ankle plantarflexion angle increased. The overall range of 

variation in ACL stress was small and was mainly distributed in the femoral and tibial 

attachment regions, as well as in the mid-lateral region. The current findings revealed 

that the use of larger ankle plantarflexion angles during landing may be an effective 

solution to reduce knee impact load and the risk of rupture of the medial femoral 

attachment area in the ACL. 

The fifth research question of this thesis: In actual motion monitoring, most current 

studies of ACL forces during landing have been conducted using biomechanical models 

such as musculoskeletal models and in vivo studies. However, the establishment of such 

a model usually requires a large and complex base of knowledge, and the simulation 

calculation process is usually time-consuming and costly. In recent years, an increasing 

number of studies have favored the use of machine learning methods to model and 

predict the complex "input-output" relationship, to address the computational difficulty 

and cost of important variables in biomechanics. 

The fifth research objective of this thesis: To develop a highly accurate and easy-

to-implement ACL dynamic load force prediction model, which has low input variable 

demands (sagittal joint angles), excellent generalization capabilities and superior 

performance in terms of high accuracy. This study first combines long short-term 

memory (LSTM) algorithm to construct the prediction model, and then introduces a 

metaheuristic optimization algorithm (SSA) to optimize the prediction model based on 

existing machine learning models, and further optimizes the prediction results by 

combining the discovered linear relationship between AICA, AROM and PAF to 

achieve accurate prediction of the ACL dynamic load force during SL using simple and 

easy-to-measure kinematic data. 

The fifth research result and conclusion of this thesis: By substituting AICA and 

AROM as independent variables in the SSA-extreme learning machine (ELM) 

prediction model, the model shows excellent prediction performance because of very 

strong correlation. Based on the equal scaling by combining results of SSA-ELM and 

SSA-LSTM, the prediction model achieves excellent performance in ACL force 

prediction of the overall waveform. Therefore, my study proposed a method for 

constructing a highly accurate and easy-to-implement ACL dynamic load force 

prediction model, which has low input variable demands (sagittal joint angles), 
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excellent generalization capabilities and superior performance in terms of high accuracy. 

The sixth research question of this thesis: Previous studies in estimating 

continuous kinematic variables have usually calculated the informative features of a 

single group from the surface electromyography (EMG) signals of each muscle, and 

used them as regular features in that motion pattern. However, the features extracted 

from a single surface EMG channel are extremely sensitive to noise, amplitude 

cancellation and electrode shifts, which would increase estimation errors. By revealing 

the neuromuscular control mechanism behind the motor system, muscle synergy can 

detect movement intention comprehensively and accurately, and its application is 

expected to help patients in clinical rehabilitation. Adaptive neuro-fuzzy inference 

system (ANFIS) has the advantages of optimizing membership functions through 

independent learning and adjusting fuzzy logic rules to establish output functions that 

adapt to various rules. 

The sixth research objective of this thesis: To develop a movement intention 

detection technology for estimating each joint continuous kinematic variable based on 

the lower limb muscle synergy pattern, with a view to developing applications for more 

efficient exoskeleton-assisted rehabilitation training. More specifically, this study 

extracted the lower limb muscle synergy patterns of healthy subjects and patients 

through non-negative matrix factorization (NNMF), and then mapped the lower limb 

muscle synergy patterns to each joint continuous motion variable using the developed 

ANFIS non-linear regression model. It is hypothesized that the proposed ANFIS model 

driven by the NNMF-extracted muscle synergy patterns will be able to accurately and 

reliably estimate lower limb joint movements, and that the effectiveness will also be 

radiated to patient subjects. 

The sixth research result and conclusion of this thesis: Six muscle synergies were 

determined to construct the muscle synergy pattern driven ANFIS model. Three fuzzy 

rules were determined in most estimation cases. Combining the results of the four error 

indicators across the estimated variables indicates that the current model has excellent 

estimated performance in estimating lower limb joint movement. The estimation errors 

between the healthy and patient groups are consistent. The proposed model of this study 

can accurately and reliably estimate lower limb joint movements, and the effectiveness 

will also be radiated to the patient group. This revealed that the models also have certain 

advantages in the recognition of motor intentions in patients with relevant movement 

disorders. 

In conclusion, lower limb neuromuscular fatigue will increase the ACL dynamic 

loading force during SL, thereby increasing the risk of ACL injury. This result is 

associated with a smaller AICA (plantarflexion angle) and AROM movement pattern 

of the ankle joint during after-fatigue SL. The use of larger ankle plantarflexion angle 

during SL may be an effective solution to reduce knee impact load and the risk of 

rupture of the medial femoral attachment area in the ACL. By increasing the AICA and 

AROM during SL, the energy dissipation of the lower limb joints can be increased and 

the PAF reduced, thus reducing the impact loads on the lower limb joints and reducing 

lower limb injuries, including ACL injuries. However, this may increase the LAS risk. 

AICA in the approximate range of 30° to 40° and AROM in the approximate range of 
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50° to 70° is likely to balance the association between the LAS and ACL injury risk. It 

is essential to strengthen the training of the muscles, the medial and lateral tissues, 

ligaments around the ankle. This can reduce lower limb injury risk while avoiding ankle 

joint injury when AICA and AROM are increased. The findings of this work can provide 

new insights for the optimization of landing strategies and thus provide important 

theoretical support for the development of lower limb injury prevention training or 

related rehabilitation programs. 

Additionally, the current study proposed a method for constructing a highly 

accurate and easy-to-implement ACL dynamic load force prediction model, which has 

low input variable demands (sagittal joint angles), excellent generalization capabilities 

and superior performance in terms of high accuracy. In the future, we plan to combine 

our proposed ACL force prediction model with a subject-specific musculoskeletal 

model, and use it as an effective and accurate ACL injury risk assessment tool. 

Furthermore, it will be promoted and applied to a wider range of sports training and 

injury monitoring to improve the body's sports performance and reduce sports injuries. 

Furthermore, I further proposed a movement intention detection technology for 

estimating each joint continuous kinematic variable. It was demonstrated that the 

proposed ANFIS model driven by the NNMF-extracted muscle synergy patterns will 

be able to estimate the joint movements of the lower limb accurately and reliably, and 

that this effectiveness will also be radiated to patients. Future work from this study can 

be applied to sports rehabilitation in the clinical field by achieving more flexible and 

precise movement control of the lower limb assisted equipment to help the 

rehabilitation for patients. 
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1. Introduction 

1.1 Overview of the fatigue factor's effect on landing injuries 

Landing is one of the fundamental daily exercise techniques (Figure 1). Single-leg 

landing (SL) support is more conducive to stopping, changing direction, and jumping 

after landing, mainly due to the ability of the non-supported leg to respond quickly and 

sufficiently after a full landing. So, SL is more commonly used in daily exercises [1-3]. 

Different landing patterns can expose lower limb joints and ligaments to different 

loading modes [3-5]. Landing is also commonly associated with or accompanied by 

lower limb injuries, such as anterior cruciate ligament (ACL) injury, patellar tendinitis, 

and ankle sprain, among which ACL injury is one of the most common [1, 6-9]. ACL 

plays an important role in stabilizing the knee joint, which is specifically manifested in 

restricting the anterior movement of the tibia to the femur during lower limb flexion 

and preventing excessive internal and external inversion of the knee [10]. ACL injuries 

can have significant impacts on the individual levels of exercise and quality of life, and 

also induce other pathological changes in the knee joint. [8, 11]. 

 

 

Figure 1 Illustration of various landing motions [3]. 

 

A successful landing is defined as the body being able to cushion the impact load 

well enough to maintain body balance and avoid injury [1, 12]. Successful landing 

support requires the body to have sufficient muscle strength, joint stability and postural 

balance to trigger the body's protective mechanisms [1, 13]. There are a variety of 

factors that can affect successful landings, and lower limb muscle fatigue may affect 

the body's landing pattern and lead to an increased risk of ACL injury [14-17]. When 

the body is in a state of lower limb muscle fatigue, it will exhibit less knee and hip 

flexion, greater ground reaction force (GRF), and greater knee valgus angle during 

landing [1, 3, 15, 18]. When landing with less knee and hip flexion, the body may land 

in a more upright position. It will increase the ground reaction forces, knee joint contact 

forces, which increases the impact on the ACL [1, 19]. Also, greater knee valgus angles 

can lead to increased ACL force [3]. Therefore, fatigue factors potentially increase the 

risk of ACL injury. 

However, previous studies on the impact of fatigue factors on the lower limb 
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biomechanics during landing tasks often only investigated the effect of fatigue factors 

on ACL injury risk from some indirect indicators, rather than starting from the 

perspective of the dynamic loading forces within the ACL itself [14, 20-22]. For 

example, previous studies analyzed the lower limb joint kinematics of athletes during 

ACL injury through competition videos, and concluded that 'hard' landings and 

functional knee valgus collapse increase the risk of ACL injury [7, 8, 12]. This 

discrimination method has gradually become a consensus and has been accepted in the 

field of biomechanics. However, the limitation is that it cannot explore the exact 

mechanism of the fatigue factor increasing ACL injury risk from the internal force itself. 

The reasons for this limitation are mainly the high cost of constructing biomechanical 

models and the large errors in the calculation results in the past, thus lacking a certain 

degree of practicality and accuracy [1, 9]. The inability to accurately explore ACL 

loading during exercise makes it difficult for researchers to accurately recognize the 

injury mechanism and risk degree of related movements, and reducing the effectiveness 

of injury prevention and sports monitoring. Therefore, based on constructing the 

musculoskeletal model and accurately calculating the ACL internal dynamic load force, 

it is vital to develop a predictive model that can quickly and accurately predict ACL 

loading during landing. 

The ankle joint and surrounding tissues play an important role in absorbing high-

impact loads during landing, especially in the SL support, which can withstand the 

impact force of approximately 2-5 times the body weight [23, 24]. Insufficient shock 

absorption of the ankle joint will increase the energy consumption requirement of the 

proximal lower limb joint [23, 25, 26]. The degree and relative contribution of joint 

energy dissipation (negative joint work) to lower limb joint shock absorption was 

thought to be altered by adjusting the ankle initial contact angle (AICA) in the sagittal 

plane (dorsiflexion and plantarflexion) during SL [25, 27, 28]. The AICA also affects 

the ankle range of motion (AROM) and GRF, which are associated with the risk of 

lower limb injury [1, 25, 29]. Previous studies have reported that the smaller AICA 

(peak plantarflexion angle) and sagittal range of motion occur during after-fatigue SL 

[9, 20, 23, 29]. The AICA affects the redistribution of energy dissipation in the lower 

limb joints during SL, which may increase the injury risk of the lower limb [6, 28]. 

However, it is unclear whether changes in the ankle during after-fatigue SL are 

associated with an increased risk of ACL injury. Therefore, this study aims to explore 

whether there are detectable and recognizable differences in ankle joint kinematics, 

lower limb joint energy dissipation (joint work) and ACL load force between before-

fatigue and after-fatigue SL, as well as to explore the possible relationship between 

them. 

In overview, this work mainly has the following research objectives: (1) To 

calculate the ACL dynamic load force during SL through musculoskeletal modeling 

simulations to investigate whether fatigue factors increase the risk of ACL injury; (2) 

To explore whether there are recognizable differences in the ankle motion patterns 

between before-fatigue and after-fatigue SL, and further explore the relationship 

between AICA, AROM and lower limb energy dissipation and peak ACL force. 
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1.2 Application of explainable machine learning to clinical diagnosis 

Landing maneuvers are frequently used in clinical injury screening, which include: 

1) Assessment and screening of functional valgus collapse (an indicator of ACL injury) 

[30]; 2) Assessment of dynamic postural stability in ACL reconstruction where 

impaired sensorimotor control and mechanical stability can be identified among 

athletes [31]; 3) Screening for patients with chronic ankle instability [32], and so on. In 

clinical injury screening, clinical experts mainly performed quantitative description and 

analysis from the perspective of biomechanics, which includes biomechanical data such 

as kinematics (joint angle, spatiotemporal parameters, etc.), kinetics (ground reaction 

force, joint moment, etc.), and muscle status (muscle activation degree, muscle force, 

etc.). However, the quantitative descriptive analysis traditionally used in clinical 

screening is usually only for discrete variables at a specific time point, such as peak 

angle, peak force, peak moment, etc. Although this traditional approach has 

successfully solved many clinical injury screening problems, it also has the inherent 

limitation of losing a large amount of effective information when extracting low-

dimensional single-time point discrete variables from high-dimensional time-

continuous variables [33, 34]. This is because in many cases it is not clear whether and 

to what extent a single pre-selected variable adequately represents the characteristics of 

that class of landing pattern. At the same time, the landing patterns are different in the 

situation of different injury conditions, different control/intervention conditions, and 

whether there is lower limb injury, which will cause great difficulties for clinical experts 

in clinical diagnosis. Therefore, a new method is urgently needed to explore the deeper 

characteristics of different landing patterns itself, to improve the effectiveness and 

accuracy of clinical injury screening. 

Artificial intelligence (AI) and machine learning (ML) technologies are becoming 

more sophisticated as the economy and society develop, and their use in various 

industries to improve the efficiency of decision-making has also greatly reduced the 

burden on humans [35, 36]. The healthcare industry is one of the many sectors that 

benefit from this, with AI and ML playing an important role in medical image-assisted 

diagnosis, pattern recognition of patient symptoms, identification of cancer tissue, etc 

[37-39]. This trend is also being recognized in the field of clinical gait analysis, where 

it has been successively used in gait pattern recognition and classification of patients 

with stroke [40], Parkinson's disease [41], cerebral palsy [42], osteoarthritis [43], and 

different functional gait disorders [44, 45]. At the same time, advances in motion 

capture technology, mechanics sensing technology, and signal processing technology 

have made it possible to collect diverse and fine-grained human biomechanical data, 

providing the prerequisites for the application of big data-driven ML methods in the 

field of clinical biomechanics [33, 45, 46]. Although machine learning techniques have 

been very successful in solving a variety of clinical classification tasks and providing 

new insights from complex systems, they also suffer from an important limitation: black 

box effect [46, 47]. That is, they all have the disadvantage of being black boxes and 

rarely provide and explain useful information about the reasons for making a particular 

decision [46, 48]. This opaque operation and decision-making of most non-linear ML 

methods lead to a problem: the results of predictive recognition are hard to understand 
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and uninterpretable, and this in turn undoubtedly affects the efficiency of ML 

applications in medical clinical diagnosis [49, 50]. 

Based on this, the demand for ML methods for the interpretability of decision 

results in the field of clinical diagnosis continues to grow, and explainable machine 

learning (XML) has received increasing attention in recent years [50, 51]. XML mainly 

refers to a series of machine learning methods that help the decisions and behaviors of 

artificial intelligence technology to be understood by humans, and which aims to 

illustrate how non-linear ML models work and the reasons for such predictive results 

[51]. The relevant application of XML in clinical diagnosis has increased the trust of 

experts in this field in the traceability of ML methods, and has been accepted by more 

and more researchers [52, 53]. In recent years, an XML based on Layer-wise Relevance 

Propagation (LRP) has been proposed to address the problem of lack of interpretability 

of ML prediction results, which mainly measures the contribution and relevance of each 

input variable to the overall prediction results through backward propagation [48, 54]. 

As shown in Figure 2, with its unique advantages in interpreting both linear and non-linear 

ML models, this method has been successfully applied to classification and recognition 

tasks in different scenarios, including clinical gait analysis, and has also been validated 

for its good interpretability performance in clinical diagnosis tasks [46, 49, 55-60]. 

Whether XML can bring new challenges and opportunities for the application of 

landing pattern recognition in clinical diagnosis is not yet known. In other words, it is 

debatable whether XML can lead to new insights beyond the traditional "yes" or "no" 

simple discriminatory results. 

 

 

Figure 2 Illustration of data acquisition and analysis by XML [34]. 

 

Therefore, this work aims to investigate whether XML can help with landing 

pattern recognition and to what extent it can aid in the interpretation of prediction 

results. This work firstly compared the classification recognition performances of 

several classical classification models on two class landing tasks, and then constructed 

the XML model based on the neural network model with the best recognition 

performance combined with LRP to explain the model classification recognition results. 

At the same time, considering that biomedical signals are more abstract compared with 

signals such as image text, the evaluation of interpretability results is full of challenges 

[49, 58, 61]. To solve these challenges, the current study proposed two approaches to 

assess the computed interpretability results: 1) assessment from a statistical perspective; 

and 2) assessment from a clinical perspective. For statistical evaluation, a Statistical 
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Parametric Mapping (SPM) technology [62] based on random field theory was used to 

detect statistical differences in the input signals, and then to verify whether 

interpretability results are reasonable based on statistical differences. For clinical 

evaluation, interpretable results were analyzed clinically by experienced experts in the 

field to assess their compatibility with clinical features. Finally, our work mainly 

addresses the following two research questions: (1) which areas of input signals in the 

two class landing patterns are most relevant to the landing pattern recognition? (2) To 

what extent do these regions of input signals identified as most relevant for landing 

pattern recognition remain consistent with statistical evidence and clinical consensus 

assessment? 

 

1.3 Overview of ankle movement patterns and lower limb injury risk during 

landing 

During landing, as the key joint connecting the ankle and hip, the knee has the highest 

risk of injury [4, 5, 63]. The most common is the non-contact ACL injury (Figure 3), 

with more than 80% of its injuries occurring during landing tasks [1, 3, 9, 64]. As one 

of the main ligaments around the knee joint, the ACL is crucial for maintaining stability 

in the knee joint [10, 65]. After an ACL rupture, the patients experience a general 

decrease in their exercise level and quality of life. Even after prompt treatment, only 

55% of patients return to their daily competitive sport level within the first year [66]. 

More seriously, ACL ruptures also frequently lead to other pathologic changes, such as 

osteoarthritis of the knee [9, 67-69]. 

It is also true that ankle sprains (Figure 3), on the other hand, are one of the most 

common injuries associated with landing, and more than 80% of ankle sprains occur in 

the lateral [70, 71]. Lateral ankle sprain (LAS) causes structural damage to the lateral 

collateral ligaments (anterior tibiofibular ligament and calcaneofibular ligament) of the 

ankle joint [71, 72]. These structural injuries may cause joint pain, swelling, and related 

dysfunction. In severe cases, they can also cause re-sprains of the ankle joint and 

progress to chronic ankle instability [70, 72]. An increased ankle inversion angle is 

recognized as one of the important biomechanical factors causing LAS [71, 72]. Ankle 

inversion is the inward rotation of the ankle joint that turns the sole toward the midline 

of the body. When the ankle is in greater plantarflexion and inversion, it is considered 

to be at greater risk for LAS [72-74]. 

During the landing process, the lower limbs undergo a transfer of load impact 

pattern from the distal to the proximal: foot-ankle to knee, knee to hip [4, 6, 64]. The 

ankle joint and its surrounding muscles and tissues have a crucial function in absorbing 

the load impact during landing, serving as the initial point for the transfer of this impact 

[64]. Research has shown that they can withstand impact forces ranging from 2 to 5 

times the individual's body weight during a SL [12, 24, 64, 75]. Previous studies have 

suggested that increasing the ankle initial contact angle (AICA) during landing may 

increase ankle energy dissipation [28, 64], and a greater ankle range of motion (AROM) 

has also been thought to increase the time to the peak point of vertical ground reaction 

force (VGRF) [1, 2], thereby reducing the impact on the lower limb [64]. However, 

whether ankle joint motion patterns (AICA, AROM) during SL affect joint energy 
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dissipation and the degree of shock load cushioning across the lower limb, or even if 

there is some association with lower limb injury, remains to be further explored. It is 

undeniable that AICA and AROM during SL can be adjusted to a large extent by human 

autonomic awareness. Consequently, guiding individuals to consciously adjust their 

ankle movement patterns during landing based on the discovered laws is anticipated to 

decrease the incidence of lower limb injuries. [64, 76]. 

 

 

Figure 3 Illustration of ankle injury and ACL injury [64]. 

 

In assessing the ACL injury mechanism, traditional models mainly set ligaments 

as having linear force-length characteristics and consider them independent of strain 

rate [77-79]. However, ligaments (Figure 4), as dense connective tissue (DCT), are 

characterized by short-term viscoelastic strain, which affects the force-length 

characteristics [78, 80]. Hence, to more realistically revert and simulate the ACL injury 

mechanics, this study developed a knee musculoskeletal model that reverts the ACL 

ligament to a nonlinear short-term viscoelastic mechanical mechanism (strain rate-

dependent) generated by the DCT as a function of strain. By implementing the structural 

constitutive model, this study calculated the compressive stress on the ligament at 

different strains [80, 81]. 
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Figure 4 Illustration of the ligament dense connective tissue structure [80]. 

 

Therefore, this study aims to explore an optimized landing strategy to reduce the 

injury risk of the lower limb. This study hypothesized that the variations in ankle motion 

patterns (AICA, AROM) during SL would be associated with the injury risk of the 

lower limb. Among these, by appropriately increasing AICA and AROM during SL, the 

overall injury risk of the lower limb, particularly ACL injury, can be minimized, but 

this increases the LAS risk. Furthermore, there is an “optimal” ankle movement pattern 

that can balance the association between the LAS and ACL injury risk, allowing for 

minimization of the overall injury risk.  

During landing, when the body undergoes a greater VGRF, the impact on the joints 

of the lower limbs is greater [82, 83]. Among them, the degree to which the joints and 

soft tissues of the lower extremities are subjected to loads increases if the landing 

impact is not effectively dissipated [19, 64]. To be exact, insufficient energy dissipation 

in the lower extremity joints will increase the injury risk [64]. The moment is the 

torsional effect that the forces around the joint produce, and a larger moment implies 

greater stress on the muscles and ligaments surrounding the joint [1, 74]. These changes 

in biomechanical outcomes are thought to lead to an increased risk of lower limb injury 

[74, 83, 84]. Furthermore, the greater the loading force on the ACL, the greater the risk 

of ACL tears and strains [64, 84]. 

Therefore, the following works are specified: (1) The peak VGRF (PVGRF), total 

energy dissipation (TED), peak ankle sagittal moment (PAM), peak knee sagittal 

moment (PKM), and peak hip sagittal moment (PHM) were used to assess the overall 

injury risk of the lower limb, and explored their relationships with AICA, AROM. (2) 

The peak ankle inversion angle (PAIA), and peak ankle inversion moment (PAIM) was 

used to assess the LAS risk, and hypothesized the positive correlation between them 

and AICA, AROM. (3) The ACL model was developed and constructed to calculate 

ACL dynamic loading forces, and then the peak ACL force (PAF) was used to assess 

the ACL injury risk, and hypothesized the negative correlation between them and AICA, 

AROM. (4) The feasible ankle motion patterns were explored to balance the LAS and 

ACL injury risk based on the interaction between PAIA and PAF. 
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1.4 Overview of ankle initial contact angle and knee injuries during landing 

Landing is an important sport technique that is used in almost all human 

movements [1, 2, 28, 63]. The single-leg landing (SL) support is preferred over the 

double-leg landing support due to its superior ability to facilitate rapid pauses and shifts 

of direction after landing [1, 3, 28, 85]. As a result, it is commonly utilized in exercises 

[1, 3]. From the distal to the proximal areas, the lower limbs undergo a transfer of load 

impact patterns during landing: from the foot-ankle to the knee, then from the knee to 

the hip [4, 6, 85]. The absence of energy dissipation by the joint during landing is a 

primary factor contributing to musculoskeletal injuries that are associated with load 

transfer [63, 86]. In the case of the commonly employed SL support, only the support 

leg absorbs the energy shock, which raises the likelihood of injury to the landing limb 

[63, 85, 86]. As the primary joint transmitting impact load, the ankle joint and its 

accompanying muscles and tissues have an essential function for transferring impact 

loads during landing [64]. Especially in SL supports, the ankle joint can withstand an 

impact force close to five times the individual's body weight [12, 24, 64, 75]. Inadequate 

shock absorption in the ankle joint leads to an increase in the energy requirements of 

the other proximal joints [12, 28]. More precisely, the decrease in the dissipation of 

energy in the ankle (negative work) enhances the level of impact load in the other joints 

[19, 64]. Among them, the injury risk also undoubtedly increases when the knee's 

impact load is increased [64].  

During landing, the knee, which serves as the pivotal joint connecting the ankle 

and hip, is the most susceptible to damage [4, 5, 63]. When the knee joint is exposed to 

large impact loads for long periods of time, injuries associated with it inevitably occur, 

such as non-contact anterior cruciate ligament (ACL) injuries, meniscus injuries, patella 

fractures or dislocations, and cartilage injuries [1, 64, 87]. Of these, the most notable is 

ACL injury, which is one of the most popular injuries accompanying landing tasks (80% 

injury rate) and often incurs the most severe repercussions [1, 3, 9]. After an ACL 

rupture, patients experience a general decrease in their exercise level and quality of life. 

Even after prompt treatment, only 55% of patients return to their daily sports level 

within the first year [66]. Furthermore, ACL ruptures can lead to additional pathological 

alterations in the knee joint, such as knee osteoarthritis and meniscus-induced injury [9, 

67-69, 88]. Therefore, it is critically important to estimate knee forces accurately and 

efficiently, even ACL internal loading, during landing to assess the risk of knee-related 

injury and to propose timely preventive measures to prevent injury. 

When the biomechanical mechanisms of internal loads on the human body are 

explored in the context of the complex external mechanical environment, the current 

solutions in the field are mainly achieved by finite element analysis (FEA) techniques 

and musculoskeletal modeling simulations (Figure 5) [5, 77, 89]. Both of these methods 

are also expected to successfully evaluate the knee and ACL internal loading 

mechanisms during landing. The FEA technique is a computational method to 

demonstrate the mechanical response of biological systems under complex loading 

conditions [90-92]. It allows complex physical problems to be transformed into simple 

mathematical models, and then computer simulations are used to obtain the stress and 
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strain parameters of the human body under loading conditions, to assess the knee and 

ACL stress distribution during landings on the ground. As shown in Figure 6, OpenSim is 

an open-source software platform for musculoskeletal modeling and has become a 

mainstream analysis tool for human biomechanics research due to its proven 

applicability and accuracy [64, 78, 89]. By constructing an ACL model in OpenSim, 

ACL dynamic loading forces during landing can be accurately calculated [64, 77, 93]. 

 

 

Figure 5 Illustration of the finite element analysis [85]. 

 

 

Figure 6 Illustration of OpenSim-based musculoskeletal modeling simulation [94]. 

 

In assessing the ACL injury mechanism, traditional models mainly set ligaments 

as having linear force-length characteristics and consider them independent of strain 

rate [77-79]. However, ligaments, as dense connective tissue (DCT), are characterized 

by short-term viscoelastic strain, which affects the force-length characteristics [78, 80, 

85]. Hence, to more realistically revert and simulate the ACL injury mechanics, this 

study developed a knee musculoskeletal model that reverts the ACL ligament to a 

nonlinear short-term viscoelastic mechanical mechanism (strain rate-dependent) 

generated by the DCT as a function of strain [85]. By implementing the structural 

constitutive model, this study calculated the compressive stress on the ligament at 

different strains [80, 81, 85]. 
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Previous research has demonstrated that increasing the ankle plantarflexion (ankle 

initial contact angle: AICA) may increase ankle energy dissipation during landing, 

thereby reducing the landing impact on the other joints [28, 64]. Nevertheless, more 

research needs to be done on how ankle plantarflexion (AICA) affects the lower limb's 

ability to dissipate joint energy and absorb shock loads during single-leg landings, as 

well as any possible links between this and knee injuries. Unquestionably, ankle 

plantarflexion during landing can be adjusted to a large extent by individual autonomic 

awareness. Consequently, it is expected that instructing individuals to consciously 

adjust their ankle movement patterns during landing, according to the discovered rules, 

would reduce the occurrence of knee-related injuries [64, 76]. 

At present, it is unclear whether increasing the ankle plantarflexion angle during 

landing would change the knee loading mechanism and further affect ACL injury risk. 

Therefore, this work aims to explore the effects of different ankle plantarflexion angles 

during SL on knee impact loading and ACL injury risk. The biomechanical properties 

of the knee joint were planned to be quantified based on musculoskeletal modeling and 

finite element analysis (foot-ankle-knee integration model). Meanwhile, landing 

optimization strategies are further proposed to reduce knee-related injuries based on the 

possible findings. 

 

1.5 Application of machine learning in predicting lower limb biomechanical 

variables 

In actual motion monitoring, most current studies of ACL forces during landing 

have been conducted using biomechanical models such as musculoskeletal models and 

in vivo studies [93, 95-97]. However, the establishment of such a model usually requires 

a large and complex base of knowledge, and the simulation calculation process is 

usually time-consuming and costly. In recent years, as shown in Figure 7, an increasing 

number of studies have favored the use of machine learning methods to model and 

predict the complex "input-output" relationship, to address the computational difficulty 

and cost of important variables in biomechanics [46, 98-100]. When predicting time 

series data in biomechanical variables, the prediction model relies not only on the 

current input, but also needs to combine the input at the previous or follow time as a 

reference. Therefore, a recurrent neural network with a special structure called long 

short-term memory (LSTM) network has been widely used to predict the variables such 

as the GRF, the knee joint contact forces, and the coordination variability in the field of 

biomechanics [98, 99, 101]. 

However, one issue to consider when predicting biomechanical variables based on 

machine learning is that manually setting the hyperparameters of a neural network 

model for a specific data set often results in slow convergence, failure to converge, and 

overfitting of the model, thus affecting its predictive performance [102, 103]. Recently, 

more and more studies have focused on finding the optimal parameter solution by 

combining metaheuristic algorithms, thus solving intractable problems in various 

engineering fields [104-106]. Specifically, the metaheuristic algorithm provides a 

practical and elegant solution to complex problems. The sparrow search algorithm (SSA) 

is a novel metaheuristic algorithm, which is mainly inspired by the foraging and anti-
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predation behaviors of sparrows [107]. The performance of the SSA has been tested 

through experiments on 19 benchmark functions and compared with the performance 

of other classical intelligent algorithms. Simulation results show that SSA is superior to 

other algorithms in terms of accuracy, stability, robustness and convergence speed, and 

has been implemented in a large number of studies [107]. Therefore, this study intends 

to use SSA to find the optimal parameters of the prediction model in predicting the ACL 

dynamic load forces to achieve an accurate prediction of the ACL forces. 

 

 
Figure 7 Illustration of the machine learning prediction model [108]. 

 

It is difficult to have a recognizable intersection relationship between the trend of 

the ACL force and the corresponding set of independent variables near the point in time 

when the peak ACL force (PAF) occurs, which may lead to a larger prediction error 

near of the PAF. In addition, when assessing the risk of ACL injury, the trend in ACL 

force near the time point when the PAF occurs (during the 10%-35% landing phase) is 

the stage that is mainly focused on [1-3, 96]. It has been reported that this stage is a 

high-risk time window for ACL injury to occur [7, 8]. Therefore, how to design an 

optimal prediction model that can accurately predict the trend during the 10%-35% 

landing phase is a difficulty requiring a solution in the current research field. Therefore, 

this study intends to further optimize the model by constructing the PAF prediction 

model twice based on the explored relationship between ankle kinematics and PAF, 

finally achieving an accurate and effective prediction of the ACL force during SL. 

 

1.6 Application of surface electromyographic signals in estimating lower limb joint 

movements 

For related patients with movement disorders, the main clinical focus is on 

exercise rehabilitation to help recover lost motor function and enhance sports 

performance, etc [109-111]. In this regard, lower limb-powered exoskeletons and 

orthoses have been extensively developed for sports rehabilitation to improve the 

efficacy of pathological rehabilitation [112, 113]. In exoskeleton-assisted rehabilitation 

training, the active participation of the human user plays a crucial role in stimulating 
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neuromuscular recovery [114, 115]. In other words, the basis for achieving seamless 

control of exoskeletal robots and orthoses is the accompanying accurate inference of 

the user's movement intentions, which is currently a difficult and challenging task in 

this field [112-116]. At the present stage, the user's movement intention information is 

mainly obtained through surface electromyography (EMG) signals [117]. Surface EMG 

is generated by muscle contraction and can be used as a tool to detect movement 

intention before the user making the actual movement, thus being widely used in 

rehabilitation robots and human-machine interfaces, etc [118-120]. 

As shown in Figure 8, there are two main ways to detect the user's motion intention 

based on surface EMG signals: 1) identifying different motion patterns of human limbs 

based on feature extraction and classification algorithms; 2) estimating continuous 

kinematic variables (joint angles, force, torques, etc.) [113, 114, 121]. For the first one, 

the researchers have mainly developed feature extraction and classification algorithms 

with high accuracy to analyze the surface EMG signal to recognize the different 

movement patterns of the limb. However, this way can only identify a limited number 

of discrete movement patterns from the surface EMG signal, such as walking on a flat 

surface, sitting down/standing up, walking uphill/downhill, etc. [112, 122, 123]. The 

recognition results of this method are more suitable for use as trigger control for 

exoskeleton robots, as it inevitably affects human-machine coordination and 

smoothness during movement [124]. In the second way, surface EMG signals are used 

to estimate continuous time-series-based kinematic variables [125, 126]. 

Implementations of the second approach are divided into two main types: 1) model-

based neuro driven musculoskeletal models [127]; 2) model-free machine learning 

algorithms such as artificial neural networks and support vector machines [124, 125]. 

By recognizing the expected motion trajectory from the surface EMG signal, this 

approach can be used as a control command for exoskeleton robots to achieve smooth 

motion control [113, 125, 128]. 

Previous studies in estimating continuous kinematic variables have usually 

calculated the informative features of a single group from the surface EMG signals of 

each muscle, and used them as regular features in that motion pattern [112, 129]. For 

example, a feature matrix will be constructed based on the extraction of time-domain 

features (root mean square amplitude, waveform length, maximum fractal length, etc.) 

from individual surface EMG channels. However, one issue that needs to be examined 

is that the features extracted from a single surface EMG channel are extremely sensitive 

to noise, amplitude cancellation and electrode shifts, which would increase estimation 

errors [118, 130, 131]. More critically, the inability to effectively detect individual 

surface EMG signals makes it difficult for the surface EMG features extracted from 

specific movement patterns to reflect the real physiological phenomenon. This is 

particularly true in specific patients, as evidenced by the failure or ineffectiveness of 

surface EMG signal capture in selected muscles under motor deficits [110, 112, 132]. 

This directly leads to an increase in the error between the estimated continuous 

movement variables and the expected results, thus hindering the use of rehabilitation 

robots in clinical practice [133, 134]. 
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Figure 8 Illustration of lower limb joint motion estimation based on surface EMG 

signals [108]. 

 

How the central nervous system efficiently and sequentially controls the peripheral 

neuromusculoskeletal to achieve target movements is a fundamental question in the 

field of neuroscience and movement science research. Among them, the existence of 

muscle synergy makes efficient and orderly control possible [135, 136]. Muscle synergy 

is a collection of neural control information, which contains the coordinate information 

between each muscle to reveal the coordination of muscle recruitment [135, 136]. At 

the macroscopic level, muscle synergies reflect the shared neural drive of motor units 

between muscles. In recent years, muscle synergy has been proposed for applications 

in the analysis of motor mechanisms in healthy subjects and patients, as well as in 

exoskeletal rehabilitation robots and human-machine interfaces to detect movement 

intention [137-142]. By revealing the neuromuscular control mechanism behind the 

motor system, muscle synergy can detect movement intention comprehensively and 

accurately, and its application is expected to help patients in clinical rehabilitation. 

In terms of mathematical operations, extracting muscle synergy is an approximate 

decomposition of the original muscle activation matrix into the product of the muscle 

synergy matrix and the activation coefficient matrix [142, 143]. Many algorithms can 

implement muscle activation matrix decomposition, which includes non-negative 

matrix factorization (NNMF), principal component analysis, factor analysis, vector 

quantization, etc. Compared with other methods, the left-right matrix factors acquired 

by decomposing the muscle activation matrix based on NNMF have a non-negative 

characteristic, which enhances the interpretability of the issue [143, 144]. In addition, 

NNMF has many advantages such as simplicity in implementation, interpretability in 
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decomposition form and results, and low storage consumption [143, 144]. 

When estimating continuous kinematic variables based on muscle synergy patterns, 

there is a high degree of non-linear correlation between them [125, 128]. Therefore, a 

non-linear modeling tool that can handle complex information should be developed 

when mapping muscle synergy patterns to kinematic variables. As one such tool, the 

adaptive neuro-fuzzy inference system (ANFIS) has been successfully applied to 

identify different human motion patterns and estimate continuous joint movements 

[145-147]. ANFIS combines the autonomous learning mechanism of artificial neural 

networks with the fast inference capability of fuzzy logic inference systems, which has 

capable of fast processing of large-scale non-linear data and evolutionary learning [145, 

148]. It also has the advantages of optimizing membership functions through 

independent learning and adjusting fuzzy logic rules to establish output functions that 

adapt to various rules [145, 148]. Therefore, ANFIS is expected to be efficient and 

accurate in detecting human movement intentions, both for healthy subjects and 

patients, when used as a modeling tool for mapping muscle synergy patterns to 

kinematic variables. 

This study aims to develop a movement intention detection technology for 

estimating each joint continuous kinematic variable based on the lower limb muscle 

synergy pattern, with a view to developing applications for more efficient exoskeleton-

assisted rehabilitation training. More specifically, this study extracted the lower limb 

muscle synergy patterns of healthy subjects and patients through NNMF, and then 

mapped the lower limb muscle synergy patterns to each joint continuous motion 

variable using the developed ANFIS non-linear regression model. It is hypothesized 

that the proposed ANFIS model driven by the NNMF-extracted muscle synergy patterns 

will be able to accurately and reliably estimate lower limb joint movements, and that 

the effectiveness will also be radiated to patient subjects. 

 

1.7 Aims and objectives 

The 1st research question: 

Previous studies on the impact of fatigue factors on the lower limb biomechanics 

during landing tasks often only investigated the effect of fatigue factors on ACL injury 

risk from some indirect indicators, rather than starting from the perspective of the 

dynamic loading forces within the ACL itself. However, the limitation is that it cannot 

explore the exact mechanism of the fatigue factor increasing ACL injury risk from the 

internal force itself. In addition, it is unclear whether changes in the ankle during after-

fatigue landing are associated with an increased risk of ACL injury. 

 

Therefore, my 1st objective is: 

To accurately calculate ACL internal dynamic load forces by constructing a 

musculoskeletal modeling. In addition, this study aims to explore whether there are 

detectable and recognizable differences in ankle joint kinematics, lower limb joint 

energy dissipation (joint work) and ACL load force between before-fatigue and after-

fatigue landing, as well as to explore the possible relationship between them. 

 



15 

 

The 2nd research question: 

In clinical landing injury screening, clinical experts mainly performed quantitative 

description and analysis from the perspective of biomechanics. However, traditional 

approach has the inherent limitation of losing a large amount of effective information 

when extracting low-dimensional single-time point discrete variables from high-

dimensional time-continuous variables. Meanwhile, the landing patterns are different 

in the situation of different injury conditions, different control/intervention conditions, 

and whether there is lower limb injury, which will cause great difficulties for clinical 

experts in clinical diagnosis. In recent years, the relevant application of explainable 

machine learning (XML) in clinical diagnosis has increased the trust of experts in this 

field in the traceability of ML methods, and has been accepted by more and more 

researchers. 

 

Therefore, my 2nd objective is: 

To investigate whether XML can help with landing pattern recognition and to what 

extent it can aid in the interpretation of prediction results. This work firstly compared 

the classification recognition performances of several classical classification models on 

two class landing tasks, and then constructed the XML model based on the neural 

network model with the best recognition performance combined with LRP to explain 

the model classification recognition results. The current study proposed two approaches 

to assess the computed interpretability results: 1) assessment from a statistical 

perspective; and 2) assessment from a clinical perspective. For statistical evaluation, a 

Statistical Parametric Mapping (SPM) technology based on random field theory was 

used to detect statistical differences in the input signals, and then to verify whether 

interpretability results are reasonable based on statistical differences. For clinical 

evaluation, interpretable results were analyzed clinically by experienced experts in the 

field to assess their compatibility with clinical features. 

 

The 3rd research question: 

During landing, the knee has the highest risk of injury, and the most common is 

the non-contact ACL injury, with more than 80% of its injuries occurring during landing 

tasks. It is also true that ankle sprains, on the other hand, are one of the most common 

injuries associated with landing, and more than 80% of ankle sprains occur in the lateral. 

At present, whether ankle joint motion patterns (AICA, AROM) during landing affect 

joint energy dissipation and the degree of shock load cushioning across the lower limb, 

or even if there is some association with lower limb injury, remains to be further 

explored. In assessing the ACL injury mechanism, traditional models mainly set 

ligaments as having linear force-length characteristics and consider them independent 

of strain rate. 

 

Therefore, my 3rd objective is: 

To more realistically revert and simulate the ACL injury mechanics, this study 

developed a knee musculoskeletal model that reverts the ACL ligament to a nonlinear 

short-term viscoelastic mechanical mechanism (strain rate-dependent) generated by the 
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DCT as a function of strain. This work was specified: (1) The peak VGRF (PVGRF), 

total energy dissipation (TED), peak ankle sagittal moment, peak knee sagittal moment, 

and peak hip sagittal moment were used to assess the overall injury risk of the lower 

limb, and explored their relationships with AICA, AROM. (2) The peak ankle inversion 

angle (PAIA), and peak ankle inversion moment (PAIM) was used to assess the LAS 

risk, and hypothesized the positive correlation between them and AICA, AROM. (3) 

The ACL model was developed and constructed to calculate ACL dynamic loading 

forces, and then the peak ACL force (PAF) was used to assess the ACL injury risk, and 

hypothesized the negative correlation between them and AICA, AROM. (4) The 

feasible ankle motion patterns were explored to balance the LAS and ACL injury risk 

based on the interaction between PAIA and PAF. 

 

The 4th research question: 

During landing, the knee, which serves as the pivotal joint connecting the ankle 

and hip, is the most susceptible to damage. When the biomechanical mechanisms of 

internal loads on the human body are explored in the context of the complex external 

mechanical environment, the current solutions in the field are mainly achieved by finite 

element analysis (FEA) techniques and musculoskeletal modeling simulations. 

Previous research has demonstrated that increasing the ankle plantarflexion (ankle 

initial contact angle: AICA) may increase ankle energy dissipation during landing, 

thereby reducing the landing impact on the other joints. At present, it is unclear whether 

increasing the ankle plantarflexion angle during landing would change the knee loading 

mechanism and further affect ACL injury risk. 

 

Therefore, my 4th objective is: 

To explore the effects of different ankle plantarflexion angles during SL on knee 

impact loading and ACL injury risk. The biomechanical properties of the knee joint 

were planned to be quantified based on musculoskeletal modeling and finite element 

analysis (foot-ankle-knee integration model). This study employed a joint impact force 

to evaluate the impact loads on the knee at various landing angles, and calculated the 

joint negative work to assess the ability of the knee to dissipate the energy impact. 

Additionally, the ACL internal load forces (musculoskeletal modeling) and ACL stress 

(finite element analysis) were simulated and calculated to evaluate the ACL injury risk. 

Meanwhile, landing optimization strategies are further proposed to reduce knee-related 

injuries based on the possible findings. 

 

The 5th research question: 

In actual motion monitoring, most current studies of ACL forces during landing 

have been conducted using biomechanical models such as musculoskeletal models and 

in vivo studies. However, the establishment of such a model usually requires a large 

and complex base of knowledge, and the simulation calculation process is usually time-

consuming and costly. In recent years, an increasing number of studies have favored 

the use of machine learning methods to model and predict the complex "input-output" 

relationship, to address the computational difficulty and cost of important variables in 
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biomechanics. 

 

Therefore, my 5th objective is: 

To develop a highly accurate and easy-to-implement ACL dynamic load force 

prediction model, which has low input variable demands (sagittal joint angles), 

excellent generalization capabilities and superior performance in terms of high accuracy. 

This study first combines LSTM algorithm to construct the prediction model, and then 

introduces a metaheuristic optimization algorithm (SSA) to optimize the prediction 

model based on existing machine learning models, and further optimizes the prediction 

results by combining the discovered linear relationship between AIC, AROM and PAF 

to achieve accurate prediction of the ACL dynamic load force during SL using simple 

and easy-to-measure kinematic data. 

 

The 6th research question: 

Previous studies in estimating continuous kinematic variables have usually 

calculated the informative features of a single group from the surface EMG signals of 

each muscle, and used them as regular features in that motion pattern. However, the 

features extracted from a single surface EMG channel are extremely sensitive to noise, 

amplitude cancellation and electrode shifts, which would increase estimation errors. By 

revealing the neuromuscular control mechanism behind the motor system, muscle 

synergy can detect movement intention comprehensively and accurately, and its 

application is expected to help patients in clinical rehabilitation. ANFIS has the 

advantages of optimizing membership functions through independent learning and 

adjusting fuzzy logic rules to establish output functions that adapt to various rules. 

 

Therefore, my 6th objective is: 

To develop a movement intention detection technology for estimating each joint 

continuous kinematic variable based on the lower limb muscle synergy pattern, with a 

view to developing applications for more efficient exoskeleton-assisted rehabilitation 

training. More specifically, this study extracted the lower limb muscle synergy patterns 

of healthy subjects and patients through NNMF, and then mapped the lower limb 

muscle synergy patterns to each joint continuous motion variable using the developed 

ANFIS non-linear regression model. It is hypothesized that the proposed ANFIS model 

driven by the NNMF-extracted muscle synergy patterns will be able to accurately and 

reliably estimate lower limb joint movements, and that the effectiveness will also be 

radiated to patient subjects. 
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2. Materials and methods 

2.1 Ethics statement 

As shown in Figure 9, this study was approved by Ningbo University's Ethics 

Committee (Approval Number: RAGH20220608), and all subjects provided and signed 

written informed consent. Before participating in the formal experiment, all subjects 

were given a detailed explanation of the experiment's objectives, prerequisites and steps. 

 

 

Figure 9 The ethics form and human informed consent form. 

 

2.2 Experiments and methods for objective 1 

The work procedure is presented in Figure 10, which was mainly divided into four 

parts: 1) Collect the biomechanics data during the landing phase between before-fatigue 

and after-fatigue; 2) Build the musculoskeletal model based on Visual 3D (C-Motion 

Inc., Germantown, US) and OpenSim (Stanford University, Stanford, CA, USA) 

software to simulate and calculate the ACL force ; 3) Explore the internal relationship 

between the AIC, AROM and joint energy dissipation, PAF based on the SL patterns 

difference between before-fatigue and after-fatigue. 
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Figure 10 Overview of the whole work procedure of this study. 

 

2.2.1 Participants 

A total of 56 healthy male subjects (age: 22.56±5.13 years; body mass: 

82.62±13.38 kg; height: 1.85±0.11 m) were recruited for this study. To be eligible, 

participants had to have no history of severe lower-extremity surgery or any other injury 

variables that would interfere with the study within the previous six months. The 

experiment's goals, requirements, and procedures were explained to the participants. 

 

2.2.2 Experimental protocol and procedures 

The Vicon motion capture device with 8 infrared cameras (Vicon Metrics Ltd., UK) 

was used to obtain three-dimensional lower limb joint kinematic data at a 200 Hz 

sampling frequency. Meanwhile, the ground reaction force (GRF) data were obtained 

synchronously using a 1000 Hz AMTI force plate installed in the ground (AMTI, 

Watertown, UAS). This study performed musculoskeletal modeling of the lower limbs 

based on the pipeline that had been constructed from previous models, by adjusting the 

built-in parameters to apply with the current study musculoskeletal modeling 

requirements [78, 149]. Thirty-eight reflective markers were placed on the subject's 

body to track movement (Figure 11A). Meanwhile, six Electromyographic (EMG) 

sensors (Delsys, Boston, MA, USA) with 1000 Hz frequency were used to measure the 

muscle activations. As presented in Figure 11B, six muscles (rectus femoris, vastus 

medialis, vastus lateralis, tibialis anterior, lateral gastrocnemius, and medial 

gastrocnemius) were selected to verify the accuracy of the constructed musculoskeletal 

model based on previous studies [89, 150]. During EMG signal acquisition, this study 

first treated the skin surface with alcohol cleaning and wiping to ensure that the 

electrodes could adhere well and record muscle activity accurately [64]. The EMG 

sensors were then placed jointly by two experimental operators to ensure that their 
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electrodes were placed in the middle of the target muscle and aligned with the 

orientation of the muscle fibers [36]. Besides the use of EMG patches, this study used 

a bandage for secondary fixation of the EMG sensors to ensure that the electrodes 

would remain stable and in close contact with the muscles. Before starting the formal 

data acquisition, this study also performed signal testing to ensure that the electrodes 

were properly placed and could accurately record muscle activity. For the adjacent 

muscles, such as the soleus and lateral gastrocnemius, two experimental operators 

simultaneously observed the EMG signal data during the acquisition in real time. For 

the observed abnormal fluctuation signal, it is considered an acquisition failure, and the 

acquisition will be carried out after debugging and checking again. The maximal 

voluntary contraction (MVC) for selected six muscles was also collected to standardize 

the muscle activation [89]. 

The experiment was divided into three parts: 1) Landing biomechanical test of BF; 

2) Fatigue intervention; 3) Landing biomechanical test of AF (Figure 11C). The BF and 

AF biomechanical test process was the same. The drop landing was selected as the 

landing test maneuver, and the whole test process is outlined in Figure 11D. As a general 

landing test maneuver, drop landing maximizes the revivification of landing properties, 

and has been used in a large number of studies [6, 19]. The dominant leg was chosen as 

the analytical limb in this study, and a total of 39 reflective markers (12.5 mm diameter 

standard) were affixed to the pelvic and lower limb (Figure 11A). The placement of 

reflective markers in all subjects was performed by the same experimenter and checked 

by another experimenter. All subjects were required to wear tights, leggings, and 

uniform shoes, and warmed up for 10 minutes by running at their own pace in the 

laboratory, then they acquainted themselves with the experimental procedure. After the 

reflective markers and EMG sensors were affixed, subjects were asked to stand on the 

force plate in a standard anatomical posture with their feet open, shoulder width apart, 

arms open to 45° oblique downward, and they were visually ahead and kept motionless 

until the experimenter completed static data collection. 

For the landing biomechanics, a 40 cm high jump platform was placed directly in 

front of the force plate, and the subject stood on the jump platform with his hands on 

his hips. After hearing the "begin" signal from the experimenter, the subject moves the 

dominant leg forward, and leans forward to fall vertically from the jump platform at no 

initial speed synchronously. Subjects were instructed to land with their dominant leg as 

close to the center of the force plate as possible, and then land on one leg for support 

and balance. A successful experiment was defined as the subject's ability to balance on 

the dominant leg for 3 seconds without any tendency to fall. 5 successful landing trial 

datasets were collected for each subject both before-fatigue (BF) and after-fatigue (AF) 

landing test. The subjects rested for at least 30 seconds between each session in landing 

test of BF, and their heart rates were monitored using a wireless Polar table to ensure 

their heart rates had recovered before the next testing. 

Fatigue intervention was performed immediately after the completion of the BF 

landing biomechanical test. The current study adopts the continuous close chain action 

in the whole process to better maintain and control the state of lower extremity muscle 

fatigue (Figure 11C). All subjects loaded the barbell with their knees bent to 90° to 
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squat, the weight of the barbell was set to 1/3 of the subject's body weight, and the 

frequency of squatting was set to 50 times/min [151, 152]. During the fatigue 

intervention, two experimenters assisted the subjects to carry out the fatigue 

intervention. The experimenter first selected the barbell plate according to the body 

weight of the subjects. Then, the experimenter set the metronome at a frequency of 50 

times/min, and the subjects performed weight-bearing squats according to the rhythm 

of the metronome. Throughout the fatigue intervention, the subjects were protected and 

verbal encouragement was given to keep them going. 

 

 

Figure 11 Overview of the musculoskeletal model and whole study experimental 

procedure. (A) Illustration of the position of the reflective marking points about the 

constructed musculoskeletal model. (B) Illustration of the position of the EMG test on 

human lower limbs, which aims to verify the accuracy of the established 

musculoskeletal model. (C) Illustration of the whole experimental process, which 

includes three main steps: 1) SL biomechanics test of before-fatigue; 2) Fatigue 

intervention; 3) SL biomechanics test of after-fatigue. (D) Illustration of the process 

of SL biomechanics test. The landing phase was from initial contact with the ground 

to maximum knee flexion. (E) Illustration of the constructed ACL physiological 

model in OpenSim musculoskeletal model. The ACL was attached to the medial front 

of the tibial intercondylar eminence and extended to the medial side of the lateral 

condyle of the femur. 
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When the subject meets any one of the following three criteria, the subject was 

considered to be fatigued and can begin the landing test: 1) Subjects cannot complete 2 

effective squats or cannot keep up with 4 consecutive squats; 2) According to the 

session rating of perceived exertion (PRE) to determine the subjects' subjective fatigue. 

PRE is divided into 6 to 20 levels, level 6 is defined as quiet, and level 20 is defined as 

very tired [21]. In this study, fatigue was defined as an RPE level above 17 [153]; 3) 

Heart rate reaches 85% of maximum heart rate, and maximum heart rate was defined 

as the 220 minus subject’s age [15]. The subject's heart rate is monitored in real time to 

determine if the subject is constantly fatigued. 

Landing tests of AF was performed as soon as the subject was determined to be 

maximally fatigued. The landing test requirements were the same as BF, but there was 

no rest time between each session in the landing test of AF. Meanwhile, the subjects 

were asked to perform the squat jump three times in a row between each test to maintain 

the fatigue effect [154]. The time to complete the landing movement and the immediate 

heart rate were recorded throughout the test, and the results are shown in Table 1. 

 

Table 1 The physical state of athletes during the experiment. 

 
Complete time 

(s) 

Heart Rate 

(times/min) 
PRE Level 

Landing Tests Before-

Fatigue Intervention 
287±79.1 82.3±6.9 8.0±0.5 

Fatigue Intervention 123.6±23.5 165.6±10.1 17.0±1.5 

Landing Tests After-Fatigue 

Intervention 
169.6±68.4 172.3±9.8 17.5±1.1 

 

2.2.3 Data initial collection and processing 

Linear envelope is a smoothing technique commonly used in the processing of 

EMG data to extract the low-frequency trends of the signal and filter out the high-

frequency noise to provide a more intuitive representation of the level of muscle activity 

[108]. In the current study, the linear envelope of the collected EMG raw signal was 

band-pass filtered with a Butterworth fourth-order filter in the frequency range of 10-

400 Hz, followed by full-wave rectification, and finally low-pass filtered with a 6 Hz 

cut-off frequency (based on the determined most appropriate signal-to-noise ratio). At 

the same time, the EMG signal was normalized by dividing the EMG amplitude by the 

maximum root mean square amplitude, which was then divided by MVC to obtain the 

degree of each muscle activation [89]. Muscle activation level is the degree of muscle 

contraction during an exercise cycle, usually quantified by an electromyographic signal. 

It characterizes the degree of muscle engagement and workload during various 

movements or static postures, reflecting the strength of activation signals sent from the 

nervous system to the muscle. Finally, the muscle activation results of collecting by the 

EMG sensor and obtained by musculoskeletal modeling simulation were compared to 

verify the effectiveness and accuracy of the musculoskeletal model. 

Vertical GRF greater than 10N was used to establish the initial contact force point 

[1, 3]. The landing phase was defined as from the initial contact force point to the 
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maximum knee flexion [1, 2]. The data was initially processed in Vicon Nexus software: 

1) Name the captured reflective markers; 2) fix the missing reflective markers in this 

stage; 3) delete the redundant and wrong reflective markers. Data were collected for a 

total of 5 s, including 2 seconds before and 3 seconds following the initial contact with 

the ground [19].  

Then, the exported C3D files from Vicon Nexus were imported into Visual 3D 

6.7.3 (C-Motion Inc., Germantown, US) software for further modeling process [89]. In 

this step, joint kinematics (joint angle) and joint kinetics (joint moment) were calculated 

by using the built-in inverse kinematics and inverse dynamics algorithms in Visual3D. 

Based on Winter’s study of the selected filter frequency [155], the most appropriate 

signal-to-noise ratio was determined by carrying out the residual analysis of data in 

subsets. Based on this, fourth-order zero-phase lag Butterworth low-pass filters with 

frequencies of 10 and 20 Hz were used to filter the kinematic and kinetic data [155]. 

Finally, the ankle, knee, hip joints sagittal angle and power, each muscles 

activation were then imported into MATLAB R2022a (Visual R2022a, MathWorks, 

United States) to expand into 101 data point curves (0%-100% landing phase). The 

whole process of data processing was realized by self-written MATLAB scripts. 

 

2.2.4 ACL Modeling and Properties Setting 

The processed kinematic and kinetic data were exported in “. 𝑜𝑠𝑖𝑚” format via 

Visual3D and then imported into OpenSim for musculoskeletal modeling to create the 

ACL physiological model. The lower limbs will have a large impact during the landing 

phase, especially in the early landing stage, the acceleration and ground reaction force 

of each segment will change dramatically, resulting in non-convergence in the 

optimization process. Therefore, several attempts were made to reproduce the landing 

using the Reduce Residuals Algorithm (RRA) and Computed muscle control (CMC) 

for each segment. As presented in Figure 11E, the ACL was attached to the medial front 

of the tibial intercondylar eminence and extended to the medial side of the lateral 

condyle of the femur. Since the main purpose of the current study to establish the ACL 

physiological model is to calculate the internal ACL loading forces, it is only necessary 

to assume that the endpoints are fixed without considering the actual adhesion 

mechanisms. The structure of the passive soft tissue of the ACL was mainly achieved 

by inhibiting the activation of the contractile element. 

ACL force is determined by the mechanical properties of the ACL, which include 

its force-strain property and its stiffness (physiological cross-sectional area). The ACL 

strain varies with the knee valgus angle under different flexion conditions. Based on 

the simulation results after CMC, it can be seen that ACL strain is a function of knee 

kinematics, that is, the function of the muscle optimization process. Therefore, this 

work sets the ratio of passive ACL strain to flexion-extension and varus-valgus angle 

to 15% by adjusting the ACL material properties of the passive fiber strain at the 

maximum isometric force [78, 93, 96, 156]. As a maximum tolerance ratio, 15% is 

reasonable because the range of 9% to 15% has been shown to cause ACL rupture and 

microfiber damage [96, 157]. If a passive ACL strain characteristic is specified as less 

than 1% in an individual model, additional adjustments are made to the models to 
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ensure that the strain limit can be accurately controlled. For the contact area between 

ligament and bone (junction of ligament together with bones), the maximum strain was 

limited to 2.5-3.0% to ensure that the isometric force could start from the lowest value 

in the simulation [93]. The length of bony osteoligamentous (tendons) and ligaments 

(muscles) will be examined during CMC based on the determined ACL strain when the 

presence of deformation of the entire muscle-tendon unit [78]. The linear elastic 

stiffness of the ACL was set at 240 N/mm based on a cadaveric study by Woo et al. on 

humans aged 22-35 years [157]. The constant stiffness can be specified as a material 

property, because it is characteristic only in the region of transition from low strain to 

high stiffness at high strain based on the Gaussian law [78]. 

 

2.2.5 Recognition and difference of landing pattern variable Between BF and AF 

and correlation analysis 

This study first needs to reveal the changes in joint energy dissipation and ankle 

joint movement patterns (AICA and AROM) during after-fatigue SL, and then further 

determine the relationship between joint energy dissipation and ankle joint movement 

patterns. Further, based on the relationship between joint energy dissipation and ACL 

force, the relationship between ankle motion pattern and ACL force was finally deduced. 

Therefore, this study first extracted and calculated the variable of AIC, AROM, PAF, 

total energy dissipation of lower limb (TED), ankle energy dissipation (AED), knee 

energy dissipation (KED), hip energy dissipation (HED), ankle contribution to total 

energy dissipation (ACTED), knee contribution to total energy dissipation (KCTED), 

hip contribution to total energy dissipation (HCTED). 

The AROM is defined as the difference between the maximum plantarflexion and 

the dorsiflexion. The joint energy dissipation is the joint negative (eccentric) work, and 

the joint work was computed by the integral of joint power over time [6]. The joint 

contribution to total energy dissipation was calculated as the percentage of each joint in 

the total energy dissipation [6]. The current study only considered joint work in the 

sagittal plane, as the lower limb energy dissipation is mainly concentrated in the sagittal 

plane during single-leg landing [6, 12]. 

For the variables of AIC, ROM, PAF, AED, KED, and HED, this study performed 

the Paired-samples T-test for the mean value of each sample (112 datasets) to test 

differences between before-fatigue and after-fatigue. Also, considering the large 

original dataset (560 original datasets), this study combined machine learning 

algorithms to determine the recognizability of the two classes of data with each other 

[46, 158]. Three classical and widely used classification and recognition algorithm 

models were conducted: 1) Support vector machine (SVM); 2) K-nearest neighbor 

(KNN); 3) Artificial neural network (ANN). A total of 112 samples dataset 

(56𝐵𝑒𝑓𝑜𝑟𝑒−𝐹𝑎𝑡𝑖𝑔𝑢𝑒 + 56𝐴𝑓𝑡𝑒𝑟−𝐹𝑎𝑡𝑖𝑔𝑢𝑒) of each class is randomly distributed uniformly 

to avoid errors during model training. Meanwhile, the data from the five successful 

trials for each subject were placed in the same subset during model training to ensure 

that the model performance was not affected by the same subject's data in different 

subsets. 

Pearson correlation analysis and linear regression analysis were performed to 
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explore the relationships between them. As presented in Table 2, the interpretation of 

the correlation was defined according to previous studies [159]. When the correlation 

coefficient is less than 0.1, it is defined as no correlation. 

 

Table 2 Interpretation of Pearson's correlation coefficients. 

Square of the Correlation Coefficient R2 Interpretation of the Correlation 

[0.00, 0.01) Negligible 

[0.01, 0.16) Weak 

[0.16, 0.49) Moderate 

[0.49, 0.81) Strong 

[0.81, 1.00] Very strong 

 

2.2.6 Classification and recognition algorithm model 

SVM has many unique advantages in solving nonlinear, small-sample, high-

dimensional data pattern recognition problems. Given training sample set 𝐷 =

(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑚, 𝑦𝑚), 𝑦𝑖 ∈ (−1,+1), the essence of classification is to find a 

partition hyperplane in the sample space to separate samples of different categories. For 

the SVM, the model corresponding to the hyperplane partition in the feature space can 

be expressed as 𝑓(𝑥) = 𝜔𝑇𝜙(𝑥) + 𝑏. Where the 𝜔 = (𝜔1; 𝜔2; … ;𝜔𝑑) is the normal 

vector that determines the direction of the hyperplane; the 𝑏 is the displacement term, 

which determines the distance between the hyperplane and the origin; the 𝜙(𝑥) 

represents the eigenvectors after the 𝑥 map. By setting the kernel function 𝜅(𝑥𝑖, 𝑦𝑖) =

 𝜙(𝑥𝑖)
𝑇𝜙(𝑥𝑗), the support vector expansion can be obtained: 

𝑓(𝑥) = 𝜔𝑇𝜙(𝑥) + 𝑏 =∑𝛼𝑖𝑦𝑖𝜙(𝑥𝑖)
𝑇𝜙(𝑥) + 𝑏

𝑚

𝑖=1

=∑𝛼𝑖𝑦𝑖𝜅(𝑥, 𝑥𝑖) + 𝑏

𝑚

𝑖=1

      (1) 

In this study, the linear kernel functions (𝜅(𝑥, 𝑥𝑖) = 𝑥𝑖
𝑇𝑥𝑗) were used to turn the 

input feature's data into a higher-dimensional space. At the same time, the soft margin 

idea was used to cope with the possibility of misclassifications. The soft margin should 

make the samples that do not meet the constraints as small as possible while 

maximizing the margin, then the optimization objective can be expressed as: 

𝑚𝑖𝑛𝜔,𝑏,𝜉𝑖 
1

2
||𝜔||2 + 𝐶 ∑ 𝜉𝑖

𝑚
𝑖=1 . Where the 𝜉𝑖 is the slack variables, and the 𝐶 (𝐶 = 1) 

is a regularization constant [160, 161]. For the selection of 𝐶 values in SVM, it is a 

balance between model complexity and generalization ability. 

K-nearest neighbor (KNN) algorithm was selected as the learning algorithm for 

fitness evaluation. The KNN was first proposed by Cover and Hart in 1968, and it is 

mainly used in character recognition, text classification, image recognition, and other 

fields [162]. The algorithm idea of the KNN is that if a sample is most similar to k 

samples in the dataset, and most of the K samples belong to a certain category, then the 

sample also belongs to that category [162, 163]. Let the eigenspace 𝜒  be the 𝑛 -

dimensional vector space 𝑅𝑛 of real numbers, 𝑥𝑖 , 𝑥𝑗 ∈ 𝜒 ⊆ 𝑅𝑛, 𝑖 = 1,2, … ,𝑁, 𝑥𝑖 =
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(𝑥𝑖
(1)
, 𝑥𝑖
(2)
, … , 𝑥𝑖

(𝑛)
)𝑇 , 𝑥𝑗 = (𝑥𝑗

(1)
, 𝑥𝑗
(2)
, … , 𝑥𝑗

(𝑛)
)𝑇 , and the 𝐿𝑝  distance of 𝑥𝑖 , 𝑥𝑗  is 

defined as: 

𝐿𝑝(𝑥𝑖, 𝑥𝑗) = (∑|𝑥𝑖
(𝑙) − 𝑥𝑗

(𝑙)
|𝑝

𝑛

𝑙=1

)

1
𝑝

      (2) 

Where the 𝑝  is a variable parameter, when 𝑝 = 2  is called the Euclidean 

distance, that is 𝐿2(𝑥𝑖, 𝑥𝑗) = (∑ |𝑥𝑖
(𝑙) − 𝑥𝑗

(𝑙)
|2𝑛

𝑙=1 )

1

2
 . In this study, the Euclidean 

distance 𝑘 = 5, and the KNN were used since it is a fast, simple and common machine 

learning algorithm, which also has been widely used in feature selection research [158, 

162, 163].  

Artificial neural network (ANN) are extensive parallel networks comprised of 

adaptable basic units whose organization can be used to replicate the interactions of 

organic nervous systems with real-world objects [164, 165]. In this study, an ANN 

model with ten hidden layers was created under the condition of repeated model training 

and adjustment following the actual data, as the application of the ANN model in the 

current work was primarily skewed to increase the model's accuracy [46, 166]. The 

layers of the neural network are completely connected, that is, any neuron of the n-th 

layer must be connected to any neuron of the n+1 layer. Through forward propagation, 

the linear relation function and activation function continuously calculate the new 

values in a cycle from layer to layer, and finally obtain the model results. The linear 

relationship function of the model constructed in this study is: 𝑧 =  ∑ 𝑤𝑖
𝑚
𝑖=1 𝑥𝑖 + 𝑏 , 

where the 𝑤𝑖 is the connection weight of the 𝑖-th neuron, the 𝑥𝑖 is the input from the 

𝑖-th neuron. Take the input 𝑥 and run it linearly to get 𝑧, and then the Sigmoid (𝑆 =

 
1

1+𝑒−𝑥
) type activation function is used to get 𝑎 [46].  

Take the input 𝑥  and run it linearly to get 𝑧 , and then the hyperbolic tangent 

activation function is used to get 𝑎. Therefore, for the output of the 2-th layer, the 𝑎1
2，

𝑎2
2，𝑎3

2  can be obtained: 𝑎1
2 = 𝜎(𝑧1

2) = 𝜎(𝑤11
2 𝑥1 + 𝑤12

2 𝑥2 + 𝑤13
2 𝑥3 + 𝑏1

2) , 𝑎2
2 =

𝜎(𝑧2
2) = 𝜎(𝑤21

2 𝑥1 + 𝑤22
2 𝑥2 + 𝑤23

2 𝑥3 + 𝑏2
2) , 𝑎3

2 = 𝜎(𝑧3
2) = 𝜎(𝑤31

2 𝑥1 + 𝑤32
2 𝑥2 +

𝑤33
2 𝑥3 + 𝑏3

2) . For the output of the 3-th layer: 𝑎1
3 = 𝜎(𝑧1

3) = 𝜎(𝑤11
3 𝑎1

2 + 𝑤12
3 𝑎2

2 +

𝑤13
3 𝑎3

2 + 𝑏1
3). 

Finally, the neural network output 𝑎𝑖
𝑙+1 of the 𝑖-th neuron at layer 𝑙 + 1 is:  

𝑓(𝑥) = 𝑎𝑖
𝑙+1 = 𝜎(𝑧𝑖

𝑙+1) = 𝜎 (∑ 𝑎𝑖
(𝑙)

 𝑖
𝑤𝑖𝑗
(𝑙,𝑙+1) + 𝑏𝑗

(𝑙+1))      (3) 

Where 𝑖  is a neuron at the layer 𝑙 + 1 , the ∑ …𝑖   runs over all lower layer 

neurons that are connected to neuron 𝑗, the 𝑤𝑖𝑗
(𝑙,𝑙+1)

, 𝑏𝑗
(𝑙+1)

 are specific parameters to 

pairs of adjacent neurons. The node of the input layer was determined according to the 

number of input features, the node of the hidden layer was determined according to the 

group number of input data, and the node of the output layer was determined based on 

the number of classes, and batch size was set as the 25, the max epoch was set to 3000 
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[46, 55, 165]. For the hidden layer setting of the ANN, its impact on the model 

performance was determined based on the experimental results. 

The eight-fold cross-validation was used in all classification algorithms. The data 

were randomly divided into eight parts, and then six of them were selected as the 

training set, one of them was selected as the validation set, and the remaining parts were 

used as the test set, repeating a total of eight times [167, 168]. The final accuracy results 

obtained are based on the results generated from these eight training sessions, which 

greatly increases the accuracy of the results [167, 168]. ALL the classification algorithm 

implementation by self-written scripts based on the built-in function packages in 

MATLAB R2022a. 
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2.3 Experiments and methods for objective 2 

The flow diagram of the whole study procedure is shown in Figure 12, which is 

mainly divided into three parts. This study selected two class landing datasets as the 

study input data, which were the single-leg landing between before fatigue intervention 

and after fatigue intervention (Figure 12A). Firstly, three classical and widely used 

classification and recognition algorithm models (SVM: Support Vector Machine; ANN: 

Artificial Neural Network; CNN: Convolutional Neural Network) were selected for 

automated landing pattern classification tasks based on the three-dimensional 

kinematics and kinetics data of landing leg during the landing phase (Figure 12B). At 

the same time, the ZeroR baseline was also computed by the ZeroR classifier for each 

classification task to verify the recognizability between classes. The classification task 

focuses on the recognizability of the differences between before fatigue and after 

fatigue landing patterns. Landing patterns represent the landing trends that subjects 

exhibit throughout the landing phase, which are usually specifically quantified by three-

dimensional biomechanical data of the lower limbs. 

Secondly, the ANN with the best performance in classification and recognition 

accuracy between classes was used as the forward propagation classifier, and the output 

of the ANN was used as the input of Layer-wise Relevance Propagation (LRP) to 

calculate the relevance score (RS) that can explain the difference of landing patterns 

through backward propagation (Figure 12C). The relevance scores were used to 

determine the degree to which each joint contributed to the differences in recognizing 

landing patterns in each plane, that is, interpretable results on the recognizability of the 

differences between before fatigue and after fatigue landing patterns. After that, these 

results were evaluated from the statistical perspective (Figure 12D) based on the 

approach of one-dimensional statistical parametric mapping (1d-SPM). Finally, the 

results of these two aspects were evaluated and discussed together (Figure 12E). 

 

 

Figure 12 Overview of the proposed workflow for data collection, classification, and 

explanation in automated landing pattern recognition. (A) The single-leg landing 

movements of the subjects before and after the fatigue intervention were collected, 

and the three-dimensional kinematics and kinetics data of the landing leg during the 

landing phase were used as the input data of the model. (B) The three-dimensional 

kinematics and kinetics data as input signals to explore the recognizability of the two 
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class landing patterns by three classical classification and recognition algorithm 

models and ZeroR classifier. (C) The ANN with the best performance in classification 

and recognition accuracy between classes was used as the forward propagation 

classifier to compute the input signals, and the output signals of ANN were used as 

the input of LRP to calculate the RS that can explain the difference of landing patterns 

through backward propagation. (D) The application of 1d-SPM to evaluate the LRP 

results from a statistical perspective. (E) The results of these two aspects were 

evaluated and discussed together. 

 

2.3.1 Landing pattern data 

In landing movements, a large number of studies have shown that muscle fatigue 

will increase the risk of lower limb musculoskeletal injury during landing [14, 18, 64, 

169]. In particular, the risk of lower extremity injury is generally increased in single-

leg landings and can be detected from more pronounced changes in biomechanical data 

[1, 9, 64, 169]. In other words, single-leg landing may be more difficult to maintain a 

safe state of the lower extremity than double-leg landing, thereby more effectively 

identifying risky biomechanical patterns [30]. Thus, a highly recognizable difference in 

landing pattern can be expected for single-leg landing between before and after fatigue 

intervention. At the same time, predictive explainability analysis can also be carried out 

on the formation of injury risk and the results of injury factors based on the differences 

in this landing pattern. Therefore, this study collected the single-leg landing movements 

of the subjects before and after the fatigue intervention, and the three-dimensional 

kinematics and kinetics data of the landing leg during the landing phase were used as 

the input signals of the algorithms model. A total of 56 healthy male subjects (age: 

22.56±5.13 years; body mass: 82.62±13.38 kg; height: 1.85±0.11 m) were recruited for 

this work to collect landing data before and after fatigue. 

This study complies with the principles laid down in the Declaration of Helsinki. 

Ningbo University's Ethics Committee has accepted the study protocol (Approval 

Number: RAGH20210120), and all subjects supplied and signed written informed 

permission. Further details about landing data acquisition are provided in Section 2.2. 

Finally, the data matrices of landing pattern were obtained as follow:  

(1) 𝑀𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 +

101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 9(3𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒); 

(2) 𝑀𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 +

101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 9(3𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒). 

 

2.3.2 Data classification 

The main purpose of automated landing pattern classification is to detect high and 

low recognizability between different classes. To identify the single weights of each 

joint, each plane, kinematics, and kinetics in landing pattern recognition, the current 

study divides the input signal of the classification task into 9 algorithmic situations:  

1) Both kinematics and kinetics signals: 𝑀1𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) ×

202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 9(3𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒) ,   𝑀1𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 ×

5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 9(3𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒);  
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2) Only kinematics signal: 𝑀2𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 ×

9(3𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒) , 𝑀2𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 × 9(3𝑗𝑜𝑖𝑛𝑡 ×

3𝑝𝑙𝑎𝑛𝑒);   

3) Only kinetics signal: 𝑀3𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ×

9(3𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒) , 𝑀3𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 × 9(3𝑗𝑜𝑖𝑛𝑡 ×

3𝑝𝑙𝑎𝑛𝑒);   

4) Only ankle joint signal: 𝑀4𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) ×

202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝑎𝑛𝑘𝑙𝑒 𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒 , 𝑀4𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 ×

5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝑎𝑛𝑘𝑙𝑒 𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒;  

5) Only knee joint signal: 𝑀5𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) ×

202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝑘𝑛𝑒𝑒 𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒 , 𝑀5𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 ×

5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝑘𝑛𝑒𝑒 𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒; 

6) Only hip joint signal: 𝑀6𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) ×

202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1ℎ𝑖𝑝 𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒 , 𝑀6𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 ×

5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1ℎ𝑖𝑝 𝑗𝑜𝑖𝑛𝑡 × 3𝑝𝑙𝑎𝑛𝑒.  

7) Only ankle joint signal: 𝑀7𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) ×

202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝑆𝑎𝑔𝑖𝑡𝑡𝑎𝑙 𝑝𝑙𝑎𝑛𝑒 × 3𝑗𝑜𝑖𝑛𝑡 , 𝑀7𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 =

280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝑆𝑎𝑔𝑖𝑡𝑡𝑎𝑙 𝑝𝑙𝑎𝑛𝑒 × 3𝑗𝑜𝑖𝑛𝑡;  

8) Only ankle joint signal: 𝑀8𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) ×

202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝐹𝑟𝑜𝑛𝑡𝑎𝑙 𝑝𝑙𝑎𝑛𝑒 × 3𝑗𝑜𝑖𝑛𝑡 , 𝑀8𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 =

280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝐹𝑟𝑜𝑛𝑡𝑎𝑙 𝑝𝑙𝑎𝑛𝑒 × 3𝑗𝑜𝑖𝑛𝑡;  

9) Only ankle joint signal: 𝑀9𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 = 280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) ×

202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝑇𝑟𝑎𝑛𝑠𝑣𝑒𝑟𝑠𝑎𝑙 𝑝𝑙𝑎𝑛𝑒 × 3𝑗𝑜𝑖𝑛𝑡 , 𝑀9𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 =

280(56𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 × 5𝑡𝑟𝑖𝑎𝑙𝑠) × 202(101𝑘𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠 + 101𝑘𝑖𝑛𝑒𝑡𝑖𝑐𝑠 ) × 1𝑇𝑟𝑎𝑛𝑠𝑣𝑒𝑟𝑠𝑎𝑙 𝑝𝑙𝑎𝑛𝑒 × 3𝑗𝑜𝑖𝑛𝑡; 

At the same time, to ensure that the results of the LRP interpretation method 

employed after classification can be directly mapped to the original signal, the input 

signal was directly inputted into the classification model in this study. This was also 

done to better interpret the LRP results, thus not using techniques such as principal 

component analysis (PCA), which is commonly used in feature extraction and 

automatic pattern classification [33, 55, 170, 171]. 

For the nine input signals of the classification task, a total of three classical and 

widely used classification and recognition algorithm models were used in this study 

(SVM, ANN, CNN), which aims to give a more complete view of the problem under 

investigation and to make it possible to distinguish between task-specific and generic 

observations. The sample datasets of each task were randomly distributed uniformly to 

avoid errors during model training. Meanwhile, the data from the five successful trials 

for each subject were placed in the same subset during model training to ensure that the 

model performance was not affected by the same subject's data in different subsets. The 

eight-fold cross-validation was used in all classification algorithms. The data were 

randomly divided into eight parts, and then six of them were selected as the training set, 

one of them was selected as the validation set, and the remaining parts were used as the 

test set, repeating a total of eight times [167, 168]. The final accuracy results obtained 

are based on the results generated from these eight training sessions, which greatly 

increases the accuracy of the results [167, 168]. All the classification algorithm 
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implementation were by self-written scripts based on the built-in function packages in 

MATLAB R2022a. Further details about description of ANN, SVM classification 

methods are provided in Section 2.2.6.  

For CNN, in neural networks, "weight sharing" is a strategy for saving training 

overhead by having a group of neurons use the same connection weights, and this 

strategy plays an important role in CNN [172, 173]. CNN is a feed-forward neural 

network, mainly inspired by natural biological visual cognitive mechanisms, which 

consists of the convolutional layer, pooling layer, and fully connected layer [172]. The 

current study processes the input signal by composing three successive convolutional 

and pooling layers, and then implements a mapping to the output target in a fully 

connected layer. Each convolutional layer contains multiple feature maps, each of 

which is a 'plane' of multiple neurons that extract a feature of the input through a 

convolutional filter. The Rectified Linear Unit was used as the activation function, the 

top of the fully connected layers activated using a SoftMax output, with the filter size 

and stride configuration of 1-4, and the number of filters in the convolutional layer was 

set to 32. 

The dataset of each class is randomly distributed uniformly to avoid errors during 

model training. Meanwhile, the data from the five successful trials for each subject were 

placed in the same subset during model training to ensure that the model performance 

was not affected by the same subject's data in different subsets. The eight-fold cross-

validation was used in all classification algorithms. The data were randomly divided 

into eight parts, and then six of them were selected as the training set, one of them was 

selected as the validation set, and the remaining parts were used as the test set, repeating 

a total of eight times [167, 168]. The final accuracy results obtained are based on the 

results generated from these eight training sessions, which greatly increases the 

accuracy of the results [167, 168]. For each classification task, this study also computed 

the Zero-R baseline (ZRB). ZRB is the theoretical accuracy resulting from assigning 

class labels based on the prior probability of the class. For ZRB, the targeted label is 

always set to the class with the largest base in the training dataset [49]. 

 

2.3.3 Prediction explanation 

In this study, only the LRP analyzed with the ANN algorithm model is provided 

since it consistently outperformed SVM and CNN algorithm model in terms of 

classification performance, and because its computational efficiency is relatively high. 

The complexity of neural networks comes from the interconnection of a large number 

of basic units, and its output is obtained by feedforward evaluation of these neurons. As 

shown on the right side of Figure 12C, the RS that can explain the pattern recognition 

results is calculated by backward propagation, based on the local redistribution rule: 

𝑅𝑖
(𝑙)
=∑

𝑧𝑖𝑗
∑ 𝑧𝑖′𝑗𝑖′

𝑎𝑖
(𝑙)

𝑗
𝑅𝑗
(𝑙+1)

      (4) 

and the  𝑧𝑖𝑗 = 𝑥𝑖
(𝑙)𝑤𝑖𝑗

(𝑙,𝑙+1)
, where the 𝑖 is a neuron at the layer 𝑙 + 1, the ∑ …𝑗  runs 

over all upper layer neurons that are connected to neuron 𝑖 . In general, LRP can 

compute the contribution of each feature to the classification result for dataset 𝑥, and 
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the degree of such contribution can be reliably assessed to a certain extent (Each input 

feature 𝑥(𝑑) contributes to a particular prediction 𝑓(𝑥), where 𝑑 is the input data of 

𝑥(𝑑)  function). The 𝑙 -th layer is modeled as a vector 𝑧 = (𝑧𝑑
𝑙 )
𝑑=1

𝑉(𝑙)
   with 

dimensionality 𝑉(𝑙). For each dimension 𝑧𝑑
(𝑙+1)

 of vector 𝑧 at layer 𝑙 + 1, LRP has 

an RS 𝑅𝑑
(𝑙+1)

. Each dimension 𝑧𝑑
𝑙  of vector 𝑧 towards the next layer 𝑙 of the input 

layer contains an RS 𝑅𝑑
(𝑙)

. 

𝑓(𝑥) = ⋯ = ∑ 𝑅𝑑
(𝑙+1)

𝑑∈𝑙+1

=∑𝑅𝑑
(𝑙)

𝑑∈𝑙

= ⋯ =∑𝑅𝑑
(1)

𝑑

      (5) 

The message 𝑅𝑖←𝑗
(𝑙,𝑙+1)

 between neuron 𝑖 and 𝑗 represents the inter-hierarchical 

relevance, and these messages can be delivered along with each connection. The output 

𝑓(𝑥) is then backward propagated from one neuron to the next. The sum of incoming 

messages defined the relevance of neurons, and the sum runs over the sinks at layer 

𝑙 + 1 for a fixed neuron 𝑖 at a layer 𝑙: 

𝑅𝑗
(𝑙) = ∑ 𝑅𝑖←𝑗

(𝑙,𝑙+1)

𝑘: 𝑖 𝑖𝑠 𝑖𝑛𝑝𝑢𝑡 𝑓𝑜𝑟 𝑛𝑒𝑢𝑟𝑜𝑛 𝑗

     (6)    

The next neuron's input is directed in the direction specified during classification, 

then the total is computed over the sources at layer 𝑙 for a fixed neuron 𝑘 at layer 

𝑙 + 1. In general, it can be expressed as: 

𝑅𝑘
(𝑙+1)

= ∑ 𝑅𝑖←𝑘
(𝑙,𝑙+1)

𝑖: 𝑖 𝑖𝑠 𝑖𝑛𝑝𝑢𝑡 𝑓𝑜𝑟 𝑛𝑒𝑢𝑟𝑜𝑛 𝑘

      (7) 

The relevance of the linear network 𝑓(𝑥) = ∑ 𝑧𝑖𝑗𝑖   is 𝑅𝑗 = 𝑓(𝑥) , and the 

straightforward decomposition by 𝑅𝑖←𝑗 = 𝑧𝑖𝑗 . Through two monotone increasing 

functions (rectification function and hyperbolic tangent function), the pre-activation 

function 𝑧𝑖𝑗  gives a reasonable method for determining the relative contribution of 

each neuron’s 𝑥𝑖  to 𝑅𝑗 . The association decomposition is chosen based on the 

proportion of local and global pre-activation: 

𝑅𝑖←𝑗
(𝑙,𝑙+1) =

𝑧𝑖𝑗

𝑧𝑗
∗ 𝑅𝑗

(𝑙+1)      (8) 

According to the 𝐸𝑞. 8, through summing the correlations of all neurons in the 

upper layer 𝑖 (combined 𝐸𝑞. 6  and 𝐸𝑞. 7), the overall relevance of all neurons in the 

following layer 𝑗 can be determined: 

𝑅𝑖
(𝑙) =∑𝑅𝑖←𝑗

(𝑙,𝑙+1)

𝑗

      (9) 

The relevance propagates from the upper layer to the lower layer till it attains the 

input feature 𝑥(𝑑) , where the hierarchical eigen-decomposition necessary for the 
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choice 𝑓(𝑥) is provided by the relevance 𝑅𝑑
(1)

. More information is available in the 

previous study [54, 174]. Overall, LRP determined the RS between each variable and 

the model predicted results, and standardized the RS of LRP derived to their respective 

values for comparison. The average of all relevant modes was rectified by calculating 

the smoothing, where the previous and next points were weighted by 25% and the 

current point was weighted by 50% (total weight is 100%). The input landing pattern-

related data was collected in the time domain, its adjacent values depend on each other, 

so applying the smoothing process can reduce the calculated RS fluctuation without 

affecting the general pattern [46]. The entire smoothing process was repeated three 

times (by Gaussian Filter) before scaling the smoothed correlation pattern to 0 

(indicates the lowest correlation) - 1 (indicates the highest correlation). In this study, 

the algorithm implementation by self-written scripts was based on the LRP toolbox in 

MATLAB R2022a [175]. 

 

2.3.4 Statistical evaluation 

In this study, Statistical Parametric Mapping (SPM) was used to evaluate the LRP 

results (derived RS), which has recently been widely used in the field of landing and 

gait analysis [1, 6, 89, 176]. SPM is a technique for conducting time series statistical 

analysis of continuous data collected over a period of time [62, 177]. Throughout the 

full performance, it can test and examine statistical differences in data that change over 

time. A comprehensive and objective statistical result is obtained through statistical 

analysis of the oversimplified vector trajectory, which can factually instruct the 

investigation of complex biomechanical structures [177]. The primary benefits of SPM 

are the presentation of statistical data in the original sampling space and the absence of 

the parameterization procedure [62, 177]. As SPM is entirely data-centric relative to 

interpretable machine learning algorithms, and the output results of SPM and LRP are 

both based on the same input signal space, it is entirely appropriate to use SPM as a 

model-independent method to assess the quality of LRP-derived results [49].  

For the implementation of SPM, the open-source MATLAB script (paired-samples 

T-test) of One-Dimensional SPM (SPM 1D) was employed to test the statistical 

differences, and the significance threshold was set as 0.05 [62, 177]. The output of the 

SPM provides t-values for each time point of the explored one-dimensional time series 

input signal, as well as the time series interval corresponding to the determined 

significance threshold. A t-value above the significance threshold indicates that the 

difference in the corresponding part of the time series is statistically significant (as 

shown in the blue shaded part corresponding to Figure 4A, Figure 5A, and Figure 6A). 

In addition, the effect size was calculated by transforming the obtained t-values to the 

r of Pearson’s correlation coefficient based on Rosenthal’s study [178]. The effect size 

is independent of the significant size and is divided into three regions to provide an 

indicator to distinguish a given signal [179]. 

 

2.3.5 Clinical evaluation 

To evaluate LRP-derived RS from a clinical perspective, a clinical expert with 
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nearly 20 years of experience in analyzing lower extremity landing injuries analyzed 

explainability results. Based on his own clinical experience, this expert assessed to what 

extent these areas with high RS were located matched the biomechanical data 

characteristics in clinical practice. On the one hand, the clinical experts analyzed the 

results using the LRP model and statistical analysis; on the other hand, they focused on 

the subjects' specific performance and joint changes during the drop test to compare the 

differences in the results. 
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2.4 Experiments and methods for objective 3 

2.4.1 Subjects 

Based on the results of previous experiments, 60 subjects were selected to cover a 

population of people with different physiological characteristics, ensuring statistical 

efficacy and representative results. Consequently, 60 healthy male subjects were 

recruited for this experiment, and their anthropometric parameters are: age 22.43±5.02 

years, height 1.84±0.12 m, and body mass 81.93±12.81 kg. Subjects were screened 

based on 1) no history of serious lower limb surgery within the past 6 months; 2) no 

other injury variables that would affect the study; 3) no other problems that would affect 

sports performance. This study informed the subjects in advance of the experiment's 

purpose, requirements and procedures, and they signed the written informed consent 

form. The Ethics Committee of Ningbo University approved the study protocol. 

 

2.4.2 Experimental protocol and procedures 

Experiments were conducted in the biomechanics laboratory of Ningbo University. 

The instrument has a motion capture device with eight-camera (Vicon Metrics Ltd., 

UK), a wireless Electromyographic (EMG) with sixteen-channel (Delsys, Boston, MA, 

USA), and two force plates (AMTI, Watertown, USA), and the sampling frequencies 

were set as 200 Hz, 1000 Hz, and 1000 Hz, respectively. The current study carried out 

a lower limbs musculoskeletal modeling based on the pipeline constructed from 

previous models [36, 64, 77, 78]. This musculoskeletal model was mainly constructed 

and developed based on the 2392 generic musculoskeletal model [78, 89]. The current 

model contains a total of five main joints of the lower extremity (hip, knee, ankle, 

subtalar, and metatarsophalangeal joints), 10 rigid bodies, and 90 musculotendon 

actuators. Among them, the hip, knee and ankle joints have three degrees of freedom 

(DOF), and the subtalar joint and metatarsophalangeal joint only have sagittal plane 

DOF. For the 90 musculotendon actuators, based on the 92 musculotendon actuators of 

the 2392 model, 6 musculotendon actuators near the spine of the upper limbs were 

removed, and 4 ACL musculotendon actuators from the left and right knees were added. 

As shown in Figure 13, thirty-eight reflective markers were placed on the body to 

track movement (Figure 13A), and ten wireless EMG sensors were used for the surface 

EMG signal acquisition (Figure 13B). During EMG signal acquisition, this study first 

treated the skin surface with alcohol cleaning and wiping to ensure that the electrodes 

could adhere well and record muscle activity accurately [64]. The EMG sensors were 

then placed jointly by two experimental operators to ensure that their electrodes were 

placed in the middle of the target muscle and aligned with the orientation of the muscle 

fibers [36]. Besides the use of EMG patches, this study used a bandage for secondary 

fixation of the EMG sensors to ensure that the electrodes would remain stable and in 

close contact with the muscles. Before starting the formal data acquisition, this study 

also performed signal testing to ensure that the electrodes were properly placed and 

could accurately record muscle activity. For the adjacent muscles, such as the soleus 

and lateral gastrocnemius, two experimental operators simultaneously observed the 

EMG signal data during the acquisition in real time. For the observed abnormal 

fluctuation signal, it is considered an acquisition failure, and the acquisition will be 
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carried out after debugging and checking again. 

For these ten muscles, the corresponding maximal voluntary contraction (MVC) 

was also collected to calculate the muscle activation [89]. The placement of reflective 

markers was conducted by the same experimenter for all subjects and checked by a 

different experimenter. All subjects were required to wear leggings and uniform shoes. 

After the warm-up (run at their own pace for 10 minutes), the subjects were familiarized 

with the experimental procedures. Once the reflective markers and EMG sensors were 

attached, subjects were required to stand in a standard anatomical position on the force 

plate with their feet open, shoulder width apart and arms open to 45° diagonally 

downwards, and they were visually ahead and kept motionless until the experimenter 

completed static data collection. 

The whole test process of the SL biomechanics test is outlined in Figure 13C. A 

40 cm high jump platform was placed directly in front of the force plate, and the subject 

stood on the jump platform with his hands on his hips. After hearing the "begin" signal 

from the experimenter, the subject moves the dominant leg forward, and leans forward 

to fall vertically from the jump platform at no initial speed synchronously. All subjects 

were asked to try their best to pause briefly for half a second after leaning forward to 

ensure no initial velocity while falling from the platform. This study determined it in 

the Vicon Nexus software by observing the real-time spatial displacement changes of 

the medial and lateral ankle reflective markers. When the reflective marker is observed 

to have no obvious displacement change for 100-time points (0.5 seconds), the landing 

test is considered valid. Subjects were instructed to land with their dominant leg as close 

to the center of the force plate as possible, and then land on one leg for support and 

balance. A successful experiment was defined as the subject's ability to balance on the 

dominant leg for 3 seconds without any tendency to fall. 5 successful landing trial 

datasets were collected for each subject. The subjects rested for at least 30 seconds 

between each session in the landing test. 
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Figure 13 Overview of the data collection and the ACL model. (A) Illustration of the 

reflective mark’s position about the updated musculoskeletal model. (B) Illustration 

of the surface EMG test’s position on lower limbs. (C) Illustration of the process of 

SL biomechanics test. 

 

2.4.3 Data initial processing and collection 

The data of the landing phase from the initial contact force point (VGRF > 10N) 

to the maximum knee flexion was selected for analysis [2, 3]. Firstly, the data was 

processed in Vicon Nexus software: 1) name the captured reflective markers; 2) fix the 

missing reflective markers; 3) delete the redundant and wrong reflective markers. After 

that, the exported C3D files from Vicon Nexus were imported into Visual 3D 6.7.3 (C-

Motion Inc., Germantown, US) software for the further modeling process. The joint 

kinematics and joint kinetics were calculated by using the built-in algorithms in Visual 

3D. In the specific modeling, this study determined the anatomical bone position of the 

subject through the reflective marker points [1]. By combining the input height and 
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weight, this study can determine the specific rigid segment ratio for each subject. In the 

calculation process, lower limb joint angles and angular velocities were calculated 

based on the collected data of displacement changes of reflective marker points in space 

over time. In conjunction with the synchronized collected ground reaction force data, 

an inverse dynamics algorithm then calculated the joint reaction forces and joint 

moments. The joint power is defined as the product of the joint moment and the joint 

angular velocity [19]. 

Based on the calculated most appropriate signal-to-noise ratio, the fourth-order 

zero-phase lag Butterworth low-pass filters with frequencies of 10 and 20 Hz were 

conducted to filter the kinematic and kinetic data [19, 46]. Among them, each joint 

energy dissipation (joint negative/eccentric work) was calculated by the integral of joint 

power over time [6]. The total energy dissipation (TED) was defined as the sum of 

ankle, knee and hip joint energy dissipation. This work only considered joint energy 

dissipation in the sagittal plane, as the lower limb energy dissipation is mainly 

concentrated in the sagittal plane during SL [6, 19]. 

The EMG activation results were obtained from the EMG sensors, which were 

compared with the results obtained by OpenSim to validate the musculoskeletal model 

[64, 180]. First, the raw EMG signals were processed firstly by band-pass filtering with 

a Butterworth fourth-order filter (frequency range of 10-400 Hz). Then, the full-wave 

rectification was conducted. Based on the determined most appropriate signal-to-noise 

ratio, the low-pass filtered with a 6 Hz cut-off frequency was performed [64, 149]. The 

raw EMG signals were processed firstly by band-pass filtering with a Butterworth 

fourth-order filter (frequency range of 10-400 Hz). Then, the full-wave rectification 

was conducted. Based on the determined most appropriate signal-to-noise ratio, the 

low-pass filtered with a 6 Hz cut-off frequency was performed [149]. EMG signal was 

normalized by dividing the maximum EMG amplitude of maximal voluntary 

contraction (MVC) by the maximum root mean square amplitude to obtain the 

normalized signal 𝑒𝑖(𝑡). This study used a recursive non-linear model (second-order 

differential equation) to solve the muscle activation 𝑎𝑖(𝑡) by the obtained normalized 

signal 𝑒𝑖(𝑡) [36, 126, 180]. First, this study used the normalized signal 𝑒𝑖(𝑡) to solve 

the neural activation: 

𝑢𝑖(𝑡) = 𝛼𝑒𝑖(𝑡 − 𝑑) − 𝛽1𝑢𝑖(𝑡 − 1) − 𝛽2𝑢𝑖(𝑡 − 2)      (10) 

Where the 𝑡  represents the activation time point, and the 𝑢𝑖(𝑡)  was related to the 

previous activations: 𝑢𝑖(𝑡 − 1), 𝑢𝑖(𝑡 − 2). The electromechanical delay 𝑑 to be 10 

milliseconds, and 𝛼 , 𝛽1 = 𝐶1 + 𝐶2 , 𝛽2 = 𝐶1 × 𝐶2  ( |𝐶1| < 1 , |𝐶2| < 1 ) are the 

coefficients defining the second-order dynamics [36]. These parameters map 𝑒𝑖(𝑡) to 

𝑢𝑖(𝑡), which is the key to forming a stable equation, and must satisfy the conditions 

𝛼 = 1 + 𝛽1 + 𝛽2 . Then, the muscle activation 𝑎𝑖(𝑡)  was solved by the non-linear 

model [36, 126]: 

𝑎𝑖(𝑡) =
𝑒𝐴𝑖𝑢𝑖(𝑡) − 1

𝑒𝐴𝑖 − 1
      (11) 

Where the 𝐴𝑖 is set to 1.5, which is the nonlinear shape coefficient and represents 

the degree of nonlinearity of the neural activation 𝑢𝑖(𝑡) and muscle activation 𝑎𝑖(𝑡) 

[36, 180]. All data were imported into MATLAB (Visual R2022a, MathWorks, United 
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States) to expand into 101 data point curves (0%-100% landing phase) by self-written 

MATLAB scripts. 

 

2.4.4 Nonlinear ACL model creation and property setting 

When evaluating the mechanism of ACL injury, the traditional ACL model 

primarily sets ligaments as having linear force-length characteristics and considers 

them independent of strain rate [77-79]. However, as dense connective tissue (DCT), 

ligaments are characterized by short-term viscoelastic strain, which affects their force-

length characteristics [78, 80]. In order to more realistically revert and simulate the 

ACL injury mechanics, this study developed a knee musculoskeletal model that reverts 

the ACL ligament to a nonlinear short-term viscoelastic mechanical mechanism (strain 

rate-dependent) generated by the DCT as a function of strain. By implementing the 

structural constitutive model, this study calculated the compressive stress on the 

ligament at different strains [80, 81]. As presented in Figure 14, this study developed a 

graphical user interface (GUI) for OpenSim based on App Designer in MATLAB to 

assess the ligament material parameters. Meanwhile, ligament elongation and DCT 

forces were calculated based on the muscle and force analysis tools in the OpenSim 

analysis toolbox (Figure 14A). Considering the short-term viscoelastic behavior of 

ligament DCTs, the current study fits a sixth-order polynomial equation in the GUI to 

calculate the material parameters [80, 81]. The coefficient matrix 𝑝̅𝑚,𝑛 of this sixth-

order polynomial equation is represented as follows: 

𝑝̅𝑚,𝑛 =
∑ 𝑝𝑚,𝑛
𝐾
𝑚=1

𝐿
 (𝑛 = 1, 2, …𝑚)      (12) 

Where the 𝐾 is the sample size for this coefficient matrix equation, and the 𝐿 is 

the number of coefficients. The coefficient matrix result is calculated from the 

coefficient term 𝑝𝑚,𝑛 for each sample 𝑛. This study created a C++ library (containing 

the 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛. ℎ and 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛. 𝑐𝑝𝑝 files) through the Win64 C++ compiler to build 

and simulate the proposed intrinsic model of the ligament structure. In this process, an 

adaptive product algorithm is used to solve the numerical integration [181]. Build the 

NNL class in Visual Studio (Microsoft Ltd. 2017) and then create the NLSR.dll and 

NLSR.lib folders in the OpenSim plugin to register the NLL class into the OpenSim 

GUI. Based on the constructed structural constitutive model, this work inputs the 

material parameters and mechanical parameters of the ligament DCT in the GUI to 

define the properties of the DCT bundle (Figure 14B). Finally, the nonlinear 

characteristic strains and internal loading forces of the ligament under different strains 

were calculated based on the analysis tools in OpenSim. 

The ACL length was defined as the resting length 𝐿𝑟 based on the state when the 

knee was in the neutral position, and the extended length of the ACL when the knee 

was flexed during SL was defined as 𝐿𝑒, and the ligament strain was calculated by the 

percentage of 𝐿𝑒 to 𝐿𝑟: 

𝜀𝑠 =
𝐿𝑒 − 𝐿𝑟
𝐿𝑟

      (13) 

Among them, there is a "ligament-class" property in OpenSim, which means that 

there is a defect in that the extension length cannot be calculated during the dynamic 
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simulation of SL [78]. Therefore, in this study, the instantaneous strain rate (ISR) 𝜀̇ 

was calculated by differentiating the strain with respect to time [80]: 

𝜀̇ =
𝑑𝜀𝑠
𝑑𝑡
          (14) 

Then, by assuming that the mean axial direction of the ACL collagen fibers is 

parallel to the loading direction of the stress (𝐹𝑎 ), the probability density function 

defining the fiber orientation under the orientation coefficient 𝑚 of the collagen fibers 

is: 

𝑅(𝑚) = 𝛿(𝑚 − 𝐹𝑎)         (15) 

Where 𝛿 is the Dirac delta function. Constructing computational functions for 

nominal axial stress based on strain and strain rate [80, 81]： 

𝜎𝑎𝑓 = −𝑝𝜆
−1 + 𝜎𝑒(𝜆) + 𝜎𝑣(𝜆, 𝜆̇)         (16) 

The boundary conditions are set to no traction, that is, the pressure term 𝑝 is equal 

to 0 [81]. The 𝜆 represents the ratio of ligament extension length 𝐿𝑒 relative to resting 

length 𝐿𝑟: 𝜆 =
𝐿𝑒

𝐿𝑟
. And, the 𝜎𝑒 is the elastic stress generated in the collagen fibers of 

the ligament: 

{
𝜎𝑒(𝜆) = ∫ 𝑅(𝜆𝑠)𝜎𝑒̅̅ ̅

𝜆

1

(
𝜆

𝜆𝑠
)𝑑𝜆𝑠

𝜎𝑒̅̅ ̅(𝜆) = 𝐾 ln 𝜆

         (17) 

Where the 𝜎𝑒̅̅ ̅ is the elastic stress generated in each collagen fiber of the ligament. 

𝑅(𝜆𝑠) represents the probability density function of the fiber activity density of the 

ligament in the stretched state (𝜆𝑠). 𝐾 is a constant, taken as 70 MPa, which is used to 

represent the collagen fiber’s elastic modulus [182]. The 𝜎𝑣  is the viscous stress 

generated in the collagen fibers of the ligament: 

{
 
 

 
 𝜎𝑣(𝜆) = ∫ 𝑅(𝜆𝑠)𝜎𝑣̅̅ ̅

𝜆

1

(
𝜆

𝜆𝑠
,
𝜆̇

𝜆𝑠
)𝑑𝜆𝑠

𝜎𝑣̅̅ ̅(𝜆𝑟 , 𝜆𝑟̇) = 𝜂
𝐷

𝐷𝑡
(ln 𝜆𝑟)

         (18) 

Where 𝜆𝑟  is the stretch ratio of 𝜆  and 𝜆𝑠 , the 𝜂  represents the absolute 

viscosity coefficient, taken as 20 MPa/S [182]. The term 
𝐷

𝐷𝑡
  represents the time 

derivative of matter. Therefore, combining Eqs. 16, 18, and 19, the following equation 

can be obtained: 

𝜎𝑎𝑓 = ∫ 𝑅(𝜆𝑠)
𝜆

1

{𝐾 ln
𝜆

𝜆𝑠
+ 𝜂

𝐷

𝐷𝑡
(ln

𝜆

𝜆𝑠
)} 𝑑𝜆𝑠         (19) 

Based on previous studies [80, 81, 182, 183], distribution functions were used to 

solve for the uncoiled stretch of collagen fibers to obtain the probability distribution of 

their unwinding 𝑅(𝜆)： 
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𝑅(𝜆) = (
lnλ − γ

𝛽
)
𝛼

𝛽
(
lnλ − γ

𝛽
)
𝛼−1

exp (−(
lnλ − γ

𝛽
)
𝛼

)         (20) 

Where 𝛼, 𝛽 > 0, are the shape, and scale with boundary conditions, respectively. 

The γ is the location parameter, when it converges to zero based on the Weibull model 

[81] 𝜆𝑠 = 𝑒
𝜀𝑠 . So, the final calculation function of the nominal axial stresses developed 

based on the DCT is  

𝜎𝑎𝑓 = ∫ 𝛼𝛽−𝛼𝜀𝑆
(𝛼−1)𝑒

−(
𝜀𝑠
𝛽
)
𝛼

[𝐾(𝜀 − 𝜀𝑠) + 𝜂𝜀̇]
𝜀

0

𝑑𝜀𝑠         (21) 

Where 𝛼 = 4.5 and 𝛽 = 0.3 are the shape and scale factors of the probability 

distribution function, respectively, for the sequential straightening of collagen fibers 

under stress loading in the 2-parameter Weibull model [80, 81, 182]. 

Based on the mechanical and material properties of ligaments, the ligament fiber 

bundle model is defined as a nonlinear viscoelastic unit [64, 80] When the ligament is 

in a resting or slack state, that is, the strain is equal to or less than zero, then the 

compressive stress within the ligament is zero. When the ligament is in tension, the 

strain is greater than 0, the internal ligament loading force is 𝐹𝑎𝑓: 

𝐹𝑎𝑓 = 𝜎𝑎𝑓𝐴         (22) 

Where 𝐴 is the average physiologic cross-sectional area of the DCTs. Based on 

our previous study, the anteromedial ACL (A-ACL) and posterolateral ACL (P-ACL) 

were modeled using the DCTs (Figure 14C), and a tunnel connecting the femur and 

tibia at both ends [64, 182]. The ACL was attached to the medial front of the tibial 

intercondylar eminence and extended to the medial side of the lateral condyle of the 

femur. For the A-ACL, the resting length is set to 30 mm, the cross-sectional area is set 

to 20.7 mm2, and the max isometric force is set to 1500 N. For the P-ACL, the resting 

length is set to 23.36 mm, the cross-sectional area is set to 19.3 mm2, and the max 

isometric force is set to 1600 N. The final calculated total ACL force was determined 

as the combination of the A-ACL force and the P-ACL force [64]. 

The lower limbs will dramatically change the acceleration and GRF of each 

segment during the landing phase, particularly in the early landing stage, which will 

prevent the optimization process from being convergent. As a result, during the whole 

modeling and simulation process, many attempts were performed to simulate the 

landing using the Computed Muscle Control (CMC) and Reduce Residuals Algorithm 

(RRA) for each segment. The strain of the ACL varies with the knee valgus angle under 

different flexion conditions. The ACL strain can be seen as a function of knee 

kinematics according to the simulation results after CMC, which is the function of the 

muscle optimization process. Therefore, this work sets the ratio of passive ACL strain 

to flexion-extension and varus-valgus angle to 15% by adjusting the ACL material 

properties for passive fiber strain at the maximum isometric force [78, 93, 96, 156]. As 

a maximum tolerance ratio, 15% is reasonable because the range of 9% to 15% has 

been shown to cause ACL rupture and microfiber damage [64, 96, 157]. If a passive 

ACL strain characteristic is specified as less than 1% in an individual model, additional 

adjustments are made to the models to ensure that the strain limit can be accurately 
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controlled. For the contact area between ligament and bone (junction of ligament 

together with bones), the maximum strain was limited to 2.5-3.0% to ensure that the 

isometric force could start from the lowest value in the simulation [93]. The length of 

bony osteoligamentous (tendons) and ligaments (muscles) will be examined during 

CMC based on the determined ACL strain when the presence of deformation of the 

entire muscle-tendon unit [64, 78]. 

 

 

Figure 14 Illustration of the ACL model construction and property setting. (A) Flow 

diagram of the NLSR plugin creation and DCT model simulation. (B) Illustration of 

the ACL strain simulation (DCTs). (C) Illustration of the ACL model that was 

constructed in OpenSim and MATLAB. 

 

2.4.5 Statistical analysis 

Data analysis was conducted in SPSS 27.0 (IBM Corporation, NY, USA). Before 

formal analysis, the Kolmogorov-Smirnov test was performed to determine the 

normality of the data for each variable. All data obeyed a normal distribution. For the 

relationship between the ankle motion patterns (AICA, AROM) and lower limb injury 

risk (peak VGRF: PVGRF; total energy dissipation: TED; peak ankle dorsiflexion 

moment: PADM; peak knee flexion moment: PKFM; peak hip flexion moment: PHFM; 
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peak ACL force: PAF; peak ankle inversion angle: PAIA; peak ankle inversion moment: 

PAIM), the Pearson correlation and linear regression analysis were conducted to 

explore them (significant level 𝑝 < 0.05). The value of Pearson correlation coefficient 

𝑟  ranges from -1 to 1. The 𝑟 > 0 , 𝑟 < 0  and |𝑟| = 1  represents the positive, 

negative and no correlation, respectively. The |𝑟| = 1  indicates a perfectly linear 

correlation.  

Meanwhile, the PAF and PAIA were standardized (0 to 1) to enable PAF and PAIA 

to be compared on the same frame of reference. This allows an effective assessment of 

the interaction between ACL injury and LAS risk. The corresponding maximum PAF 

and PAIA were estimated as the maximum likelihood of injury risk occurring, and the 

minimum PAF and PAIA were estimated as the minimum likelihood of injury risk 

occurring [64]. Therefore, the injury risk calculation formula is as follows: 

𝑅𝑖𝑛𝑗𝑢𝑟𝑦 𝑟𝑖𝑠𝑘 =
𝑃𝐴𝐹/𝑃𝐴𝐼𝐴𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒 − 𝑃𝐴𝐹/𝑃𝐴𝐼𝐴𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒
𝑃𝐴𝐹/𝑃𝐴𝐼𝐴𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 − 𝑃𝐴𝐹/𝑃𝐴𝐼𝐴𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒

      (23) 

Where the 𝑃𝐴𝐹/𝑃𝐴𝐼𝐴𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒 , 𝑃𝐴𝐹/𝑃𝐴𝐼𝐴𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒  and 𝑃𝐴𝐹/

𝑃𝐴𝐼𝐴𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒  correspond to the current, maximum, and minimum values of 

PAF/PAIA, respectively. 
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2.5 Experiments and methods for objective 4 

The overall experiment was conducted in two sessions, with the first test focusing 

on determining the trend of ankle plantarflexion angles when subjects landed on one 

leg in the natural state (Figure 15). The second test was to investigate the mechanical 

effects on the knee and ACL when SL with different ankle plantarflexion angles. The 

joint impact force and stresses (meniscus and femoral cartilage) were used to evaluate 

the impact loads on the knee at various landing angles, and the joint negative work was 

calculated to assess the ability of the knee to dissipate the energy impact. The ACL 

internal load forces (musculoskeletal modeling) and ACL stress (finite element analysis) 

were simulated and calculated to evaluate the ACL injury risk during SL. More detailed 

descriptions can be found in the corresponding sections. 

 

 
Figure 15 Overview of the whole work procedure. 

 

2.5.1 Subjects 

Thirty male subjects were recruited for this study (Age: 24.4±4.2 years; Height: 

176.2±6.4 cm; Body Mass: 75.6±8.4 kg). The criteria for subject screening were: (1) 

no history of severe surgery within the previous six months; (2) no other injury variables 

that would affect the study; (3) no additional factors that would affect athletic 
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performance. All subjects were informed of the purpose, requirements and procedures 

of the experiment, and signed the written informed consent forms. Ningbo University 

Ethics Committee authorized the study protocol (Approval Number: RAGH20220415). 

 

2.5.2 Experimental protocol and procedures 

Experiments were conducted in the biomechanics laboratory of Ningbo University. 

As presented in Figure 16A, this study carried out musculoskeletal modeling according 

to the constructed pipeline of previous models [64]. The Vicon motion capture system 

(Vicon Metrics Ltd., UK) equipped with eight infrared cameras and the AMTI force 

plate (AMTI, Watertown, USA) were used to collect kinematic and kinetic data during 

landing, and the sampling frequency was set to 200 Hz and 1000 Hz respectively. 

Wireless Electromyographic (EMG) sensors (Delsys, Boston, MA, USA) were used to 

synchronically collect muscle activity data with a sampling frequency of 1000 Hz 

(Figure 16B). EMG signals of maximal voluntary contractions (MVC) of selected 

muscles were also collected to normalize the muscle activation degree [36, 64, 89]. 

Meanwhile, the Xsens sensor (Xsens, Henderson, USA) and the developed real-time 

feedback tool were used to determine the ankle plantarflexion angle during SL in real 

time (Figure 16C) [184]. All subjects wore uniform tight-fitting leggings and shoes, 

then performed a 10-minute warm-up run and familiarized themselves with the 

experimental procedures. The static acquisition was performed after the placement of 

the reflective marker points and EMG sensors, and then the formal experiment began 

[1, 64]. 

A jump platform (height: 40 cm) was set up in front of the force plate. The formal 

experiment was conducted in two sessions. For the first experiment, subjects were 

required to stand on the platform, and then lift the dominant leg and land on the 

downward single leg without any initial velocity [64]. The test was determined to be 

successful if the subjects maintained balance for 3 seconds without any tendency to fall 

after an SL for support. Five successful data sets were collected for each subject, with 

at least 30 seconds of rest between each test [1, 184]. In the first experiment, the 

experimenter did not provide any prompts to the subjects, and the subjects naturally 

landed on one leg based solely on their landing habits. The ankle plantarflexion angle 

of the landing leg during this process was recorded in real time. As shown in Figure 

16D, the average ankle plantarflexion angle was 30.1°±6.1° (maximum: 42.7°; 

minimum: 16.2°) during SL in 30 subjects. Therefore, for the second experiment, 

subjects were asked to adjust their ankle plantarflexion angle to 20°, 30°, and 40° before 

conducting the SL task (Figure 16E). The tests for the three conditions were randomized. 

Subjects were required to use the real-time feedback tool to adjust the ankle 

plantarflexion angle to the specified position (20°, 30°, and 40°) and then execute the 

SL test. Other requirements for the second experiment were the same as the first, with 

five successful data collections in each case. 
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Figure 16 Overview of the musculoskeletal modeling and the determination of the 

ankle plantarflexion angle during landing. (A) Illustration of the constructed 

musculoskeletal model and the corresponding positions of 38 reflective markers. (B) 

Illustration of the position of the surface EMG test on the lower limb. (C) Illustration 

of the position of the Xsens sensor. Two sensors were placed ten centimeters up the 

distal tibia and at the distal end of the first metatarsal, respectively. The state of the 

subject's foot and ankle during normal standing was defined as the initial coordinate 

system of the sensor. The ankle plantarflexion angle was calculated in real time based 

on the change of the sensor in the sagittal plane relative to the initial coordinate 

system. (D) Results of ankle initial contact angle when subjects single-leg land in a 

natural state. (E) Illustration of the ankle plantarflexion angle for normal standing and 

three common ankle angles of initial contact during single-leg landing. 

 

2.5.3 Data initial processing and collection 

The time point of initial contact force (𝐹𝑉𝐺𝑅𝐹 > 10𝑁) to maximum knee flexion 

was defined as the landing phase [3]. This study first processed the data using Vicon 

Nexus software: 1) named the reflective markers; 2) fixed the missing reflective 
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markers; 3) deleted the wrong reflective markers. Then, based on the C3D file exported 

from Vicon Nexus, the initial modeling was conducted in Visual 3D 6.7.3 (C-Motion 

Inc., Germantown, US), and joint kinematics and kinetics data were calculated using 

its built-in algorithms. For the filtering of kinematics and kinetics, the Butterworth 

fourth-order filter (fourth-order zero-phase lag) with frequencies of 10 Hz and 20 Hz 

was selected according to the calculated most appropriate signal-to-noise ratio [46]. 

The magnitude of load impact on the knee joint was assessed by calculating its joint 

impact (contact) force [19]. The joint power is defined as the product of the joint 

moment and the joint angular velocity [19]. Meanwhile, the ability of the knee joint to 

dissipate impacts was assessed by calculating its joint negative work (the integral of 

joint power over time) [6]. The processed models of Visual 3D were saved in “.osim” 

format and then imported into OpenSim 4.4 (Stanford University, Stanford, USA) for 

further musculoskeletal modeling and calculation [64]. 

The EMG activation results were obtained from the EMG sensors, which were 

compared with the results obtained by OpenSim to validate the musculoskeletal model 

[64, 180]. First, the raw EMG signals were processed firstly by band-pass filtering with 

a Butterworth fourth-order filter (frequency range of 10-400 Hz). Then, the full-wave 

rectification was conducted. Based on the determined most appropriate signal-to-noise 

ratio, the low-pass filtered with a 6 Hz cut-off frequency was performed [64, 149]. The 

raw EMG signals were processed firstly by band-pass filtering with a Butterworth 

fourth-order filter (frequency range of 10-400 Hz). Then, the full-wave rectification 

was conducted. Based on the determined most appropriate signal-to-noise ratio, the 

low-pass filtered with a 6 Hz cut-off frequency was performed [149]. EMG signal was 

normalized by dividing the maximum EMG amplitude of maximal voluntary 

contraction (MVC) by the maximum root mean square amplitude to obtain the 

normalized signal 𝑒𝑖(𝑡). This study used a recursive non-linear model (second-order 

differential equation) to solve the muscle activation 𝑎𝑖(𝑡) by the obtained normalized 

signal 𝑒𝑖(𝑡) [36, 126, 180]. 

𝑎𝑖(𝑡) =
𝑒𝐴𝑖𝑢𝑖(𝑡) − 1

𝑒𝐴𝑖 − 1
          (24) 

Where the 𝐴𝑖  is the nonlinear shape coefficient and represents the degree of 

nonlinearity of the neural activation 𝑢𝑖(𝑡)  and muscle activation 𝑎𝑖(𝑡) . This study 

takes 𝐴𝑖  to be 1.5, the electromechanical delay to be 10 ms [180]. All data were 

expanded into 101 data point curves (0%-100% landing phase) by self-written 

MATLAB (Visual R2022a, MathWorks, United States) scripts. 

 

2.5.4 ACL model creation and property setting 

This study developed a graphical user interface (GUI) for OpenSim based on App 

Designer in MATLAB to assess the ligament material parameters. Meanwhile, ligament 

elongation and DCT forces were calculated based on the muscle and force analysis tools 

in the OpenSim analysis toolbox. The details of ACL model construction are provided 

in Section 2.4.4. 
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2.5.5 Finite element analysis of foot-ankle-knee integration model 

2.5.5.1 Finite element model construction 

A standard subject (height: 176 cm, weight: 75.5 kg, age: 25 years) was selected 

from 30 subjects to conduct FEA. The selection criteria for the standard subject were 

based on the average height and weight of all subjects. This study constructed a finite 

element model (FEM) of the foot-ankle-knee integration according to the medical 

imaging data of the subject’s dominant limb (Figure 17). The MRI tomography and CT 

scanning of the lower limbs were performed (tube voltage: 120 kV, tube current: 125 

mA, slice thickness: 2mm; no interval scanning) (Figure 17A). The segmentation of the 

two-dimensional image was performed using Mimics 21.0 (Materialise, Leuven, 

Belgium), while the creation and refinement of a three-dimensional model of the bone, 

ligaments, and bulk soft tissue was carried out using Geomagic Studio 2021 (Geomagic, 

Inc., Research Triangle Park, NC, United States) (Figure 17B). The SolidWorks 2017 

software was utilized to convert the components into solids subsequent to their 

importing (SolidWorks Corporation, Waltham, MA, United States). The structure of 

cartilage was replicated through the construction of a solid material between the 

surfaces of two bones that are in contact with each other. 

The contacts of all three models were meshed and established utilizing Workbench 

2021 software (ANSYS, Inc., Canonsburg, PA, USA). Hexahedral meshes were 

employed to decompose each solid. The mesh sizes for the bulk soft tissue, bone, 

cartilage, and ACL were adjusted to 2 mm, 2 mm, 0.5 mm, and 0.5 mm, respectively. 

Furthermore, the process of refining at the local level was conducted with careful 

consideration of the geometric characteristics of the contact zone. The Workbench 

software facilitated the automated detection of component contacts. Possible contact 

pairings were generated using an algorithm that relies on surface proximity. The 

physical interaction between the surface of the foot bone and the cartilage was 

simulated through face-to-face contact. The coefficient of friction, defined as 0.04, was 

used to describe the sliding friction that occurs between the meniscus and femoral 

cartilage, as well as between the cartilage of the pinna and femoral cartilage [185, 186]. 

The cartilage has been determined to have undergone frictionless contact with both the 

bone surface and the ACL and PCL [187]. The soft tissue that was encapsulated served 

as an anchor for both the bones and cartilage (Figure 17C). 
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Figure 17 Illustration of the whole process of FEA. (A) Medical imaging data 

acquisition of the lower limb. (B) Three-dimensional finite element modeling process. 

(C) Detailed view of the constructed finite element model. (D) Illustration of the finite 

element model of the lower limb at three initial contact angles. (E) Illustration of the 

bounding in the computational process. 

 

2.5.5.2 Material properties 

All materials, except for the encapsulated soft tissue (refers to soft tissues encased 

by connective tissue, such as tendons, ligaments, adipose tissue, and synovial sacs) and 

ACL and PCL, were considered to be linear elastic materials. The elasticity of a material 

was represented by the selection of two material constants, namely Young's modulus 

(E) and Poisson's ratio (v). The soft tissue contained within was defined as a 

hyperelastic substance utilizing the Moonley Rivlin model. ACL and PCL are also 

assumed to be a hyperelastic material. Table 3 enumerates the material properties of 

each constituent. For the hyperelastic material, the strain energy formula is constructed 

based on the strain energy density function [188, 189]: 

Ψ = Ψ𝑣𝑜𝑙(𝐽) + Ψ𝑖𝑠𝑜
𝑚 (𝐶) + Ψ𝑖𝑠𝑜

𝑓 ( 𝜆)        (25) 

Where the Ψ𝑣𝑜𝑙  is the volumetric component of ligament volume change, the 

Ψ𝑖𝑠𝑜 is the deviatoric component of the shape change (Ψ𝑖𝑠𝑜
𝑚 : Stromal Fraction, Ψ𝑖𝑠𝑜

𝑓
: 

fiber fraction). The 𝐽 is the Jacques ratio of the deformation gradient tensor 𝐹, and the 

𝐶  is deviatoric component of the deformation gradient tensor 𝐶  (𝐶 = 𝐽−
2

3𝐶 ). The 

centers of the attachment zones at both ends of the ligament were set as the initial 

direction of the fiber, and the elongation 𝜆 was calculated based on the deformation of 

the material and the initial direction of the fibers a0 (𝜆 = 𝐶 × 𝑎0
2). 

This study conducted a Neo-Hooker model [190]. For the volumetric component 
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Ψ𝑣𝑜𝑙: 

Ψ𝑣𝑜𝑙(𝐽) =
1

2𝐷
ln 𝐽2         (26) 

For the deviatoric component Ψ𝑖𝑠𝑜
𝑚 (𝐶): 

Ψ𝑖𝑠𝑜
𝑚 (𝐶) = 𝐶1(𝐼1 − 3)        (27) 

Where the 𝐶1 is the coefficient of the Neo-Hooke model, and the 𝐷 is the inverse of 

the bulk modulus (𝐷 =
1

2000
𝐶1) [191]. The collagen fibers in the ligament can hardly 

withstand ballast, so the strain energy density function of the fiber fraction is defined 

as [189]: 

Ψ𝑖𝑠𝑜
𝑓 ( 𝜆) = 𝐹2(𝜆)        (28) 

Therefore, the strain energy equation is determined as: 

Ψ =
1

2𝐷
ln 𝐽2 + 𝐶1(𝐼1 − 3) + 𝐹2(𝜆)        (29) 

 

Table 3 Material properties of the components in the finite element model. 

Component Elastic modules (MPa): 𝐸 
Poisson's 

ratio: 𝑣 

Destiny 

(kg/m3) 
Ref. 

Skin 

Hyperelastic (first-order Ogden 

model, 𝜇 =  0.122 𝑘𝑃𝑎, 𝛼 =

 18) 

N/A 950 [192] 

Bulk soft 

tissue 

Hyperelastic (second-order 

polynomial strain, 𝐶10 =

0.8556, 𝐶01 = 0.05841, 𝐶20 =

0.03900, 𝐶11 = 0.02319, 𝐶02 =

0.00851, 𝐷1  = 3.65273) 

N/A 950 [5] 

Aterior 

Crucial 

Ligament 

Hyperelastic (first-order 

polynomial strain, 𝐶1  =

 1.95, 𝐷 =  0.00683) 

N/A 1000 

[190] 
Posterior 

Crucial 

Ligament 

Hyperelastic (first-order 

polynomial strain, 𝐶1  =

 3.25, 𝐷 =  0.0041) 

N/A 1000 

Foot Bones 7300 0.3 1500 

[193] 
Foot 

Cartilages 
1 0.4 1050 

Foot 

Ligaments 
260 0.4 1000 [194] 

Plantar 

Fascia 
350 0.4 1000 [195] 

Achilles 816 0.3 1000 [196] 
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Tendon 

Patellar 

Tendon 
778 0.46 1000 [197] 

Medial and 

Lateral 

Collateral 

Ligament 

467 0.46 1000 [198] 

Knee 

Cartilages 
20 0.46 1000 [199] 

Medial and 

Lateral 

Meniscus 

59 0.49 2000 [200] 

Fibula, 

Tibia, Femur 

and Patella 

14220 0.3 1990 [201] 

Plate 17000 0.4 1000 [202] 

 

2.5.5.3 Boundary and loading condition 

The establishment of the global coordinate system was carried out according to 

the OpenSim standard to maintain consistency in the reference frame [78]. The 

kinematic and kinetic data that corresponded to the time point of peak ground reaction 

force during SL were used for finite element analysis (Table 4). Ankle joint angulation 

was pre-set while positioning and orienting the foot model. In a short analytical step at 

the beginning of the simulation, the angle between the sagittal plane's femur axial line, 

tibial axial line, and foot longitudinal axis was adjusted to determine the ankle and knee 

angles [203]. Then, the corresponding kinetic data of three situations were taken into 

the adjusted three models (Figure 17D, Table 4). The ground plate and the interface of 

the femur were fixed to calculate (Figure 17E). A contact surface with a friction 

coefficient of 0.6 was employed to replicate the interaction between the foot and the 

ground [189]. All degrees of freedom of the patella, tibia, fibula, and foot were 

constrained to eliminate the effect of various loading points on simulation results. All 

contacts were set to frictionless finite sliding contacts, and the simulations were 

performed using a universal contact algorithm. The gravity and inertia forces on the 

tibia, fibula, and foot were excluded from the ground reaction forces [204, 205].  

 

Table 4 Results of ground reaction force, ankle angle, knee angle, and muscle force 

data that corresponded to the time point of peak ground reaction force during SL. 

Initial Contact Angle Ankle Plantarflexion 20° 30° 40° 

Ground Reaction Force (N) 

Vertical 3601.2 3206.7 2897.6 

Medial 412.6 426.5 353.1 

Posterior 193.8 210.5 246.1 

Ankle Angle (°) Dorsiflexion 8.5 5.2 2.9 
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Knee Angle (°) Flexion 38.6 35.9 33.2 

Muscle Force (N) 

Vastus Medialis 2085.4 1975.7 1811.1 

Vastus Lateralis 2140.3 2093.3 2030.6 

Rectus Femoris 1677.7 1491.1 1499.2 

Biceps Femoris 1865.9 1850.2 1677.7 

Semitendinosus 1650.2 1666.3 1590.8 

Tibialis Anterior 3559.3 3222.2 3104.4 

Medial Gastrocnemius 1458.2 1420.0 1293.6 

Lateral Gastrocnemius 1029.1 942.8 864.5 

Peroneus Longus 1489.2 1422.0 1425.6 

Soleus 989.3 978.5 1025.7 

 

2.5.5.4 Model validation 

With the knee in normal knee extension (knee flexion 0°), a backward force of 134 

N was set to load at the midpoint of the midline of the femoral condyle to verify the 

validity of the model. This loading condition was able to simulate the anterior drawer 

test of the knee joint and clinically common force conditions [206-208]. The 

effectiveness of the ACL stress simulation was tested by the displacement of the knee 

joint model in the anterior-posterior, distal-proximal, and medial-lateral directions, as 

well as the angles of varus-valgus and external-internal [206-208]. Under the same load 

conditions, the results of this study were similar to those of other studies that used 

cadaveric specimens or finite element modeling and looked at joint displacement values 

and angles of movement. As shown in Table 5, the displacements of anterior-posterior, 

proximal-distal, and medial-lateral are 4.18 mm, 0.54 mm, and 0.62 mm, respectively; 

the angles of varus-valgus and external-internal are 0.1° and 1.6°. 

 

Table 5 Comparative results of displacements and angles of knee models in different 

studies under the same loading conditions. 

 Displacement (mm) Angle (°) 

 
Anterior-

Posterior 

Proximal-

Distal 

Medial-

Lateral 

Varus-

Valgus 

External-

Internal 

Gabriel 

[206] 
4.0 0.3 0.6 0.2 1.7 

Song [207] 4.3 0.62 0.39 0.09 1.9 

Suggs 

[208] 
4.16 / / / / 

Current 

study 
4.18 0.54 0.62 0.1 1.6 

 

In addition, the current study collected the knee fluoroscopic image data of the 

subjects in the landing state by the high-speed dual fluoroscopic imaging system (DFIS) 

(Ti-WISH-Ⅱ, Ti-Motion ltd., Shanghai City, CN), and compared the calculated knee 

displacement results with the FEA results to verify the validity of FEM. Figure 18 

illustrates the procedure and outcomes of knee displacement calculation based on DFIS. 
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By generating high voltage through a high voltage generator, the DFIS can accelerate 

the free electrons inside the X-ray tube towards the target surface to emit X-rays. 

Afterward, based on the principle that the X-rays emitted pass through different tissues 

and organs of the human body with different levels of attenuation, the X-rays that pass 

through the human body and carry enough information are projected onto a flat-panel 

detector. The computer processes the analog signals into digital signals through 

photoelectric conversion and analog-to-digital conversion, thereby providing reliable 

gray-scale medical image data for clinical diagnosis. The parameters setting of DFIS 

are as follows: source image distance 1350 mm, device voltage 60 kV, device current 

500 mA, exposure time 3 seconds, laser wavelength 650 nm, dose range for the 

automatic exposure control 45 μGy, flat panel detector size 3072×3072 pixel, X-ray 

area 427×427 mm, nominal voltage of the ray tube 150 kV, laser power 3 mW, and 

sector angle 90°.  

Subjects were asked to land vertically on one leg from a 20 cm high jumping 

platform, keeping the knee in a straight position (flexion 0°) during the process. The 

FEM was driven by kinematic and kinetic data collected during the landing via VICON 

and force platform equipment to calculate the degree of displacement in all three 

directions (anterior-posterior, proximal-distal, medial-lateral). The two fluoroscopes 

were placed in planes orthogonal to each other by 90° to enable simultaneous capture 

of knee fluoroscopy image data from two orthogonal projections (anterolateral and 

anteromedial). A cubic calibration frame spatially calibrated the shooting area, and the 

XMAlab software (Version 2.1.0, Brown University, Prov, USA) calculated the relative 

positions of the X-ray tube and the flat panel detector in space [209]. Subsequently, the 

environment calibration file generated by XMAlab was imported into the 3-D modeling 

software Rhinoceros (Version 7.4, Robert McNeel Ltd., WA, USA) to create a virtual 

bi-orthogonal perspective system [209, 210].  

Two virtual cameras were created to represent the x-ray sources of the two 

fluoroscopes, based on the placement of orthogonal fluoroscopic images to restore the 

position of the fluoroscopic enhancers (Figure 18A). After that, the real knee model was 

imported into the virtual space, and the bone position was adjusted by rotation and 

translation in Rhinoceros to align the projected contour of the knee model with the 

actual bone position on the X-ray fluoroscopic images [211]. In this, the 3-D model 

reconstructed in Mimics based on previously acquired knee MRI/CT data was used as 

a standard framework for model correction and alignment (Section 2.5.5.1). Finally, the 

femoral, tibial, and fibular coordinate systems were established, and knee 

displacements were calculated using the coordinate system calculator plug-in in 

Rhinoceros [210]. As shown in Figure 18B, the knee displacement results obtained 

based on FEA and DFIS calculations in the three directions are basically consistent, 

which demonstrates the feasibility of the finite element model constructed in the current 

study. 
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Figure 18 Illustration of the knee displacement process based on the DFIS calculation 

and its results. (A) Knee fluoroscopic image data collection and process based on the 

DFIS. (B) Comparison results for knee displacement calculated based on DFIS with 

finite element analysis. 

 

2.5.6 Statistical analysis 

Before formal analysis, the Kolmogorov-Smirnov test was performed to determine 

the normality of the data for each variable. All data obeyed a normal distribution. For 

the knee peak impact force, peak ACL forces and total negative work, a repeated-

measures analysis of variance (ANOVA) was performed in SPSS 27.0 (SPSSs Inc., 

Chicago, IL, USA) to test for statistical differences between landing at different ankle 

plantarflexion angles. For the time-series curves of ACL forces during the landing phase, 

a repeated-measures analysis of variance (ANOVA) based on the statistical parametric 

mapping (SPM) was conducted in MATLAB to test statistical differences [1, 177]. 

Meanwhile, post hoc pairwise comparison analyses with Bonferroni adjustment were 

employed to test the difference between them (20° vs. 30°, 20° vs. 40°, and 30° vs. 40°). 

The significance threshold was set at 0.05. 
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2.6 Experiments and methods for objective 5 

2.6.1 Landing biomechanical data 

The landing biomechanics data for the prediction model are from Objective 1, 

details of which can be found in Section 2.2. A total of 112 samples datasets 

( 56𝐵𝑒𝑓𝑜𝑟𝑒−𝐹𝑎𝑡𝑖𝑔𝑢𝑒 + 56𝐴𝑓𝑡𝑒𝑟−𝐹𝑎𝑡𝑖𝑔𝑢𝑒 ) for each variable is randomly distributed 

uniformly, and 80% of them were selected as the model training set (90samples ×

5trials), 20% of them were selected as the model testing set (22samples × 5trials). 

 

2.6.2 Prediction model of ACL force during the landing phase 

This work constructed an ACL force prediction model based on machine learning 

algorithm to achieve effective and accurate prediction using simple and measurable 

kinematic data during the landing phase. The whole detailed workflow is presented in 

Figure 19, which mainly consists of 4 parts: 1) Optimized the parameters of the 

prediction model by the SSA of metaheuristic optimization algorithm (Figure 19A); 2) 

Predicted the PAF by the extreme learning machine (ELM) regression prediction model 

(Figure 19B); 3) Predicted the time-series waveform of ACL force during the whole 

landing phase by the LSTM neural network time series prediction model (Figure 19C); 

4) Calibrated the predicted ACL force waveform by scaling equally to get the final 

optimized prediction result (Figure 19D). The simplified flow of the prediction model 

is shown in Figure 19E. 
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Figure 19 Overview of the proposed workflow for realizing the prediction of the ACL 

force during the landing phase. (A) Illustration of the realization flow of the SSA, 

which aims to optimize the parameters of the prediction model. (B) Illustration of the 

realization flow of ELM regression prediction model, which aims to predict the PAF. 

(C) Illustration of the realization flow of LSTM neural network time-series prediction 

model, which aims to predict the time-series waveform of ACL force during the 

whole landing phase. “+” indicates the operation of plus-by-element. "×" indicates the 

operation of multiply-by-element. "𝝈" and "tanh" means the neural network layer. (D) 

Based on the predicted PAF, the predicted ACL force waveform is calibrated by 

scaling equally to get the final optimized prediction result. (E) Illustration of the 

schematic flow of the prediction model. 

 

2.6.3 Parameter optimization by sparrow search algorithm 

Sparrow search algorithm (SSA) was mainly proposed in 2020 by Xue et al., which 
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mainly inspired by the foraging behavior and anti-predation behavior of sparrows [107]. 

In this study, the main purpose of SSA is to find the optimal parameters of the prediction 

model to improve the accuracy of the ACL force prediction [107]. The implementation 

of the SSA mainly includes the following seven steps: 1) Initialize the population, the 

number of iterations, and the ratio of predators and entrants; 2) Calculate the fitness 

value and sort it; 3) Update the predator position; 4) Update the entrant position; 5) 

Update the Vigilant position; 6) Calculate the fitness value and update the sparrow 

position; 7) Determine whether the stop condition is met, if yes, exit and output the 

result, otherwise, repeat the execution (Figure 19A). SSA is novel and has been proved 

to have the advantages of strong searching ability and fast convergence speed [107]. 

At the time of modeling, the sparrow that is aware of the danger is assumed to be 

from 10% to 20% of the total population. The initial position of the sparrow is randomly 

generated in the population, which can be expressed as follows: 

𝑆𝑖,𝑗
𝑡+1 = {

𝑆𝑏𝑒𝑠𝑡
𝑡 + 𝛽. |𝑆𝑖,𝑗

𝑡 − 𝑆𝑏𝑒𝑠𝑡
𝑡 |, 𝑖𝑓 𝑓𝑖 > 𝑓𝑔

𝑆𝑖,𝑗
𝑡 + 𝐾. (

|𝑆𝑖,𝑗
𝑡 − 𝑆𝑤𝑜𝑟𝑠𝑡

𝑡 |

(𝑓𝑖 − 𝑓𝑤) + 𝜀
) , 𝑖𝑓 𝑓𝑖 = 𝑓𝑔

    (30) 

Where the 𝑆𝑏𝑒𝑠𝑡 is the current global optimal position, indicating that sparrows in this 

position are the best position in the population and very safe. The 𝛽 is a step control 

parameter, which follows the normal distribution of random numbers with mean 0 and 

variance 1. The 𝐾 ∈ [−1,1] is a random number, and the 𝑓𝑖 is the fitness value of the 

current sparrow individual. The 𝑓𝑔  and 𝑓𝑤  are the current global best and worst 

fitness values, respectively. 𝜀  is the constant that avoids zero in the denominator. 

When 𝑓𝑖 > 𝑓𝑔 , indicates that the sparrow is at the edge of the population and is 

vulnerable to predators, and 𝑓𝑖 = 𝑓𝑔 indicates that sparrows are aware of the danger 

and need to approach other sparrows to reduce the risk of predation. The 𝐾 represents 

the step control parameter, which is also the direction of sparrow movement. For the 

setting of SSA related parameters, the number of hidden layers was set to 30, the safety 

value was set to 0.6, the ratio of finders to entrants was set at 7 to 3, the population of 

sparrow aware of danger was set at 0.2 of the total population. 

No matter for the optimization of ELM (SSA-ELM) or LSTM (SSA-LSTM), the 

termination condition of optimization was determined by the defined fitness value: 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑥) = 𝑀𝑆𝐸(𝑌𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 − 𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)      (31) 

Where the 𝑌𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 is the true value of the predicted variable, the 𝑌𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is the 

predicted value of the predicted variable, the function of 𝑀𝑆𝐸  is the squared of 

prediction error. The smaller the fitness value suggested that the higher the coincidence 

degree between the predicted data and the observed data. Finally, the optimal parameter 

was determined based on the parameter selection corresponding to the smallest fitness 

value. 

A total of 112 samples dataset of each variable is randomly distributed uniformly, 

and 80% of them were selected as the model training set (90 groups), 20% of them were 

selected as the model testing set (22 groups). The input data were normalized before 

the model was established to reduce the influence of large variable differences on the 
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model prediction performance. 

 

2.6.4 Peak ACL force prediction by SSA-ELM 

For the SSA-ELM, the independent variables are the AICA and AROM 

(determined by the explored relationships), and the dependent variable is the PAF 

(Figure 19B). That is, two input variables correspond to two neurons in the input layer, 

and one output variable corresponds to one neuron in the output layer [212, 213]. The 

randomly generated initial weights 𝑤 and thresholds 𝑏 are full-eyed and do not allow 

the algorithm to achieve the best training performance. Therefore, the current study 

optimizes the initial weights 𝑤  and thresholds 𝑏  by SSA to determine the best 

parameters to achieve the best prediction results. 

Extreme learning machine (ELM) is a feedforward neural network learning 

method composed of the input layer, hidden layer and output layer, and the neurons of 

the input layer and hidden layer, hidden layer and output layer are fully connected [212, 

213]. ELM can randomly generate the connection weights between the input layer and 

the hidden layer and the threshold of the neurons in the hidden layer. It only needs to 

set the number of neurons in the hidden layer without adjustment in the training process, 

and has the advantages of fast learning speed and good generalization performance. The 

𝑛 input variables correspond to 𝑛 neurons in the input layer, and 𝑙 output variable 

corresponds to 𝑙 neuron in the output layer. This study has two input variables and one 

output variable, and a total of 112 samples. In order not to lose generality, the 

connection weight 𝑤 between the input layer and the hidden layer can be expressed as 

follows: 

𝑤 = [

𝑤11 𝑤12 ⋯
𝑤21 𝑤22 …
⋮ ⋱ ⋱

𝑤1𝑛
𝑤2𝑛
⋮

𝑤𝑙1 𝑤𝑙2 ⋯ 𝑤𝑙𝑛

]      (32) 

Where the 𝑤𝑙𝑛 represents the connection weight between the 𝑖-th neuron in the 

input layer and the 𝑗-th neuron in the hidden layer. The connection weight 𝛽 between 

the input layer and the hidden layer can be expressed as follows: 

𝛽 = [

𝛽11 𝛽12 ⋯
𝛽21 𝛽22 …
⋮ ⋱ ⋱

𝛽1𝑚
𝛽2𝑚
⋮

𝛽𝑙1 𝛽𝑙2 ⋯ 𝛽𝑙𝑚

]      (33) 

Where the 𝛽𝑙𝑚 represents the connection weight between the 𝑙-th neuron in the 

hidden layer and the 𝑚-th neuron in the output layer. The threshold 𝑏 of the neurons 

in the hidden layer can be expressed as follows: 

𝑏 = [

𝑏1
𝑏2
⋮
𝑏𝑙

]      (34) 

The input matrix 𝑋  and output matrix 𝑌  of the training set with 𝑄 = 90 

samples are: 
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𝑋 =  [

𝑥11 𝑥12 ⋯
𝑥21 𝑥22 …
⋮ ⋱ ⋱

𝑥1𝑄
𝑥2𝑄
⋮

𝑥𝑛1 𝑥𝑛2 ⋯ 𝑥𝑛𝑄

] , 𝑌 =  [

𝑦11 𝑦12 ⋯
𝑦21 𝑦22 …
⋮ ⋱ ⋱

𝑦1𝑄
𝑦2𝑄
⋮

𝑦𝑚1 𝑦𝑚2 ⋯ 𝑦𝑚𝑄

]      (35) 

The output 𝑇 of the neural network can be expressed as follows: 

𝑇 = [𝑡1, … , 𝑡𝑄]𝑚×𝑄 , 𝑡𝑗 = [𝑡1𝑗, … , 𝑡𝑚𝑗]
𝑇 =

[
 
 
 
 
 
 
 ∑𝑡

𝑖=1

𝛽𝑖1𝑔(𝑤𝑖𝑥𝑗 + 𝑏𝑖)

∑𝑡

𝑖=1

𝛽𝑖2𝑔(𝑤𝑖𝑥𝑗 + 𝑏𝑖)

⋮

∑𝑡

𝑖=1

𝛽𝑖𝑚𝑔(𝑤𝑖𝑥𝑗 + 𝑏𝑖)
]
 
 
 
 
 
 
 

𝑚×1

, (𝑗

= 1,2, … , 𝑄)      (36) 

Where the 𝑔(∗) is an infinitely differentiable function as the activation function 

of the hidden layer. As the transpose matrix of the matrix 𝑇, 𝑇′ = 𝐻 × 𝛽, so the output 

matrix 𝐻 between the hidden layer and the output layer can be expressed as follows: 

𝐻(𝑤1, … , 𝑤𝑖, 𝑏1, … , 𝑏𝑙 , 𝑥1, … , 𝑥𝑄)

= [

𝑔(𝑤1𝑥1 + 𝑏1) 𝑔(𝑤2𝑥1 + 𝑏2) ⋯
𝑔(𝑤1𝑥2 + 𝑏1) 𝑔(𝑤2𝑥2 + 𝑏2) …

⋮ ⋱ ⋱

𝑔(𝑤1𝑥1 + 𝑏𝑙)
𝑔(𝑤1𝑥2 + 𝑏𝑙)

⋮
𝑔(𝑤1𝑥𝑄 + 𝑏1) 𝑔(𝑤2𝑥𝑄 + 𝑏2) ⋯ 𝑔(𝑤𝑙𝑥𝑄 + 𝑏𝑙)

]

𝑄×𝑙

      (37) 

After that, the output matrix of the hidden layer was calculated, and the connection 

weight between the hidden layer and the output layer was calculated by the least square 

method, so as to obtain the final calculation result. Specifically, ELM can randomly 

generate connection weight 𝑤  and the threshold 𝑏  before training, and then 

connection weight 𝛽  can be calculated by determining the number of hidden layer 

neurons and the activation function (infinitely differentiable function 𝑔(∗)) between 

hidden layer and neuron. However, the randomly generated initial weights 𝑤  and 

thresholds 𝑏 are full-eyed and do not allow the algorithm to achieve the best training 

performance. Therefore, the current study optimizes the initial weights 𝑤  and 

thresholds 𝑏 by SSA to determine the best parameters to achieve the best prediction 

results. For the setting of ELM related parameters, the maximum number of iterations 

was set to 50, the number of hidden layers was set to 20. 

 

2.6.5 ACL force waveform prediction by SSA-LSTM 

For the SSA-LSTM, the independent variables are the time-series waveform of the 

ankle, knee, hip joints' sagittal angle, and the dependent variable is the time-series 

waveform of ACL force during the whole landing phase (Figure 19C). The selection 

of independent variables is mainly due to the sagittal plane angle is easy to measure, 

high accuracy and great influence on ACL [1]. Therefore, the LSTM structure in the 

current study is a 3-to-1 structure (3-dimensional input and 1-dimensional output) [214, 

215]. 
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Long short-term memory Network (LSTM) is a special structure of recurrent 

neural network (RNN) proposed by Hochreater and Schmidhuber, which can learn 

long-term dependent information and successfully solve the gradient explosion and 

gradient disappearance problems of traditional RNN in back propagation algorithm 

[214, 215]. For the LSTM detailed internal structure, as shown in Figure 19C, which 

introduces four interacting layers: three 𝜎(𝑧) =
1

1+𝑒−𝑧
 , one 𝑡𝑎𝑛ℎ(𝑧) =

𝑒𝑧−𝑒−𝑧

𝑒𝑧+𝑒−𝑧
 . In 

general, the training process has three main steps: 1) Calculated the output value of 

each neuron (𝑓𝑡 , 𝑖𝑡, 𝑐𝑡, 𝑜𝑡, 𝑠𝑡) by forward calculation; 2) Calculated the error term value 

of each neuron by back propagation, which involves two directions: back propagation 

according to the time series, that is, calculation of the value of the error term at the 

previous moment 𝑡 − 1 from the current moment 𝑡; back propagation according to 

the spatial structure, that is, calculation of the value of the error term from the current 

layer 𝑙 up one layer 𝑙 − 1; 3) Calculated the gradient value of each weight matrix and 

performed the update operation based on the two directional error term values. 

However, the setting of some hyperparameters in traditional LSTM for time series 

prediction is likely to cause problems such as underfitting, overfitting, slow 

convergence or even failure to converge, thus affecting the model prediction 

performance. These hyperparameters include the number of hidden units, max epochs, 

initial learn rate and L2 regularization. Therefore, the current study used the error of 

the LSTM network as a fitness function to find an optimal set of hyperparameters to 

minimize the prediction error through the SSA model, and ultimately to accurately 

predict the ACL force during the whole landing phase.  

 

2.6.6 Final optimization by combining the SSA-ELM and SSA-LSTM 

The final calibration and optimization for the prediction results are shown in 

Figure 19D. Firstly, the peak value of ACL force (time series waveform) predicted by 

the SSA-LSTM model based on test samples was extracted, and then the peak value 

was compared with the peak ACL force predicted by SSA-ELM for corresponding test 

samples. Based on the comparison results (the multiple between the two), the ACL force 

predicted by SSA-LSTM was scaled equally to obtain the final predicted ACL force. 

The mean square error (MSE), root MSE (RMSE) and Pearson correlation coefficient 

R were calculated to evaluate the accuracy of the prediction model. ALL the algorithm 

implementation by self-written scripts based on the built-in function packages in 

MATLAB R2022a. 

 

2.6.7 Performance evaluation of prediction results 

The square of correlation coefficient (R2), mean square error (MSE), and root 

mean square error (RMSE) were calculated to evaluate the performance evaluation of 

prediction results. For the value of MSE and RMSE, the magnitude of the value depends 

on the magnitude of the estimation error. Smaller values of MSE and RMSE (close to 

0) indicate high accuracy. The equation is as follows: 
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𝑀𝑆𝐸 =
1

𝑁
∑(𝑌𝑖

𝑚𝑒𝑎 − 𝑌𝑖
𝑝𝑟𝑒)2

𝑁

𝑖=1

      (38) 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 

Where the 𝑁 means the number of data points during the step-off landing phase, 𝑌𝑖
𝑚𝑒𝑎 

and 𝑌𝑖
𝑝𝑟𝑒

 are the measured and estimated results at data point 𝑖, 𝑌𝑚𝑎𝑥
𝑚𝑒𝑎 and 𝑌𝑚𝑖𝑛

𝑚𝑒𝑎 are 

the maximum and minimum values of the measured results. 

The 𝑅2 represents the degree of the correlation between the estimation outputs 

and the measured results, and its value closer to 1 implies a higher correlation and 

accuracy. The equation is as follows: 

𝐸𝑅2 =
∑ (𝑌𝑖

𝑝𝑟𝑒
− 𝑌𝑚𝑒𝑎̅̅ ̅̅ ̅̅ ̅)2𝑁

𝑖=1

∑ (𝑌𝑖
𝑚𝑒𝑎 − 𝑌𝑚𝑒𝑎̅̅ ̅̅ ̅̅ ̅)2𝑁

𝑖=1

      (39) 

Where the 𝑌𝑚𝑒𝑎̅̅ ̅̅ ̅̅ ̅ is the average value of the measured results. 
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2.7 Experiments and methods for objective 6 

The overall predictive modeling framework of the current study consists of a 

cascade of three models: 1) Muscle activation solution model based on second-order 

differential equation; 2) Muscle synergy extraction model based on NNMF; 3) 

estimation model of lower limb joint movement based on ANFIS. As shown in Figure 

20, the work procedure was mainly divided into three parts. First, this study collected 

surface EMG and lower limb joint kinematic and kinetic data from healthy subjects and 

patients during step-off landing from stair steps. A total of twelve lower limb muscle 

groups were selected for this study to simulate the neuromuscular synergistic pattern of 

the lower limb during movement (Figure 20A). Second, this study pre-processed the 

acquired surface EMG data, such as filtering, and subsequently solved the pre-

processed data based on the established recursive model of second-order differential 

equations to obtain the muscle activation matrix, and then imported it into the NNMF 

model to obtain the muscle synergy matrix (Figure 20B). Third, the lower limb 

neuromuscular synergy pattern during movement was obtained based on a combination 

of muscle synergy matrices, which were then imported into the developed ANFIS non-

linear regression model to estimate the human movement intention during this 

movement pattern (Figure 20C). Finally, the estimated joint motion variable results 

were compared with the actual measured results, and the estimation errors between 

healthy subjects and patient groups were also analyzed to demonstrate the feasibility of 

the proposed detection system. 
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Figure 20 Overview of the study work procedure. (A) Surface EMG signal 

acquisition. (B) Surface EMG signal processing, muscle activation by the recursive 

model of the second-order differential equation, and muscle synergy extraction by the 

NNMF model. (C) ANFIS non-linear regression model estimates the human 

movement intention. 

 

2.7.1 Experiment protocol and data collection 

Sixteen healthy male subjects and sixteen male patients (symptomatic patellar 

tendinopathy) were recruited for this study (Table 6). For the healthy group, subjects 

reported no history of severe lower-extremity surgery or any other injury variables 

within the previous six months. For the patient group, subjects had to: 1) anterior knee 

pain that is felt in the inferior and lower poles of the patella; 2) a diagnosis that the 

superior patellar tendon is abnormal; 3) the existence of patellar tendon pain during 

landing tasks, but not sufficient to limit or affect performance levels; 4) history of 

activity-related pain, VISA-P score < 80; 5) patellar tendinopathy exists in the dominant 

leg [6, 216, 217]. The leg that is better suited for kicking the ball was defined as the 

dominant leg [1]. The subject was given a detailed explanation of the experiment's 

objectives, prerequisites and steps. This study was approved by Ningbo University's 
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Ethics Committee (Approval Number: RAGH20220310), and all subjects provided and 

signed written informed consent. 

 

Table 6 Anthropometric parameters and VISA-P score between the healthy and patient 

groups. 

 Healthy group Patient group 

Age (year) 22.6±3.1 23.5±3.6 

Body Mass (kg) 79.2±7.0 77.5±6.2 

Height (m) 1.80±0.06 1.79±0.05 

VISA-P / 59.1±8.7 

 

Experiments were performed in the Ningbo University biomechanics laboratory, 

equipped with an eight-camera motion capture system (Vicon Metrics Ltd., UK), two 

force plates (AMTI, Watertown, UAS), sixteen-channel wireless EMG (Delsys, Boston, 

MA, USA), and the sampling frequencies were sampled at 200h Hz, 1000 Hz, and 1000 

Hz, respectively. As shown in Figure 21, thirty-eight reflective markers were placed on 

the subject's body to track movement, and twelve wireless EMG sensors were used to 

measure the surface EMG signal (Figure 21A). The musculoskeletal modeling was 

performed based on the pipeline that had been constructed from previous models 

(Figure 21B) [77, 78, 89]. The maximal voluntary contraction (MVC) for selected 

twelve muscles was also collected to standardize the muscle activation [89]. The lower 

limb biomechanics data during stair descent were collected to validate the proposed 

estimation model (Figure 21C).  

The placement of reflective markers in all subjects was performed by the same 

experimenter and checked by another experimenter. All subjects were required to wear 

tights, leggings, and uniform shoes, and warmed up for 10 minutes by running at their 

own pace in the laboratory, then they acquainted themselves with the experimental 

procedure. After the reflective markers and EMG sensors were affixed, subjects were 

asked to stand on the force plate in a standard anatomical posture with their feet open, 

shoulder width apart, arms open to 45° oblique downward, and they were visually ahead 

and kept motionless until the experimenter completed static data collection. 

A jumping platform with three sections of stairs (30 cm high/section) was placed 

directly in front of the force plate, and the subject stood on the jump platform with his 

hands on his hips. After hearing the "begin" signal from the experimenter, the subject 

moves the dominant leg forward, and leans forward to walk down naturally to the stair 

descending. When the subject reached the third step, the dominant leg step-off lands on 

the center of the force plate, and then lands on one leg for support and balance. A 

successful experiment was defined as the subject's ability to balance on the dominant 

leg for 3 seconds without any tendency to fall. For each subject, the experimental test 

was completed in two days (Day 1, Day 2), and 5 successful trial datasets were collected 

for Day 1 and Day 2 according to the same steps. 

The data of the step-off landing phase from the initial contact force point (vertical 

ground reaction force > 10N) to the maximum knee flexion was selected for analysis 

[2, 3]. The data was initially processed in Vicon Nexus software, then the exported C3D 
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files from Vicon Nexus were imported into Visual 3D 6.7.3 (C-Motion Inc., 

Germantown, US) software for further modeling process [1]. For the ankle knee hip 

joint, the joint angle and torque were calculated by using the built-in inverse kinematics 

and inverse dynamics algorithms in Visual 3D. Fourth-order zero-phase lag Butterworth 

low-pass filters with frequencies of 10 and 20 Hz were used to filter the angle and 

torque data [19].  

For the collected EMG signal of the MVC and step-off landing test, the raw signals 

were band-pass filtered with a Butterworth fourth-order filter in the frequency range of 

10-400 Hz firstly, followed by full-wave rectification, and finally low-pass filtered with 

a 6 Hz cut-off frequency (based on the determined most appropriate signal-to-noise 

ratio) [149]. All data were imported into MATLAB R2022a (Visual R2022a, 

MathWorks, United States) to expand into 101 data points (0%-100% landing phase). 

 

 

Figure 21 Overview of the musculoskeletal model and whole study experimental 

procedure. (A) Illustration of the position of the reflective marking points and EMG 

sensors. (B) Illustration of the constructed musculoskeletal model. (C) Illustration of 

the experimental procedure. 
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2.7.2 Muscle activation Model 

EMG signal was normalized by dividing the maximum EMG amplitude of MVC 

by the maximum root mean square amplitude to obtain the normalized signal 𝑒𝑖(𝑡). 

Muscle activation mirrors the degree of active force generated by the muscle. This study 

used a recursive model (second-order differential equation) to solve the muscle 

activation 𝑎𝑖(𝑡)  by the obtained normalized signal 𝑒𝑖(𝑡)  (Figure 20B) [126, 180]. 

First, the neural activation 𝑢𝑖(𝑡) was solved by 𝑒𝑖(𝑡): 

𝑢𝑖(𝑡) = 𝛼𝑒𝑖(𝑡 − 𝑑) − 𝛽1𝑢𝑖(𝑡 − 1) − 𝛽2𝑢𝑖(𝑡 − 2)    (40) 

Where the 𝑡  means the activation at time 𝑡 , and the single neural activation 𝑢𝑖(𝑡) 

was related to the previous two activations 𝑢𝑖(𝑡 − 1) and 𝑢𝑖(𝑡 − 2). The 𝑑 = 10 𝑚𝑠 

is the electromechanical delay, and 𝛼 , 𝛽1 = 𝐶1 + 𝐶2 , 𝛽2 = 𝐶1 × 𝐶2  are the 

coefficients defining the second-order dynamics. These parameters map 𝑒𝑖(𝑡)  to 

𝑢𝑖(𝑡), which is the key to forming a stable equation, and must satisfy the following 

conditions: 

𝛼 = 1 + 𝛽1 + 𝛽2      (41)  

The 𝐶1 , 𝐶2  satisfy |𝐶1| < 1 , |𝐶2| < 1 . Then, the muscle activation 𝑎𝑖(𝑡)  was 

solved by the non-linear model [126]: 

𝑎𝑖(𝑡) =
𝑒𝐴𝑖𝑢𝑖(𝑡) − 1

𝑒𝐴𝑖 − 1
    (42) 

Where the 𝐴𝑖  is the nonlinear shape coefficient and represents the degree of 

nonlinearity of the neural activation 𝑢𝑖(𝑡) and muscle activation 𝑎𝑖(𝑡). The range of 

𝐴𝑖 is allowed from -3 (highly exponential) to 0 (linear relationship), and the current 

study takes 𝐴𝑖 to be 1.5 [180]. 

 

2.7.3 Non-negative matrix factorization extracts muscle synergies 

For the raw muscle activation matrix 𝑉 ∈ 𝑅+
𝑖×𝑗

, in which all the matrix elements 

decomposed under non-negative constraints [218]. In this study, the number of muscles 

𝑖 = 12 (12 Selected Muscles), the length of data points 𝑗 = 101 (101 data points in 

each trial). The dataset for each successful trial in each subject corresponds to a set of 

𝑉 . By finding 𝑊 ∈ 𝑅+
𝑖×𝑘  and 𝐶 ∈ 𝑅+

𝑘×𝑗
  satisfying the unconstrained condition, the 

raw muscle activation matrix 𝑉 was abstracted as the product of the 𝑊 and 𝐶: 

𝑉(𝑖×𝑗) = 𝑊(𝑖×𝑘) × 𝐶(𝑘×𝑗)      (43) 

𝑊 is the muscle synergy matrix, which represents the basis vectors of the synergy 

space. 𝐶 is the synergy activation coefficient matrix, which represents the activation 

coefficients of the synergy space. The 𝑘 is the number of muscle synergies (𝑘 < 𝑖). 

The current study set the activation coefficients of muscle synergy space 𝐶 as inputs 

to drive the ANFIS model. In this process, each trial (10 trials) dataset for each subject 

is solved for a set of muscle synergy space data. In the process of solving 𝑊 and 𝐶, 

the approximation error 𝐸 ∈ 𝑅+
𝑖×𝑗

 was introduced, then: 

𝑉(𝑖×𝑗) = 𝑊(𝑖×𝑘) × 𝐶(𝑘×𝑗) + 𝐸(𝑖×𝑗)      (44) 
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By continuously reducing the error 𝐸 , 𝑊 × 𝐶  is constantly approaching 𝑉 , 

which transforms the problem into an approximate optimal solution [144]: 

𝑚𝑖𝑛𝑊,𝐻‖𝑉 −𝑊 × 𝐶‖      (45) 

Based on the situation that the error 𝐸 follows a Gaussian distribution and takes the 

natural logarithm, the log-likelihood function is obtained: 

𝐿(𝑊, 𝐶) =∑𝑙𝑛
1

√2𝜋𝜎𝑖𝑗
−
1

𝜎𝑖𝑗
×
1

2
∑[𝑉(𝑖×𝑗) − (𝑊𝐶)(𝑖×𝑗)]

2

𝑖,𝑗𝑖,𝑗

     (46) 

Here, the variance of the error 𝐸 of each data point is the same, and the objective 

function is derived from the Euclidean distance measure: 

𝐽(𝑊, 𝐶) =
1

2
∑[𝑉(𝑖×𝑗) − (𝑊𝐶)(𝑖×𝑗)]

2

𝑖,𝑗

     (47) 

Then, substituting (𝑊𝐶)(𝑖×𝑗) = ∑ 𝑊(𝑖×𝑘)𝑘 × 𝐶(𝑘×𝑗)  into Eq.8 and iterating 𝑊  and 

𝐶 through the gradient descent can be obtained as follows: 

𝑊(𝑖×𝑘) = 𝑊(𝑖×𝑘) − 𝛼1 × [(𝑉𝐶
𝑇)(𝑖×𝑘) − (𝑊𝐶𝐶

𝑇)(𝑖×𝑘)]      (48) 

𝐶(𝑘×𝑗) = 𝐶(𝑘×𝑗) − 𝛼2 × [(𝑊
𝑇𝑉)(𝑘×𝑗) − (𝑊𝐶𝑊

𝑇)(𝑘×𝑗)]      (49) 

Substitute 𝛼1 =
𝑊(𝑖×𝑘)

(𝑊𝐶𝐶𝑇)(𝑖×𝑘)
  and 𝛼2 =

𝐶(𝑘×𝑗)

(𝑊𝐶𝑊𝑇)(𝑘×𝑗)
  into Eq.5 and Eq.6, which is the 

multiplicative iteration rule, and finally obtain: 

𝑊(𝑖×𝑘) = 𝑊(𝑖×𝑘) ×
(𝑉𝐶𝑇)(𝑖×𝑘)

(𝑊𝐶𝐶𝑇)(𝑖×𝑘)
      (50) 

𝐶(𝑘×𝑗) = 𝐶(𝑘×𝑗) ×
(𝑊𝑇𝑉)(𝑘×𝑗)

(𝑊𝐶𝑊𝑇)(𝑘×𝑗)
      (51) 

The data are then taken into the model for further calculations to determine the 

number of muscle synergies 𝑘. Because the different 𝑘 has different accuracy for the 

reconstructed muscle activation matrix 𝑉𝑟, the reconstruction accuracy is determined 

by the Variability Accounted For (VAF): 

VAF = 1 −
∑ (𝑉 − 𝑉𝑟)𝑖,𝑗

2
𝑖,𝑗

∑ 𝑉𝑖,𝑗
2

𝑖,𝑗

      (52) 

The VAF ∈ [0,1] , a larger value of 𝑉𝐴𝐹  represents that the reconstructed muscle 

activation matrix 𝑉𝑟 from 𝑊(𝑖×𝑘) and 𝐶(𝑘×𝑗) is closer to the raw muscle activation 

matrix 𝑉. When the VAF value was greater than a certain threshold, it was considered 

that the selected muscle synergy numbers could fully reconstruct the raw muscle 

activation matrix 𝑉. This study set the VAF > 90% as the stopping condition for the 

calculation, and the number of muscle synergies determined by the current calculation 

was selected [128]. 
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2.7.4 Muscle synergy driven adaptive network fuzzy inference system estimates 

lower limb joint movement 

Taking the estimation of the ankle Angle 𝐴𝜃(𝑡)  as an example, this section 

describes in detail the modeling development process for estimating lower limb joint 

movements during step-off landing with muscle synergy driven ANFIS. As shown in 

Figure 20C, the ANFIS network has a total of five layers and consists of two parts: 

premise network and consequent network. The first layer of the premise network is the 

input layer, which is responsible for feeding the input variable 𝑆𝑛 (extracted muscle 

synergies) to the next layer. This study integrated the muscle synergy space of the 

original time series 𝑀𝑆(𝑡) and the muscle synergy space with the first-time data point 

removed 𝑀𝑆(𝑡 − 1) as input variables, then: 

𝑀𝑆1(𝑡 − 1),𝑀𝑆2(𝑡 − 1), … ,𝑀𝑆𝑘(𝑡 − 1) =  𝑆1, 𝑆2, … , 𝑆6      (53) 

𝑀𝑆1(𝑡),𝑀𝑆2(𝑡), … ,𝑀𝑆𝑘(𝑡) = 𝑆7, 𝑆8, … , 𝑆12      (54) 

Where the 𝑛 =  1,2, … ,12  is the 𝑛 -th input variables, 𝑘 = 1,2, … 6  is the 𝑘 -th 

muscle synergies. In the input layer, each input variable 𝑆𝑛 is fuzzified based on the 

input parameters, and the membership function is assigned for the corresponding fuzzy 

set (𝐴1, 𝐴2, … , 𝐴𝑜): 

𝑂𝑛
1 = 𝜇𝐴1(𝑆1)𝑛,  𝜇𝐴2(𝑆2)𝑛, … , 𝜇𝐴𝑜(𝑆𝑚)𝑛      (55) 

Where 𝑜 is the number of clusters, the 𝑚 is the 𝑚-th fuzzy rules, 𝜇𝐴𝑜(𝑆𝑚)𝑛 means 

the situation of the 𝑚-th fuzzy rules in the 𝑛-th input muscle synergy variables. The 

membership function follows the Gaussian membership function [145]: 

𝜇𝐴𝑜(𝑆𝑚)𝑛 = exp − [
𝑠𝑛 − (𝑐𝑚)𝑛
(𝜎𝑚)𝑛

]2      (56) 

Where the 𝑠𝑛 is the input parameter of the fuzzy system, (𝑐𝑚)𝑛 and (𝜎𝑚)𝑛 form the 

set of premise parameters for ANFIS, representing the center and width of the 

membership function respectively. 

The second layer of the premise network is the strength-release layer of the fuzzy 

rules. Each node Π represents a fuzzy rule to enable the operation on the fuzzy set of 

the first layer and the output represents the confidence level of the rule [145]: 

𝑂𝑛
2 = 𝜔𝑛 = 𝜇𝐴1(𝑆1)𝑛 ×  𝜇𝐴2(𝑆2)𝑛 ×…× 𝜇𝐴𝑜(𝑆𝑚)𝑛 =∏ 𝜇𝐴𝑜(𝑆𝑚)𝑛

𝑚

1
      (57) 

The third layer of the premise network normalizes the output of the second layer: 

𝑂𝑛
3 = 𝜔𝑛̅̅ ̅̅ =

𝜔𝑛
∑ 𝜔𝑛𝑛

      (58) 

The consequent network consists of several subnetworks, each of which produces an 

output variable. The first layer of the consequent network is the input layer, and each 

node in the second layer is the adaptive point, which matches the consequent of the 

fuzzy rule to calculate the output of each fuzzy logic: 

𝑂𝑛
4 = 𝜔𝑛̅̅ ̅̅ 𝑓𝑛(𝑡)      (59) 

The essence of fuzzy rules is the fuzzy implication relation, and the fuzzy implication 

relation 𝑅𝑚 of the fuzzy set 𝐴𝑚
𝑛  is: 
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𝑅𝑚: 𝑖𝑓 𝑀𝑆1(𝑡 − 1)𝑖𝑠 𝐴𝑚
1 , 𝑀𝑆2(𝑡 − 1)𝑖𝑠 𝐴𝑚

2 , 𝑀𝑆3(𝑡 − 1)𝑖𝑠 𝐴𝑚
3 , 𝑀𝑆4(𝑡 −

1)𝑖𝑠 𝐴𝑚
4 , 𝑀𝑆5(𝑡 − 1)𝑖𝑠 𝐴𝑚

5 , 𝑀𝑆6(𝑡 − 1)𝑖𝑠 𝐴𝑚
6 ,  

𝑎𝑛𝑑 𝑀𝑆1(𝑡) 𝑖𝑠 𝐴𝑚
7 , 𝑀𝑆2(𝑡) 𝑖𝑠 𝐴𝑚

8 , 𝑀𝑆3(𝑡) 𝑖𝑠 𝐴𝑚
9 , 𝑀𝑆4(𝑡) 𝑖𝑠 𝐴𝑚

10, 𝑀𝑆5(𝑡) 𝑖𝑠 𝐴𝑚
11,

𝑆𝑘(𝑡) 𝑖𝑠 𝐴𝑚
12; 

𝑡ℎ𝑒𝑛 : 𝑓𝑛(𝑡) = (𝛾𝑚)1 ×𝑀𝑆1(𝑡 − 1) + (𝛾𝑚)2 ×𝑀𝑆2(𝑡 − 1) + ⋯+ (𝛾𝑚)𝑛 × 𝑆𝑘(𝑡) +

(𝛾𝑚)𝑛+1 

Where the (𝛾𝑚)𝑛 means the consequent parameter, the output of the fourth layer: 

𝜔𝑛̅̅ ̅̅ 𝑓𝑛(𝑡) = 𝜔𝑛̅̅ ̅̅ × [(𝛾𝑚)1 ×𝑀𝑆1(𝑡 − 1) + (𝛾𝑚)2 ×𝑀𝑆2(𝑡 − 1) + ⋯+ (𝛾𝑚)𝑛 × 𝑆𝑘(𝑡)

+ (𝛾𝑚)𝑛+1]      (60) 

The fourth layer of the premise network is the output layer of the whole system, which 

is a fixed node and responsible for the calculation of the total output 𝐴𝜃(𝑡): 

𝑂𝑛
5 = 𝐴𝜃(𝑡) =∑ 𝜔𝑛̅̅ ̅̅ 𝑓𝑛(𝑡)

𝑛
= 𝜔1̅̅̅̅ 𝑓1(𝑡) + 𝜔2̅̅ ̅̅ 𝑓2(𝑡) +⋯+ 𝜔𝑛̅̅ ̅̅ 𝑓𝑛(𝑡)      (61) 

Substituting Eq. 8 to Eq. 11 into the above equation, the final estimation of ankle joint 

angle is obtained: 

𝐴𝜃(𝑡) =∑
∏ 𝜇𝐴𝑜(𝑆𝑚)𝑛
𝑚
1

∑ ∏ 𝜇𝐴𝑜(𝑆𝑚)𝑛
𝑚
1

𝑛
1𝑛

× [(𝛾𝑚)1 ×𝑀𝑆1(𝑡 − 1) + (𝛾𝑚)2 ×𝑀𝑆2(𝑡 − 1) + ⋯+ (𝛾𝑚)𝑛 × 𝑆𝑘(𝑡)

+ (𝛾𝑚)𝑛+1]      (13)      (62) 

 

2.7.5 Parameters determination of ANFIS model 

The parameters that need to be modified by learning in the ANFIS network are 

(𝑐𝑚)𝑛, (𝜎𝑚)𝑛 of the membership function in the second layer of the premise network, 

and the consequent parameter (𝛾𝑚)𝑛. In this study, a hybrid Learning algorithm is used 

to continuously learn and modify these parameters [145]. First, the algorithm calculates 

the error by comparing the simulated outputs of the ANFIS network with the real result 

data (expected output):  

𝐸 =
1

2
∑ [𝐴𝜃(𝑡)̂ − 𝐴𝜃(𝑡)]2

𝑚
      (63) 

Where the 𝐴𝜃(𝑡)̂ is the expected output, the 𝐴𝜃(𝑡) is the actual ANFIS system 

output. After that, the 𝐸  was processed by backpropagation and the (𝑐𝑚)𝑛  and 

(𝜎𝑚)𝑛 were modified by the gradient descent method [145]. 

 

2.7.6 Fuzzy rule determination of ANFIS model 

The determination of fuzzy rule in the ANFIS network is based on the rules and 

properties of the input parameters, and the traditional method of Grid partitioning is 

generally adopted. After generating the first-order fuzzy inference system, this method 

continuously modifies its parameters to train the optimization network according to the 

above algorithmic model. It shows the following disadvantages: 1) The rules and 

properties of the original data cannot be completely described in the initial processing; 

2) The constructed fuzzy inference system has a large computational volume, long 

computation time, low simulation accuracy error, and the model cannot converge [145]. 
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Therefore, this study clustered the training samples by the subtractive clustering 

algorithm (SCA) [219]. After generating an optimized fuzzy inference system based on 

the clustering results, the optimal fuzzy rules and their number can be determined by 

the learning calculation of the neural network, which calculates the system more rapidly 

and accurately. 

The essence of SCA belongs to density index clustering, which can adaptively 

determine the number of clusters at the density center to estimate the number of clusters 

and the location of cluster centers in the original data [219, 220]. The clustering results 

can be used in the fuzzy inference logic of the initial ANFIS. For the dataset 𝑍 =

{𝑋1, 𝑋2, … , 𝑋𝑈}, 𝑋𝑈 = [𝑀𝑆𝑘(𝑡 − 1),𝑀𝑆𝑘(𝑡)], 𝑘 = 1,2, … 6, the algorithm steps are as 

follows:  

(1) Calculating the density values of all 𝑋𝑈 in 𝑍, the density function 𝐷𝑈: 

𝐷𝑈 =∑ exp [−
‖𝑋𝑣 − 𝑋𝑢‖

2

𝑟𝑎2

4

]
𝑈

𝑢=1
(𝑢, 𝑣 = 1,2, …𝑈)      (64) 

Where the 𝑟𝑎  is the neighborhood radius of 𝑋𝑣 : 𝑟𝑎 =
1

2
𝑚𝑖𝑛𝑘[𝑚𝑎𝑥𝑈(‖𝑋𝑣 − 𝑋𝑘‖)] , 

𝑋𝑣 is made up of input and output data pairs. Then, the 𝑋𝑐1 with the highest density 

value 𝐷𝑐1 is selected as the first cluster center. 
(2) When the 𝑋𝑐𝑘 with the highest density value 𝐷𝑐𝑘 is selected, the point value 

is used as the second cluster center: The formula for calculating the other elemental 

density indicators is updated as follows: 

𝐷𝑈 = 𝐷𝑈 − 𝐷𝑐𝑘exp [−
‖𝑋𝑣 − 𝑋𝑐𝑘‖

2

𝑟𝑏2

4

](𝑟𝑏 = 1.2𝑟𝑎)       (65) 

(3) The above steps are repeated until the calculation results satisfy the threshold 

set for the likelihood of new cluster centers 𝛿: 

𝛿 >
𝐷𝑘+1
𝐷1

       (66) 

The number of fuzzy rules 𝑚 is determined by the number of clusters, the (𝑐𝑚)𝑛 and 

(𝜎𝑚)𝑛 are determined by the cluster center and radius respectively. 
 

2.7.7 Performance evaluation of estimation outputs 

The mean absolute percentage error (𝑀𝐴𝑃𝐸), root mean square error (𝑅𝑀𝑆𝐸), 

normalized RMSE (𝑁𝑅𝑀𝑆𝐸), the square of correlation coefficient (𝑅2) were calculated 

to evaluate the accuracy of the estimation outputs. For the value of 𝑀𝐴𝑃𝐸, 𝑅𝑀𝑆𝐸, 

and 𝑁𝑅𝑀𝑆𝐸, the magnitude of the value depends on the magnitude of the estimation 

error, the larger the error the larger the value. The equation is as follows: 

𝐸𝑀𝐴𝑃𝐸 =
1

𝑁
∑|

𝑌𝑖
𝑚𝑒𝑎 − 𝑌𝑖

𝑝𝑟𝑒

𝑌𝑖
𝑚𝑒𝑎 |

𝑁

𝑖=1

       (67) 
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𝐸𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑌𝑖

𝑚𝑒𝑎 − 𝑌𝑖
𝑝𝑟𝑒)2

𝑁

𝑖=1

      (68) 

𝐸𝑁𝑅𝑀𝑆𝐸 =
𝐸𝑅𝑀𝑆𝐸

(𝑌𝑚𝑎𝑥
𝑚𝑒𝑎 − 𝑌𝑚𝑖𝑛

𝑚𝑒𝑎)
× 100%      (69) 

Where the 𝑁 means the number of data points during the step-off landing phase, 𝑌𝑖
𝑚𝑒𝑎 

and 𝑌𝑖
𝑝𝑟𝑒

 are the measured and estimated results at data point 𝑖, 𝑌𝑚𝑎𝑥
𝑚𝑒𝑎 and 𝑌𝑚𝑖𝑛

𝑚𝑒𝑎 are 

the maximum and minimum values of the measured results. 

The 𝑅2 represents the degree of the correlation between the estimation outputs and the 

measured results, and its value closer to 1 implies a higher correlation and lower error. 

The equation is as follows: 

𝐸𝑅2 =
∑ (𝑌𝑖

𝑝𝑟𝑒 − 𝑌𝑚𝑒𝑎̅̅ ̅̅ ̅̅ ̅)2𝑁
𝑖=1

∑ (𝑌𝑖
𝑚𝑒𝑎 − 𝑌𝑚𝑒𝑎̅̅ ̅̅ ̅̅ ̅)2𝑁

𝑖=1

      (70) 

Where the 𝑌𝑚𝑒𝑎̅̅ ̅̅ ̅̅ ̅ is the average value of the measured results. 

 

2.7.8 Model configurations and statistical analysis 

As the current study sample did not cover the majority cases of muscle synergy 

patterns, the data from Day 1 were used as the training set, and the data from Day 2 

were used as the testing set. For the estimation of sagittal joint angles and torques under 

each joint (ankle, knee, hip) in each subject group (healthy and patient), each estimation 

situation was input into the model separately. Data points from the different subjects of 

each estimation situation were combined together and shuffled.  

Both in the training set and testing set, the data dimension for the muscle synergy 

space of the original time series 𝑀𝑆(𝑡)  is 𝕄𝑘×8080   ( 8080 = 101data points ×

5𝑡𝑟𝑎𝑖𝑙𝑠 × 16𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 ). However, when solving for the joint torque in the dynamic 

scenario, it is considered that the torque at the current time data point needs to be 

determined based on the combined computation of variables such as the angle at the 

previous time data point, which can result in the joint torque lagging by one time data 

point [155]. Therefore, the current study integrated the muscle synergy space of the 

original time series 𝑀𝑆(𝑡) and the muscle synergy space with the first-time data point 

removed 𝑀𝑆(𝑡 − 1)  as input variables, which allows the model to obtain more 

information about the time series variation. To maintain consistency with the dimension 

of the original 𝑀𝑆(𝑡), this study also expanded the dimension of 𝑀𝑆(𝑡 − 1) to 101 

data points. Therefore, both in the training set and testing set, the final dimension of the 

input variable is 𝕄2𝑘×8080. 

For the estimation errors difference between the healthy and patient groups, the 

Independent-samples t-test was used (significant level P < 0.05). Pearson correlation 

analysis was conducted to explore the correlation of the synergy activation coefficient 

matrix between subjects. 
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3. Results 

3.1 Influence of fatigue factors on lower limb biomechanical patterns during 

landing 

3.1.1 Landing pattern variable difference between before-fatigue and after-fatigue 

Figure 22A presents the comparison results of muscle activation between the 

results collected by the EMG sensor and the results obtained by musculoskeletal 

modeling simulation, both of which show a strong correlation with each other 

(Correlation coefficient greater than 0.85) [159]. Therefore, the activation of the six 

selected muscles remained consistent in most of the time and frequency domains in 

both conditions, which suggested that the simulation results obtained based on the 

established musculoskeletal model in the current study had high reliability [78, 89]. 

The raw data waveform of joint angle and joint moment of each joint (ankle, knee, 

hip) of each plane (sagittal, frontal, transversal) and sagittal joint power during the 

landing phase between before-fatigue and after-fatigue are presented in Figure 23. The 

raw data waveform of ACL force is presented in Figure 22B. Compared to before-

fatigue SL, after-fatigue SL shows smaller knee and hip flexion, and greater ACL forces 

during the landing phase. 

For the detailed results of AICA, AROM, PAF, AED, KED and HED, their 

distribution trends and recognizability between before-fatigue and after-fatigue are 

presented in Figure 24, and the specific values of the recognizability are presented in 

Table 7. The recognition accuracy of AICA, KED and PAF all exceeded 70%. All 

variables presented statistically significant differences (Table 8). Compared with the 

before-fatigue, the AICA (Figure 24A), AROM (Figure 24B), AED (Figure 24D), 

KED (Figure 24E), and HED (Figure 24F) are reduced in after-fatigue, but the PAF 

(Figure 24C) is increased. In general, there were significant differences in landing 

patterns between before-fatigue and after-fatigue. 
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Figure 22 Detail results of EMG/Activation and ACL force. (A) Illustration of the 

EMG/Activation of selected muscles. The results of the simulation were calculated 

from the established musculoskeletal model in OpenSim software. The results of 

EMG were obtained from the EMG sensors. The muscle activation was normalized on 

a scale of 0 (no activation) to 1 (all activation). R2 represents the square of the 

correlation coefficient. (B) Visualization of ACL force during the landing phase 

between before-fatigue and after-fatigue. The color curve is the full test data set for 

the SL test of before-fatigue, and the black curve and the line are the mean and 

standard deviation of these data sets. The gray curve is the full test data set for the SL 

test of AF, and the red curve and the line are the mean and standard deviation of these 

data sets. By comparing the magnitude of the ACL force, the shaded area within the 

red box indicates that the ACL force of after-fatigue is greater than that of before-

fatigue during the landing phase at this stage. 
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Figure 23 Visualization of joint angle and joint moment of each joint (ankle, knee, 

hip) of each plane (sagittal, frontal, transversal) and sagittal joint power during the 

landing phase between before-fatigue and after-fatigue SL. (A) The raw joint angle 

data waveform during the landing phase of the SL of before-fatigue. (B) The raw joint 

moment data waveform during the landing phase of the SL of before-fatigue. (C) The 

raw joint angle data waveform during the landing phase of the SL of after-fatigue. (D) 

The raw joint moment data waveform during the landing phase of the SL of after-

fatigue. (E) The raw joint power data waveform during the landing phase. Y-axis 

means the 0%-100% landing phase. The anatomical definition is presented at the top 

of the Figure. The color curve is the full test data set for the SL of before-fatigue, and 

the black curve and the line are the mean and standard deviation of these data sets. 

The gray curve is the full test data set for the SL of after-fatigue, and the red curve 

and the line are the mean and standard deviation of these data sets. 

 

 
Figure 24 Detailed results of the distribution trends for six discrete variables, and their 
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recognizability and classification accuracy between before-fatigue and after-fatigue. 

(A) Results of AIC. (B) Results of AROM. (C) Results of PAF. (D) Results of AED. 

(E) Results of KED. (F) Results of HED. The left side is the violin plot of 560 discrete 

data distributions. The right side is the variables classification and recognition results 

based on the three different classification algorithm models. SVM: Support Vector 

Machine. KNN: K-Nearest Neighbor. ANN: Artificial Neural Network. "*" means the 

significance with p < 0.05. 

 

Table 7 Detailed values of the recognizability and classification accuracy between 

before-fatigue and after-fatigue were obtained for the three different classification 

algorithm models (SVM, KNN, ANN) for six variables. Means and standard 

deviations were obtained based on eight-fold cross-validation. 

Input Variables SVM (%) KNN (%) ANN (%) All (%) 

Ankle Initial Contact Angle 72.32±4.73 71.25±3.45 72.32±4.28 71.96±4.04 

Ankle Range of Motion 64.64±5.51 65.36±4.45 69.29±5.39 66.43±5.33 

Ankle Energy Dissipation 60.00±3.72 59.64±4.83 64.28±4.23 61.31±4.63 

knee Energy Dissipation 77.50±4.64 72.86±4.23 78.75±5.76 76.37±5.37 

Hip Energy Dissipation 72.14±7.07 67.86±2.13 71.43±6.47 70.48±5.74 

Peak ACL Force 70.18±7.26 69.82±7.32 70.18±6.59 70.06±6.75 

 

Table 8 Detailed results of the significant difference for six variables. 

Variables 
After-

Fatigue 

Before-

Fatigue 

95% 

Confidence 

Interval 

Mean 

Difference 
P 

AICA (°) 29.58±5.41 33.47±5.16 [-4.46,-3.32] -3.89 <0.001 

AROM (°) 54.38±8.59 59.99±8.35 [-6.75,-4.45] -5.60 <0.001 

AED (J/Kg) 1.23±0.32 1.35±0.36 [-0.16,-0.08] -0.12 <0.001 

KED (J/Kg) 2.41±0.66 3.01±0.63 [-0.70,-0.51] -0.61 <0.001 

HED (J/Kg) 1.36±0.38 1.66±0.53 [-0.35,-0.25] -0.30 <0.001 

PAF (BW) 1.65±0.23 1.50±0.17 [0.13,0.18] 0.15 <0.001 

 

3.1.2 Relationship between each landing pattern variable 

The linear relationship and scatter distribution between PAF and other variables 

are presented in Figure 25. With the increase of AIC, the PAF showed a downward 

trend, and the 𝑅2 = 0.4898 (Figure 25A). With the increase of AROM, the PAF also 

showed a downward trend, and the 𝑅2 = 0.3768 (Figure 25B). With the increase of 

TED, the PAF showed a downward trend, and the 𝑅2 = 0.6110 (Figure 25C). With 

the increase in AED (𝑅2 = 0.5387), KED (𝑅2 = 0.4685), AED (𝑅2 = 0.2527), the 

PAF showed a downward trend (Figure 25D). There was almost no correlation between 

PAF and ACTED (𝑅2 = 0.0032 ), KCTED (𝑅2 = 0.0037 ), HCTED (𝑅2 = 0.0077 ) 

(Figure 25E). 

The linear relationship and scatter distribution between AICA and other variables 

of energy dissipation are presented in Figure 26. With the increase of AIC, both the 

AED (𝑅2 = 0.6455), KED (𝑅2 = 0.3606), AED (𝑅2 = 0.2198) showed an upward 
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trend. There was almost no correlation between AICA and ACTED (𝑅2 = 0.0594 ), 

KCTED (𝑅2 = 0.0021), ACTED (𝑅2 = 0.0098). 

The linear relationship and scatter distribution between AROM and other variables 

of energy dissipation are presented in Figure 27. With the increase of AROM, both the 

AED (𝑅2 = 0.5850), KED (𝑅2 = 0.3037), AED (𝑅2 = 0.1538) showed an upward 

trend. There was almost no correlation between ARM and ACTED (𝑅2 = 0.0726 ), 

KCTED (𝑅2 = 0.0006), ACTED (𝑅2 = 0.0178). 

Detailed distributions of the absolute value of 𝑅 between variables are presented 

in Figure 28. Figure 28A shows the results based on the SL data that combination of 

before-fatigue and after-fatigue, and the specific values are presented in Table 9. Figure 

7B shows the results based on the SL data of before-fatigue, and the specific values are 

presented in Table 10. Figure 7C shows the results based on the SL data of after-fatigue, 

and the specific values are presented in Table 11. AICA and AROM are strongly 

correlated with other variables except for each joint contribution to total energy 

dissipation. PAF is most influenced by AICA and AROM. 

 

 

Figure 25 The linear relationship and scatter distribution between PAF and other 

variables. (A) The linear relationship and scatter distribution between PAF and AIC. 

(B) The linear relationship and scatter distribution between PAF and AROM. (C) The 

linear relationship and scatter distribution between PAF and TED. (D) The linear 

relationship and scatter distribution between PAF and AED, KED, HED. (E) The 

linear relationship and scatter distribution between PAF and ACTED, AKTED, 

AHTED. The gray line is the result of a linear fit based on the SL data of before-

fatigue and after-fatigue. 
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Figure 26 The linear relationship and scatter distribution between ankle initial contact 

angle and other variables of energy dissipation. (A) The linear relationship and scatter 

distribution between ankle initial contact angle and ankle energy dissipation. (B) The 

linear relationship and scatter distribution between ankle initial contact angle and 

knee energy dissipation. (C) The linear relationship and scatter distribution between 

ankle initial contact angle and hip energy dissipation. (D) The linear relationship and 

scatter distribution between ankle initial contact angle and ankle contribution to total 

energy dissipation. (E) The linear relationship and scatter distribution between ankle 

initial contact angle and knee contribution to total energy dissipation. (F) The linear 

relationship and scatter distribution between AICA and hip contribution to total 

energy dissipation. The gray line is the result of a linear fit based on the SL data of 

before-fatigue and after-fatigue. 

 

 

Figure 27 The linear relationship and scatter distribution between ankle range of 
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motion and other variables of energy dissipation. (A) The linear relationship and 

scatter distribution between ankle range of motion and ankle energy dissipation. (B) 

The linear relationship and scatter distribution between ankle range of motion and 

knee energy dissipation. (C) The linear relationship and scatter distribution between 

ankle range of motion and hip energy dissipation. (D) The linear relationship and 

scatter distribution between ankle range of motion and ankle contribution to total 

energy dissipation. (E) The linear relationship and scatter distribution between ankle 

range of motion and knee contribution to total energy dissipation. (F) The linear 

relationship and scatter distribution between ankle range of motion and hip 

contribution to total energy dissipation. The gray line is the result of a linear fit based 

on the SL data of before-fatigue and after-fatigue. 

 

 
Figure 28 Detailed distributions of absolute value of the correlation coefficient R 

between variables. (A) Detailed distributions of correlation coefficient R between 

variables based on the SL data that combination of before-fatigue and after-fatigue. (B) 

Detailed distributions of correlation coefficient R between variables based on the SL 

A

B C
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data of before-fatigue. (C) Detailed distributions of correlation coefficient R between 

variables based on the SL data of after-fatigue. The closer R-value is to 1, the greater 

the correlation between the two variables, and the closer R-value is to 0, the smaller the 

correlation between the two variables. The shaded area within the red box represents 

that the current study does not consider the correlation between the two variables. 

 

Table 9 Detailed results of correlation coefficient R between variables, which 

combines the SL data of both before-fatigue and after-fatigue. 

 AICA 
ARO

M 
PAF TED AED KED HED 

ACTE

D 

KCTE

D 

HCTE

D 

AICA 1.00 0.83 -0.70 0.74 0.80 0.60 0.47 0.24 -0.05 -0.10 

ARO

M 
0.83 1.00 -0.61 0.67 0.76 0.55 0.39 0.41 -0.02 -0.13 

PAF -0.70 -0.61 1.00 -0.78 -0.73 -0.68 -0.50 -0.06 -0.06 0.09 

TED 0.74 0.67 -0.78 1.00 / / / / / / 

AED 0.80 0.76 -0.73 / 1.00 / / / / / 

KED 0.60 0.55 -0.68 / / 1.00 / / / / 

HED 0.47 0.39 -0.50 / / / 1.00 / / / 

ACTE

D 
0.24 0.41 -0.06 / / / / 1.00 / / 

KCTE

D 
-0.05 -0.02 -0.06 / / / / / 1.00 / 

HCTE

D 
-0.10 -0.13 -0.09 / / / / / / 1.00 

Note: The closer R-value is to 1, the greater the correlation between the two variables, 

and the closer R-value is to 0, the smaller the correlation between the two variables. "/" 

indicates that the current study does not consider the correlation between the two 

variables. AICA: Ankle Initial Contact Angle; AROM: Ankle Range of Motion; PAF: 

Peak ACL Force; TED: Total Energy Dissipation; AED: Ankle Energy Dissipation; 

KED: Knee Energy Dissipation; HED: Hip Energy Dissipation; ACTED: Ankle 

Contribution to Total Energy Dissipation; KCTED: Knee Contribution to Total Energy 

Dissipation; HCTED: Hip Contribution to Total Energy Dissipation. 

 

Table 10 Detailed results of correlation coefficient R between variables, which only 

considers the SL data of before-fatigue. 

 AICA 
ARO

M 
PAF TED AED KED HED 

ACTE

D 

KCTE

D 

HCTE

D 

AICA 1.00 0.83 -0.71 0.74 0.88 0.52 0.43 0.55 -0.35 -0.02 

ARO

M 
0.83 1.00 -0.44 0.51 0.65 0.34 0.30 0.41 -0.28 0.01 
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PAF -0.71 -0.44 1.00 -0.72 -0.69 -0.59 -0.44 -0.25 0.22 -0.05 

TED 0.74 0.51 0.72 1.00 / / / / / / 

AED 0.88 0.65 -0.69 / 1.00 / / / / / 

KED 0.52 0.34 -0.59 / / 1.00 / / / / 

HED 0.43 0.30 -0.44 / / / 1.00 / / / 

ACTE

D 
0.55 0.41 -0.25 / / / / 1.00 / / 

KCTE

D 
-0.35 -0.28 0.22 / / / / / 1.00 / 

HCTE

D 
-0.02 0.01 -0.05 / / / / / / 1.00 

Note: The closer R-value is to 1, the greater the correlation between the two variables, 

and the closer r value is to 0, the smaller the correlation between the two variables. "/" 

indicates that the current study does not consider the correlation between the two 

variables. AICA: Ankle Initial Contact Angle; AROM: Ankle Range of Motion; PAF: 

Peak ACL Force; TED: Total Energy Dissipation; AED: Ankle Energy Dissipation; 

KED: Knee Energy Dissipation; HED: Hip Energy Dissipation; ACTED: Ankle 

Contribution to Total Energy Dissipation; KCTED: Knee Contribution to Total Energy 

Dissipation; HCTED: Hip Contribution to Total Energy Dissipation. 

 

Table 11 Detailed results of correlation coefficient R between variables, which only 

considers the SL data of after-fatigue. 

 AICA 
ARO

M 
PAF TED AED KED HED 

ACTE

D 

KCTE

D 

HCTE

D 

AICA 1.00 0.92 -0.51 0.57 0.65 0.46 0.20 0.27 0.11 -0.25 

ARO

M 
0.92 1.00 -0.65 0.70 0.84 0.55 0.20 0.39 0.14 -0.35 

PAF -0.51 -0.65 1.00 -0.68 -0.68 -0.59 -0.22 -0.15 -0.25 0.32 

TED 0.57 0.70 -0.68 1.00 / / / / / / 

AED 0.65 0.84 -0.68 / 1.00 / / / / / 

KED 0.46 0.55 -0.59 / / 1.00 / / / / 

HED 0.20 0.20 -0.22 / / / 1.00 / / / 

ACTE

D 
0.27 0.39 -0.15 / / / / 1.00 / / 

KCTE

D 
0.11 0.14 -0.25 / / / / / 1.00 / 

HCTE

D 
-0.25 0.35 0.32 / / / / / / 1.00 

Note: The closer R-value is to 1, the greater the correlation between the two variables, 



81 

 

and the closer r value is to 0, the smaller the correlation between the two variables. "/" 

indicates that the current study does not consider the correlation between the two 

variables. AICA: Ankle Initial Contact Angle; AROM: Ankle Range of Motion; PAF: 

Peak ACL Force; TED: Total Energy Dissipation; AED: Ankle Energy Dissipation; 

KED: Knee Energy Dissipation; HED: Hip Energy Dissipation; ACTED: Ankle 

Contribution to Total Energy Dissipation; KCTED: Knee Contribution to Total Energy 

Dissipation; HCTED: Hip Contribution to Total Energy Dissipation. 

 

  



82 

 

3.2 Exploring landing pattern differences before and after fatigue based on 

explainable machine learning 

3.2.1 Kinematics and kinetics data waveform of landing pattern 

The raw kinematics (joint angle) and kinetics (joint moment) data waveform of 

each joint (ankle, knee, hip) of each plane (sagittal, frontal, transversal) during the 

landing phase between before fatigue and after fatigue single-leg landing are shown in 

Figure 2. Figure 2A and Figure 2B display the raw joint angle and moment data 

waveform during the landing phase of the single-leg landing of before fatigue 

intervention, respectively. Figure 2C and Figure 2D show the raw joint angle and 

moment data waveform during the landing phase of the single-leg landing of after 

fatigue intervention, respectively.  

 

 
Figure 29 Visualization of joint angle and joint moment of each joint (ankle, knee, 

hip) of each plane (sagittal, frontal, transversal) during the landing phase between 

before fatigue and after fatigue single-leg landing. (A) The raw joint angle data 

waveform during the landing phase of the single-leg landing of before fatigue 

intervention. (B) The raw joint moment data waveform during the landing phase of 

the single-leg landing of before fatigue intervention. (C) The raw joint angle data 

waveform during the landing phase of the single-leg landing of after fatigue 

intervention. (D) The raw joint moment data waveform during the landing phase of 

the single-leg landing of after fatigue intervention. Y-axis means the 0%-100% 

landing phase. The anatomical definition is shown at the top of the figure. The color 

curve is the full test data set for the landing of before fatigue intervention, and the 

black curve and the line are the mean and standard deviation of these data sets. The 

gray curve is the full test data set for the landing of after fatigue intervention, and the 

red curve and the line are the mean and standard deviation of these data sets. 

 

3.2.2 Classification results 

The result distribution of prediction accuracy rate and ZRB was shown in Figure 
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30, and the details of means and standard deviations and ZRB were shown in Table 12. 

Comparison results of classification accuracy of nine classification tasks under three 

algorithm models were shown in Figure 30A. The ANN model showed better 

classification performance than SVM and CNN in all nine classification tasks, 

especially in the three classification tasks that took separate ankle, knee, and hip data 

as input signals. Comparison results of classification accuracy of three algorithm 

models under nine classification tasks were shown in Figure 30B. The classification 

performance that is based on both kinematics and kinetics as input signals are better 

than the classification performance that is based on only kinematics or only kinetics as 

input signals. The classification performance that is based on the knee data as input 

signals was better than the classification performance that is based on the ankle data or 

only hip data as input signals. The classification performance that is based on the 

sagittal plane data as input signals was better than the classification performance that is 

based on the frontal plane data or only transversal plane data as input signals. The 

prediction accuracy based on three classification algorithm models both were higher 

than the ZRB results. 

 

 

Figure 30 Detailed results of the prediction accuracy rate were obtained for the three 

different classification algorithm models (SVM, ANN, CNN). (A) Comparison results 

of classification accuracy of nine classification tasks under three algorithm models. 

(B) Comparison results of classification accuracy of three algorithm models under 

nine classification tasks. Bar graph with scatter points of the classification and 

recognition accuracy rate acquired through eight-fold cross-validation (a total of eight 
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individual scatter points). 

 

Table 12 Detailed values of the prediction accuracy rate were obtained for the three 

different classification algorithm models (SVM, ANN, CNN) and ZRB in nine 

classification tasks. Means and standard deviations were obtained based on eight-fold 

cross-validation. 

Input Signals SVM (%) ANN (%) CNN (%) ZRB (%) 

Kinematics and Kinetics 98.04±1.06 99.46±1.06 93.93±1.83 74.11 

Kinematics 96.07±2.38 98.75±1.19 93.57±3.41 71.30 

Kinetics 97.68±1.31 98.39±1.94 95.36±2.62 65.41 

Ankle 83.57±4.52 96.79±3.22 84.82±5.96 61.33 

Knee 91.79±3.03 98.57±1.71 88.04±3.58 67.36 

Hip 86.07±4.09 95.54±5.42 78.93±4.50 53.93 

Sagittal 94.64±3.87 98.93±1.98 89.82±4.86 70.63 

Frontal 90.18±4.07 95.18±2.01 83.93±1.98 64.08 

Transversal 88.93±2.62 94.11±4.14 86.61±3.58 65.01 

 

3.2.3 Explainability and statistical evaluation results 

Detailed recognizability results and statistical evaluation of the differences 

between before fatigue and after fatigue single-leg landing patterns are shown in 

Figures 30 to 32. The classification and recognition results of the ankle joint kinematics 

and kinetics during the landing phase between two class landing patterns are shown in 

Figure 31. Figure 31A showed the comparison results of the two class landing patterns 

in ankle joint kinematics and kinetics, and SPM results show that the landing pattern 

differences are mainly concentrated in the sagittal and transversal plane (blue shaded 

part). Figure 31B showed the mean values of all test trial datasets, and the results of 

color-coded input RS for both classes acquired through LRP. Figure 31C shows the 

size of detailed RS during the landing phase, and the area with high RS in the ankle 

joint is consistent with the statistical results of SPM (red shaded part). Figure 31D 

shows the effect size for both classes during the landing phase, where the portion above 

0.5 (red and orange lines) is also basically consistent with the high RS area, especially 

those parts above 0.8 (red lines). In general, the RS derived from LRP in identifying the 

differences between the two class landing patterns generally agreed with the statistical 

results in the ankle joint. 
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Figure 31 Detailed overview for the classification of the ankle joint kinematics and 

kinetics during the landing phase between before fatigue and after fatigue single-leg 

landing. (A) Comparison of the ankle joint kinematics and kinetics in the sagittal, 

frontal, and transversal plane between before fatigue and after fatigue single-leg 

landing. The anatomical definition is shown at the top of the picture. The blue shaded 

part indicates that there has a statistical difference in the landing phase in this section. 

(B) Mean values of all test trial datasets, color-coded by input RS for both classes 

acquired through LRP. The brighter colors mean high relevance variables, and the 

darker colors mean low relevance variables. The brighter the color, the greater the 

contribution to landing pattern recognition. (C) Detailed line plot of the RS for both 

classes acquired through LRP during the landing phase. The red shaded part 

represents the region where the RS obtained by LRP highly coincide with the SPM 

results. (D) Detailed line plot of the effect size for both classes during the landing 

phase. The situation description is shown at the bottom of the figure. 

 

The classification and recognition results of the knee joint kinematics and kinetics 

during the landing phase between two class landing patterns are shown in Figure 32. 

Figure 32A shows the comparison results of the two class landing patterns in knee joint 

kinematics and kinetics. The SPM results indicated that the landing pattern differences 

are observed at all three anatomical planes (blue shaded part). Figure 32B shows the 

mean values of all test trial datasets, and the results of color-coded input RS for both 

classes acquired through LRP. Figure 32C shows the size of detailed RS during the 

landing phase, and the area with high RS in the knee joint is consistent with the 

statistical results of SPM (red shaded part). Figure 32D shows the effect size for both 

classes during the landing phase, where the portion above 0.5 (red and orange lines) is 

also consistent with the high RS area. In general, the RS derived from LRP in 

identifying the differences between the two class landing patterns also agreed with the 

statistical results in the knee joint. 
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Figure 32 Detailed overview for the classification of the knee joint kinematics and 

kinetics during the landing phase between before fatigue and after fatigue single-leg 

landing. (A) Comparison of the knee joint kinematics and kinetics in the sagittal, 

frontal, and transversal plane between before fatigue and after fatigue single-leg 

landing. The anatomical definition is shown at the top of the picture. The blue shaded 

part indicates that there is a statistical difference in the landing phase in this section. 

(B) Mean values of all test trial datasets, color-coded by input RS for both classes 

acquired through LRP. The brighter colors indicate high relevance variables, and the 

darker colors indicate low relevance variables. The brighter the color, the greater the 

contribution to landing pattern recognition. (C) Detailed line plot of the RS for both 

classes acquired through LRP during the landing phase. The red shaded part 

represents the region where the RS obtained by LRP highly coincide with the SPM 

results. (D) Detailed line plot of the effect size for both classes during the landing 

phase. The situation description is shown at the bottom of the figure. 

 

The classification and recognition results of the hip joint kinematics and kinetics 

during the landing phase between two class landing patterns were shown in Figure 33. 

Figure 33A shows the comparison results of the two class landing patterns in hip joint 

kinematics and kinetics, and SPM results show that the landing pattern differences are 

mainly concentrated in the sagittal and frontal plane (blue shaded part). Figure 33B 

shows the mean values of all test trial datasets, and the results of color-coded input RS 

for both classes acquired through LRP. Figure 33C shows the size of detailed RS during 

the landing phase, and the partial area with high RS in the hip joint was consistent with 

the statistical results of SPM (red shaded part). The RS derived from LRP in the hip 

sagittal and frontal planes during the late landing phase is inconsistent with the 

statistical results of SPM, although there was a statistical difference a high RS at this 

stage was not producted. Figure 33D shows the effect size for both classes during the 

landing phase, where the portion above 0.5 (red and orange lines) is partially consistent 

with the high RS area. 
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Figure 33 Detailed overview for the classification of the hip joint kinematics and 

kinetics during the landing phase between before fatigue and after fatigue single-leg 

landing. (A) Comparison of the hip joint kinematics and kinetics in the sagittal, 

frontal, and transversal plane between before fatigue and after fatigue single-leg 

landing. The anatomical definition is shown at the top of the picture. The blue shaded 

part indicates that there is a statistical difference in the landing phase of this section. 

(B) Mean values of all test trial datasets, color-coded by input RS for both classes 

acquired through LRP. The brighter colors reprent high relevance variables, and the 

darker colors reprent low relevance variables. The brighter the color, the greater the 

contribution to landing pattern recognition. (C) Detailed line plot of the RS for both 

classes acquired through LRP during the landing phase. The red shaded part 

represents the region where the RS obtained by LRP highly coincide with the SPM 

results. (D) Detailed line plot of the effect size for both classes during the landing 

phase. The situation description is shown at the bottom of the figure. 

 

Detailed results of RS derived from LRP for explaining the landing pattern 

difference between before fatigue and after fatigue single-leg landing were shown in 

Figure 34. Figure 34A shows the relative contribution of variables during the overall 

landing phase, the variables recorded at every 1% of the landing phase interval were 

related to successfully matching the landing pattern between before fatigue and after 

fatigue single-leg landing. The variable contribution during the 1%-22% landing phase 

reached 27.06%, which indicated that the contribution of the early landing phase to the 

recognition of landing patterns was greater (black shaded area). Figure 34B shows the 

summed contribution of the RS of each joint of each plane of kinematics and kinetics 

trajectories. For each joint, the largest summed contribution rate of RS was 41.02% in 

the knee joint, followed by 30.62% in the ankle joint and 28.36% in the hip joint. For 

each plane, the largest summed contribution rate of RS was 37.78% in the sagittal plane, 

followed by 32.55% in the transversal plane and 29.67% in the frontal plane. The knee 

flexion–extension angle variable was the most relevant trajectory variable in landing 

pattern recognition, and the contribution rate of RS reached 8.31%. Secondly, the knee 

flexion–extension moment, knee internal–external rotation moment, ankle 

dorsiflexion-plantarflexion moment, ankle internal–external rotation angle, were the 

followed relevant trajectory variables in landing pattern recognition, and the 
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contribution rate of RS reached 8.03%, 7.86%, 6.58%, 6.13%, respectively. The RS 

contribution rates of other trajectory variables were detailed in Figure 34B. 

Figure 34C shows the detailed distribution of RS during each joint of each plane 

of kinematics and kinetics. There was revealing information contributing to the 

distribution of the time points variables between the before fatigue and after fatigue 

single-leg landing during the overground landing movement patterns.  

A total of 169 relevant variables (RS greater than 0.7) were extracted as the notable 

highly relevant variable to explore its distribution trend (Figure 34D). For the ankle 

kinematics, there was high RS in dorsiflexion-plantarflexion angle during the 15%-19% 

landing phase; in internal–external rotation angle during the 56%-60% landing phase. 

For the ankle kinetics, there was high RS in dorsiflexion-plantarflexion moment during 

the 2%-11%, 44%-50%, 56%-60%, 83%-85% landing phase; in inversion-eversion 

moment during the 50%-52% landing phase; in internal–external rotation moment 

during the 2%-5%, 18%-20% landing phase.  

For the knee kinematics, there was high RS in flexion–extension angle during the 

17%-24%, 72%-74%, 95%-99% landing phase; in abduction–adduction moment during 

the 29%, 67%-73% landing phase; in internal–external rotation angle during the 3%-

5%, 17%-18%, 63%-69% landing phase. For the knee kinetics, there was high RS in 

flexion–extension moment during the 13%-30%, 41%, 72%-73% landing phase; in 

abduction–adduction moment during the 6%-10%, 28%-35% landing phase; in 

internal–external rotation moment during the 12%-14%, 28%-37%, 46%, 70%-73%, 

77% landing phase.  

For the hip kinematics, there was high RS in flexion–extension angle during the 

9%-12%, 40%-45% landing phase; in abduction–adduction moment during the 62%-

64% landing phase; in internal–external rotation angle during the 1%-3%, 12%-16% 

landing phase. For the hip kinetics, there was high RS in flexion–extension moment 

during the 11%-13%, 16%-19% landing phase; in abduction–adduction moment during 

the 4%-6%, 10%-13% landing phase. These high RS variables were also mainly 

concentrated in the early landing phase (red shaded area), which also suggested that the 

early stage landing phase was more important in landing pattern recognition. 
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Figure 34 Detailed explanation results of landing pattern difference using LRP. (A) 

Relative contribution of variables during the overall landing phase. (B) Summed 

contribution of the relevance of each joint (ankle, knee, hip) of each plane (sagittal, 

frontal, transversal) of kinematics and kinetics trajectories. (C) Detailed distribution 

of RS during each joint of each plane of kinematics and kinetics. (D) Detailed 

distribution of the 169 highly relevant variables (RS greater than 0.7) during each 

joint of each plane of kinematics and kinetics. The brighter colors indicate high 

relevance variables, and the darker colors indicate low relevance variables. The model 

relied more on brighter color variables; the darker color variables had less relevance 

with correctly classified landing patterns. 

 

3.2.4 Explainability and clinical evaluation results 

“To what extent do these regions of input signals identified as most relevant for 

landing pattern recognition remain consistent with clinical assessment?” Based on the 

obtained results of the XML model, a specialist in analyzing lower extremity landing 

injuries with nearly 20 years of expertise provided the response to the query. 

Firstly, for the single-leg landing task, it is generally accepted that the early landing 

phase is the main stage in which injury occurs. This is because the ground reaction force 

impact on the lower limbs increases rapidly after the foot initial contact with the ground, 
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resulting in a rapid transfer of impact loads within the musculoskeletal lower limb joints. 

During the landing process, the human body inevitably adopts the landing mode of 

transition from forefoot to midfoot and then to hindfoot (from plantarflexion to 

dorsiflexion). This process is often an unstable state. When the larger impact loads are 

piled up at the point of instability, the risk of lower limb injury naturally increases. As 

observed from the XML result that the variable contribution during the 1%-22% landing 

phase reached 27.06% (Figure 34A), and the high RS variables were also mainly 

concentrated in the early landing phase (Figure 34D). Therefore, the results obtained 

by the current XML model are consistent with the clinical feature that the input signals 

in the early landing phase have a greater contribution to landing pattern recognition. 

During landing, the lower limb undergoes a load transfer pattern from distal to 

proximal, in which the foot and ankle first bear the impact of the ground reaction force, 

followed by the knee and hip joints. After the fatigue intervention, the degree of lower 

limb instability will be more severe during the landing phase. In response to this 

increased instability, the body subconsciously reduces knee and hip flexion during 

landing to maintain stability and avoid falling. This process inevitably increases the 

impact on the lower limb musculoskeletal, thus changing the landing pattern. The 

alteration of the hip during this whole coping process is minimal because the ankle and 

knee joints have already borne the main impact load by adjusting the landing strategy 

before impact is transmitted to the hip joint. As observed from the XML result that the 

classification performance based on the knee data as input signals was better than the 

classification performance based on the ankle data or hip data as input signals (Figure 

34B), and the summed contribution of the RS of knee and ankle joint were higher than 

the hip joint (Figure 34B). Therefore, the input signals related to the hip joint showed 

worse classification performance in landing pattern classification compared with the 

ankle and knee joints, as well as contributed less to landing pattern recognition. This 

result is also consistent with clinical practice characteristics. 

It is also worth noting that the classification performance based on the sagittal 

plane data as input signals was better than the classification performance based on the 

frontal plane data or transversal plane data as input signals (Figure 34B), and the 

summed contribution of the RS of sagittal plane was higher than the frontal and 

transversal plane (Figure 34B). From a clinical point of view, the most likely injury 

caused by landing after fatigue intervention is ACL injury. This is mainly due to the 

harder landing style after fatigue, namely the smaller knee and hip flexion mentioned 

above. The functional valgus collapse of the knee that traditionally leads to ACL injury 

is also directly related to the increased load impact caused by the stiffer landing mode. 

Because at a small flexion angle of the knee joint, compared with the longitudinal force, 

the transverse pull force caused by the load impact in the vertical direction is the main 

force on the ACL. In addition, the range of motion of each joint in the sagittal plane is 

much larger than that in the other planes, which is the main reason for the large variance 

in sagittal landing patterns between classes. 
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3.3 Effect of ankle motion patterns on reducing the lower limb injury risk during 

landing 

3.3.1 Muscle activation and raw waveform data during the landing phase 

Figure 35 presents the results of the comparison between the muscle activation 

results collected by the EMG sensor and the OpenSim musculoskeletal model 

simulation results. In both cases, the activation levels of the ten selected muscles 

remained essentially the same, suggesting that the model constructed in this study has 

a high degree of reliability [78, 89]. The raw data waveform of the relevant parameters 

during the landing phase is shown in Figure 36. 

 

Figure 35 Illustration of the EMG/Activation of selected muscles. (A) Comparative 

results of muscle activation degrees for all subjects. (B) Comparative results of time-

dependent muscle activation for a typical subject. 
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Figure 36 Visualization of the raw data waveform of the relevant parameters during 

the landing phase. 

 

3.3.2 Relationship between the overall injury risk of lower limb and ankle motion 

patterns 

There is a correlation between ankle movement patterns and overall injury risk 

(Table 13, Figure 37, Figure 38). The results of the AICA and AROM are 33.47±5.16° 

and 59.99±8.35° respectively (Table 13). The linear relationship and scatter distribution 

between PVGRF, TED and AICA, AROM are shown in Figure 37, and the detailed 

values are provided in Table 13. With the increase of AICA during SL, the PVGRF 

shows a downward trend (r = -0.591, p < 0.001). With the increase of AROM during 

landing, the PVGRF shows a downward trend (r = -0.451, p < 0.001). With the increase 

of AICA during landing, the TED shows an upward trend (r = 0.490, p < 0.001). With 

the increase of AROM during landing, the TED shows an upward trend (r = 0.687, p < 

0.001). 
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The linear relationship and scatter distribution between peak ankle, knee, hip 

sagittal moment and AICA, AROM is shown in Figure 38. With the increase of AICA 

during landing, the peak ankle (r = -0.542), knee (r = -0.441), hip (r = -0.253) sagittal 

moment all show a downward trend (Table 13). With the increase of AROM during 

landing, the peak ankle (r = -0.357), knee (r = -0.284), hip (r = -0.357) sagittal moment 

all show a downward trend (Table 13).  

 

Table 13 Detailed results of the Pearson correlation coefficients between ankle motion 

patterns and lower limb variables. 

Variables Mean±SD 

Ankle Initial Contact 

Angle (33.47±5.16°) 

Ankle Range of 

Motion (59.99±8.35°) 

r R2 p r R2 p 

Peak VGRF 

(N/Kg) 
36.61±5.10 

-

0.591 
0.349 <0.001 

-

0.451 
0.203 <0.001 

Total Energy 

Dissipation (J/Kg) 
6.01±0.77 0.490 0.241 <0.001 0.687 0.472 <0.001 

Ankle Sagittal 

Moment (Nm/Kg) 
1.61±0.32 

-

0.542 
0.294 <0.001 

-

0.357 
0.128 <0.001 

Knee Sagittal 

Moment (Nm/Kg) 
3.13±0.56 

-

0.441 
0.194 <0.001 

-

0.284 
0.081 <0.001 

Hip Sagittal 

Moment (Nm/Kg) 
1.58±0.40 

-

0.253 
0.064 <0.001 

-

0.357 
0.128 <0.001 

Ankle Inversion 

Angle (°) 
14.19±2.74 0.502 0.253 <0.001 0.600 0.360 <0.001 

Ankle Inversion 

Moment (N/Kg) 
0.75±0.23 

-

0.268 
0.072 <0.001 

-

0.138 
0.019 0.168 

Peak ACL Force 

(N/Kg) 
14.72±1.68 

-

0.554 
0.307 <0.001 

-

0.332 
0.110 <0.001 
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Figure 37 Visualization of the linear relationship and scatter distribution between 

PVGRF, TED and AICA, AROM. 
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Figure 38 Visualization of the linear relationship and scatter distribution between peak 

ankle, knee, hip sagittal moment and AICA, AROM. 
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With the increase of AICA during landing, the PAF shows a downward trend (r = -0.554, 
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Figure 39 Visualization of the linear relationship and scatter distribution between peak 

ACL force and AICA, AROM. 
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Figure 40 Visualization of the linear relationship and scatter distribution between peak 

ankle inversion angle, moment and AICA, AROM. 

 

3.3.5 Interaction between LAS risk and ACL injury risk 

As shown in Figure 41, the LAS risk is negatively correlated with ACL injury risk 

(r = -0.330, p < 0.001). For the AICA, the intersection of PAF and PAIA occurs at 34.09°, 

and the approximate range of balanced LAS and ACL injury risk may be 30° to 40°. 

For the AROM, the intersection of PAF and PAIA occurs at 61.18°, and the approximate 

range of balanced LAS and ACL injury risk may be 50° to 70°. 

 

 

Figure 41 Visualization of the interaction between the risk of ACL injury, ankle sprain 

and AICA, AROM. The closer the injury risk is to 1, the greater the probability of 

corresponding injury. 
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3.4 Contribution of ankle initial contact angle during landing to reduce the knee-

related injury risk 

The degree of muscle activation of the ten selected muscles was similar in both 

cases (EMG collection and OpenSim simulation), which demonstrated the high 

reliability of the musculoskeletal model developed in this study (Figure 42). Results of 

peak impact forces and knee negative work (Figure 43, Table 14). There was no 

significant difference in the knee medial impact force at three landing angles. For the 

anterior impact force, there was no significant difference between 20° and 30°, and 

landing with 40° depicted a significantly smaller force than landing with 20° (p=0.003) 

and 30° (p=0.000). As the ankle plantarflexion angle increases during landing, the knee 

vertical impact force decreases significantly (20° vs. 30°: p=0.025; 20° vs. 40°: p=0.000; 

30° vs. 40°: p=0.001). For the total negative work, there was a significant difference 

only between 20° (smaller) and 40° (p=0.018). 

 

 

Figure 42 Illustration of the EMG/Activation of the lower limb muscles. The results 

of the EMG acquisition were calculated from the collected surface EMG signal. The 

results of the OpenSim simulation were calculated from the constructed 

musculoskeletal model. Muscle activation is normalized to 0-1, which represents no 

activation and full activation. 
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Figure 43 Detailed results of the distribution trends for peak impact force and 

negative work of the knee joint when landing with different ankle plantarflexion 

angles (20°, 30°, and 40°). “*” represents significance with p < 0.05. 

 

Table 14 Detailed results of the peak impact force and negative work of the knee joint, 

ACL force when landing with different ankle plantarflexion angles (20°, 30°, and 

40°). 

Variables Results 

  Mean ± Std 20° vs. 30° 20° vs. 40° 30° vs. 40° 

Initial 

Conta

ct 

Angle 

(°) 

Ankle 

Plantar

flexion 

20 30 40 

95% 

Confi

dence 

Interv

al 

p 

95% 

Confi

dence 

Interv

al 

p 

95% 

Confi

dence 

Interv

al 

p 

Impa

ct 

Loads 

on the 

Knee 

Joint 

Medial 

Impact 

Force 

(N/kg) 

2.20±

0.30 

2.15±

0.28 

2.21±

0.29 

(-

0.11, 

0.20) 

0.5

47 

(-

0.15, 

0.15) 

0.9

90 

(-

0.20, 

0.11) 

0.5

47 

Anterio

r 

Impact 

10.31

±2.17 

9.62±

2.09 

8.00±

1.77 

(-

0.33, 

1.73) 

0.1

82 

(1.28, 

3.35) 

0.0

00* 

(0.58, 

2.65) 

0.0

03* 

20° 30° 40° 20° 30° 40°

20° 30° 40° 20° 30° 40°

*
*

** *
*



100 

 

Force 

(N/kg) 

Vertica

l 

Impact 

Force 

(N/kg) 

27.25

±3.08 

25.51

±2.94 

22.93

±2.90 

(0.23, 

3.26) 

0.0

25* 

(2.81, 

5.84) 

0.0

00* 

(1.06, 

4.10) 

0.0

01* 

Energ

y 

Dissi

patio

n in 

the 

Knee 

Joint 

Total 

Negati

ve 

Work 

(J/kg) 

2.76±

0.49 

2.98±

0.54 

3.09±

0.54 

(-

0.49, 

0.04) 

0.1

00 

(-

0.60, 

-0.06) 

0.0

18* 

(-

0.37, 

0.17) 

0.4

51 

ACL 

ACL 

Force 

(N/kg) 

17.50

±2.73 

16.06

±2.79 

13.76

±2.27 

(0.13, 

2.43) 

0.0

32* 

(2.43, 

5.05) 

0.0

00* 

(0.99, 

3.61) 

0.0

01* 

Note: “*” represents significance with p < 0.05. 

 

For the ACL internal load force, SPM analysis revealed that there was a significant 

difference during the whole landing phase (Figure 44). The post hoc analyses suggested 

that: (1) there was no significant difference between 20° and 30°; (2) landing with 20° 

depicted a significantly greater ACL force than landing with 40° during the 1-100% 

landing phase (p<0.001); (3) landing with 30° depicted a significantly greater ACL 

force than landing with 40° during the 2-70% landing phase (p<0.001). As the ankle 

plantarflexion angle increases during landing, the peak ACL force decreases 

significantly (20° vs. 30°: p=0.032; 20° vs. 40°: p=0.000; 30° vs. 40°: p=0.001). 

The stress distribution of the ACL, meniscus, and femoral cartilage is shown in 

Figure 45. The overall range of variation in ACL stress was small and was mainly 

distributed in the femoral and tibial attachment regions, as well as in the mid-lateral 

region. The maximum von Mises stress decreased as the ankle plantarflexion angle 

increase. When landing at 20°, 30°, and 40°, the maximum ACL stresses were 30.856 

MPa, 27.053 MPa, and 24.592 MPa; the maximum meniscus stresses were 22.315 MPa, 

20.073 MPa, and 17.972 MPa; and the maximum femoral cartilage stresses were 18.754 

MPa, 17.012 MPa, and 15.429 MPa, respectively (Figure 46). 
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Figure 44 Detailed results of the ACL internal load force when landing with different 

ankle plantarflexion angles (20°, 30°, and 40°). (A) Visualization of force and its 

corresponding SPM results. (B) Detailed results of the distribution trends for peak 

ACL force, and the “*” represents significance with p < 0.05. 
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Figure 45 Visualization of ACL, meniscus, and femoral cartilage von Mises stress 

distribution when landing with different ankle plantarflexion angles (20°, 30°, and 

40°). (A) Results of ACL stress. (B) Results of meniscus stress. (C) Results of femoral 

cartilage stress. 

 

 

Figure 46 Illustration of the maximum von Mises stress results of ACL, meniscus, and 

femoral cartilage when landing with different ankle plantarflexion angles (20°, 30°, 

and 40°). 
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3.5 ACL dynamic loading force prediction based on lower limb joint movements 

Detailed prediction results and errors of ACL force in 22 test samples based on the 

optimized prediction model are presented in Figure 47. For the prediction of PAF 

(Figure 47A), the SSA-ELM prediction model shows excellent prediction performance 

because of very strong correlation (𝑅2 = 0.9992,𝑀𝑆𝐸 = 0.0023, 𝑅𝑀𝑆𝐸 = 0.0474). 

The prediction results and errors of ACL force waveform during the whole landing 

phase based on the SSA-LSTM prediction model are presented in Figure 47B, which 

achieves better performance in the overall waveform prediction (𝑅2 = 0.9937,𝑀𝑆𝐸 =

0.0086, 𝑅𝑀𝑆𝐸 = 0.0928), and the results during the 10%-35% landing phase (𝑅2 =

0.9429,𝑀𝑆𝐸 = 0.0136, 𝑅𝑀𝑆𝐸 = 0.1166) is worse than the whole landing phase (red 

shaded areas). The detailed comparison waveforms of ACL force for 22 test samples 

between the original observed results and the predicted values based on the SSA-LSTM 

prediction model are provided in Figure 48. 

The prediction results and errors of ACL force waveform during the whole landing 

phase based on the equal scaling by combining the SSA-ELM and SSA-LSTM 

prediction model are presented in Figure 47C, which achieves a better performance in 

the overall waveform prediction (𝑅2 = 0.9947,𝑀𝑆𝐸 = 0.0076, 𝑅𝑀𝑆𝐸 = 0.0873 ), 

and the results during the 10%-35% landing phase ( 𝑅2 = 0.9989,𝑀𝑆𝐸 =

0.0058, 𝑅𝑀𝑆𝐸 = 0.0762) is good than the whole landing phase (red shaded areas). 

The detailed comparison waveforms of ACL force for 22 test samples between the 

original observed results and the predicted values based on the equal scaling by 

combining the SSA-ELM and SSA-LSTM prediction model are provided in Figure 49. 

Detailed results of prediction errors and error distribution of ACL force are 

provided in Figure 50. During the 10%-35% landing phase, the absolute error of the 

final optimized prediction model (Figure 47C) is significantly lower than that of the 

SSA-LSTM prediction model (Figure 47B). The prediction error results are based on 

the data of the 10%-35% landing phase, which can see in Table 15. 
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Figure 47 Detailed prediction results and errors of ACL force in 22 test samples based 

on the optimized prediction model. (A) The prediction results and errors of PAF based 

on the SSA-ELM prediction model. (B) The prediction results and errors of ACL 

force during the whole landing phase based on the SSA-LSTM prediction model. (C) 

The prediction results and errors of ACL force during the whole landing phase based 

on equal scaling by combining the SSA-ELM and SSA-LSTM prediction models. 
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Figure 48 Comparison waveforms of ACL force for 22 test samples between the 

original observed results and the predicted values based on the SSA-LSTM prediction 

model. 

 

 

Figure 49 Comparison waveforms of ACL force for 22 test samples between the 

original observed results and the predicted values based on the equal scaling by 

combining the SSA-ELM and SSA-LSTM prediction model. 

 

 
Figure 50 Detailed results of prediction errors and error distribution of ACL force. (A) 

The prediction errors and error distribution of ACL force during the whole landing 

phase based on the SSA-LSTM prediction model. (B) The prediction errors and error 
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distribution of ACL force during the whole landing phase based on equal scaling by 

combining the SSA-ELM and SSA-LSTM prediction model. 

 

Table 15 Detailed prediction error results for 22 test samples. 

Test 

Sample 

Whole Landing Phase 10%-35% Landing Phase 

MSE RMSE MSE RMSE 

Case1 Case2 Case1 Case2 Case1 Case2 Case1 Case2 

1 0.0010 0.0013 0.0318 0.0355 0.0014 0.0009 0.0380 0.0295 

2 0.0043 0.0038 0.0652 0.0618 0.0007 0.0010 0.0264 0.0311 

3 0.0097 0.0104 0.0986 0.1021 0.0046 0.0058 0.0677 0.0760 

4 0.0072 0.0062 0.0851 0.0790 0.0085 0.0055 0.0923 0.0745 

5 0.0036 0.0040 0.0598 0.0636 0.0064 0.0019 0.0798 0.0438 

6 0.0142 0.0046 0.1192 0.0681 0.0149 0.0034 0.1223 0.0584 

7 0.0111 0.0081 0.1052 0.0902 0.0353 0.0033 0.1878 0.0578 

8 0.0036 0.0038 0.0600 0.0620 0.0019 0.0027 0.0433 0.0522 

9 0.0046 0.0036 0.0678 0.0601 0.0083 0.0007 0.0911 0.0260 

10 0.0066 0.0123 0.0815 0.1107 0.0034 0.0017 0.0580 0.0416 

11 0.0025 0.0029 0.0505 0.0540 0.0016 0.0019 0.0398 0.0432 

12 0.0042 0.0135 0.0650 0.1161 0.0083 0.0256 0.0913 0.1600 

13 0.0041 0.0045 0.0639 0.0670 0.0004 0.0004 0.0211 0.0210 

14 0.0025 0.0039 0.0496 0.0627 0.0075 0.0015 0.0866 0.0389 

15 0.0073 0.0053 0.0854 0.0729 0.0192 0.0138 0.1384 0.1175 

16 0.0236 0.0284 0.1535 0.1684 0.0507 0.0040 0.2251 0.0632 

17 0.0034 0.0033 0.0582 0.0574 0.0020 0.0018 0.0445 0.0426 

18 0.0279 0.0137 0.1670 0.1172 0.0417 0.0188 0.2042 0.1370 

19 0.0059 0.0045 0.0770 0.0670 0.0158 0.0114 0.1256 0.1067 

20 0.0153 0.0134 0.1236 0.1157 0.0331 0.0077 0.1820 0.0875 

21 0.0042 0.0042 0.0647 0.0649 0.0017 0.0009 0.0417 0.0299 

22 0.0227 0.0119 0.1506 0.1093 0.0320 0.0138 0.1790 0.1174 

Note: "Whole Landing Phase" represents the prediction error results based on the data 

of the whole landing phase (0%-100% landing phase). "10%-35% Landing Phase" 

represents the prediction error results based on the data of the 10%-35% landing phase. 

"Case1" represents the prediction error results based on the SSA-LSTM prediction 

model for 22 test samples. "Case2" represents the prediction error results based on equal 

scaling by combining the SSA-ELM and SSA-LSTM prediction model for 22 test 

samples.  

 

 

 

 

  



107 

 

3.6 Lower limb joint movements estimation based on muscle synergy patterns 

3.6.1 Results of muscle synergy extraction by NNMF model 

The relation between the number of synergies and the mean of VAF is shown in 

Figure 51. When the number of muscle synergies reached six, the VAF exceeded 90% 

in both the healthy (VAF = 92.83%) and patient groups (VAF = 92.04%). It showed 

only a small increase as the number of muscle synergies increased thereafter. Because 

of the computational cost of the estimation process and the accuracy of the estimation 

results, this study determined six muscle synergy numbers to construct the muscle 

synergy pattern driven ANFIS model. 

 

Figure 51 Relation between the number of synergies and mean of VAF. When the 

number of muscle synergies reached six, the VAF exceeded 90% in both the healthy 

(VAF = 92.83%) and patient groups (VAF = 92.04%). 

 

The synergy matrix and synergy activation coefficient matrix of subjects 1 to 8 in 

muscle synergy 1 to synergy 6 in the healthy group are shown in Figure 52, and the 

results of subjects 9 to 16 are shown in Figure 53. For the results of the synergy matrix, 

this study can find that each subject's muscle activation pattern is unique, which also 

suggests that there is a unique muscle synergy pattern between individuals. The results 

of the correlation analysis of the muscle synergy activation coefficients showed that the 

correlation of the muscle synergy patterns across subjects was low. For example, the 

results of 𝑅2 between subject 1 and subject 2 is 0.26, between subject 1 and subject 3 

is 0.42, between subject 1 and subject 4 is 0.13. Also, for subject 1 in the healthy group, 

the synergy activation coefficient matrix revealed that their muscle synergy 1 was 
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mainly activated during the 10%-50% landing phase, and the corresponding synergy 

vectors showed higher activation of GMA, RF, PL, and SS in muscle synergy 1. In 

contrast, for subject 2 in the healthy group, the synergy activation coefficient matrix 

revealed that their muscle synergy 1 was mainly activated during the 0%-40% landing 

phase, and the corresponding synergy vectors showed higher activation of VM and RF 

in muscle synergy 1. This was also found in other subjects and the differences between 

the muscle synergies were more pronounced. However, from the view of the trend in 

the synergy activation scale factor, the integrative magnitude of muscle activation was 

more or less the same between subjects. That also explains the similarity in muscle 

activation expressed by different subjects when performing the same movement task. 

As shown in Figure. 53 (subjects 1 to 8) and Figure 55 (subjects 9 to 16), these findings 

were also seen in the patient group.  

 

 

Figure 52 Synergy matrix and synergy activation coefficient matrix results (average of 

10 trials) of subjects 1 to 8 in muscle synergy 1 to synergy 6 in the healthy group. 

From top to bottom are subjects 1 to 8, respectively. 
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Figure 53 Synergy matrix and synergy activation coefficient matrix results (average of 

10 trials) of subjects 9 to 16 in muscle synergy 1 to synergy 6 in the healthy group. 

From top to bottom are subjects 9 to 16, respectively. 
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Figure 54 Synergy matrix and synergy activation coefficient matrix results (average of 

10 trials) of subjects 9 to 16 in muscle synergy 1 to synergy 6 in the patient group. 

From top to bottom are subjects 1 to 8, respectively. 
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Figure 55 Synergy matrix and synergy activation coefficient matrix results (average of 

10 trials) of subjects 9 to 16 in muscle synergy 1 to synergy 6 in the patient group. 

From top to bottom are subjects 9 to 16, respectively. 

 

3.6.2 Results of ANFIS non-linear regression modeling 

By integrating extracted six muscle synergy data 𝑀𝑆(𝑡)  and 𝑀𝑆(𝑡 − 1) , the 

𝑀𝑆1(𝑡 − 1), 𝑀𝑆2(𝑡 − 1), 𝑀𝑆3(𝑡 − 1), 𝑀𝑆4(𝑡 − 1), 𝑀𝑆5(𝑡 − 1), 𝑀𝑆6(𝑡 − 1), and 

𝑀𝑆1(𝑡), 𝑀𝑆2(𝑡), 𝑀𝑆3(𝑡), 𝑀𝑆4(𝑡), 𝑀𝑆5(𝑡), 𝑀𝑆6(𝑡) were used to drive the ANFIS 

model. For the estimation of sagittal joint angles and torques under each joint (ankle, 

knee, hip) in each subject group (healthy and patient), a total of 12 estimates were 

performed. Based on the Method description, the input variable 𝕄2×6×8079 and the 

corresponding estimated variable from Day 1 was used to determine the model 

parameters. Except for the hip torque estimation in the healthy group, where four fuzzy 

rules were determined, three fuzzy rules were determined in all the other estimation 

cases. The optimized fuzzy membership functions of the input variable in the healthy 

group are shown in Figure 56 (joint angle) and Figure 57 (joint torque). For the patient 

group, the optimized fuzzy membership functions are shown in Figure 58 (joint angle) 

and Figure 59 (joint torque). Take angle and torque as an example, the fuzzy rule of 
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ANFIS in estimating the ankle angle and torque in the healthy group are shown in Table 

16 and Table 17, respectively.  

 

 
Figure 56 Optimized fuzzy membership functions of joint angle estimation of 

𝑀𝑆1(𝑡 − 1), 𝑀𝑆2(𝑡 − 1), 𝑀𝑆3(𝑡 − 1), 𝑀𝑆4(𝑡 − 1), 𝑀𝑆5(𝑡 − 1), 𝑀𝑆6(𝑡 − 1), 

𝑀𝑆1(𝑡), 𝑀𝑆2(𝑡), 𝑀𝑆3(𝑡), 𝑀𝑆4(𝑡), 𝑀𝑆5(𝑡), and 𝑀𝑆6(𝑡) in the healthy group. (A) 

Results based on the ankle joint sagittal angle estimation. (B) Results based on the 

knee joint sagittal angle estimation. (C) Results based on the hip joint sagittal angle 

estimation. 
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Figure 57 Optimized fuzzy membership functions of joint torque estimation of 

𝑀𝑆1(𝑡 − 1), 𝑀𝑆2(𝑡 − 1), 𝑀𝑆3(𝑡 − 1), 𝑀𝑆4(𝑡 − 1), 𝑀𝑆5(𝑡 − 1), 𝑀𝑆6(𝑡 − 1), 

𝑀𝑆1(𝑡), 𝑀𝑆2(𝑡), 𝑀𝑆3(𝑡), 𝑀𝑆4(𝑡), 𝑀𝑆5(𝑡), and 𝑀𝑆6(𝑡) in the healthy group. (A) 

Results based on the ankle joint sagittal torque estimation. (B) Results based on the 

knee joint sagittal torque estimation. (C) Results based on the hip joint sagittal torque 

estimation. 

 

Table 16 Results of the fuzzy rule of ANFIS in estimating the ankle angle in the 

healthy group. 

Fuzzy rules of ANFIS in estimating the ankle angle 

𝑅1 

If 𝑀𝑆1(𝑡 − 1)  is 𝐴1
1 , 

𝑀𝑆2(𝑡 − 1)  is 𝐴1
2 , 𝑀𝑆3(𝑡 −

1) is 𝐴1
3 , 𝑀𝑆4(𝑡 − 1) is 𝐴1

4 , 

𝑀𝑆5(𝑡 − 1)  is 𝐴1
5 , 𝑀𝑆6(𝑡 −

1)  is 𝐴1
6 , 𝑀𝑆1(𝑡)  is 𝐴1

7 , 

𝑀𝑆2(𝑡) is 𝐴1
8, 𝑀𝑆3(𝑡) is 𝐴1

9, 

𝑀𝑆4(𝑡)  is 𝐴1
10 , 𝑀𝑆5(𝑡)  is 

𝐴1
11, 𝑀𝑆6(𝑡) is 𝐴1

12 

Then 𝑓1(𝑡) = −2396.36 ×𝑀𝑆1(𝑡 − 1) +

2343.01 × 𝑀𝑆2(𝑡 − 1) + 19787.28 ×

𝑀𝑆3(𝑡 − 1) − 19159.79 ×𝑀𝑆4(𝑡 − 1) +

2172.15 × 𝑀𝑆5(𝑡 − 1) − 2183.78 ×

𝑀𝑆6(𝑡 − 1) + 13263.27 ×𝑀𝑆1(𝑡) −

12909.78 × 𝑀𝑆2(𝑡) + 2006.84 ×

𝑀𝑆3(𝑡) − 1630.35 ×𝑀𝑆4(𝑡) −

35555.65 × 𝑀𝑆5(𝑡) + 34037.59 ×

𝑀𝑆6(𝑡) − 47.32 

𝑅2 

If 𝑀𝑆1(𝑡 − 1)  is 𝐴2
1 , 

𝑀𝑆2(𝑡 − 1)  is 𝐴2
2 , 𝑀𝑆3(𝑡 −

1) is 𝐴2
3 , 𝑀𝑆4(𝑡 − 1) is 𝐴2

4 , 

Then 𝑓2(𝑡) = −130.86 × 𝑀𝑆1(𝑡 − 1) +

108.40 ×𝑀𝑆2(𝑡 − 1) + 1084.72 ×

𝑀𝑆3(𝑡 − 1) − 1046.73 × 𝑀𝑆4(𝑡 − 1) +
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𝑀𝑆5(𝑡 − 1)  is 𝐴2
5 , 𝑀𝑆6(𝑡 −

1)  is 𝐴2
6 , 𝑀𝑆1(𝑡)  is 𝐴2

7 , 

𝑀𝑆2(𝑡) is 𝐴2
8, 𝑀𝑆3(𝑡) is 𝐴2

9 , 

𝑀𝑆4(𝑡)  is 𝐴2
10 , 𝑀𝑆5(𝑡)  is 

𝐴2
11, 𝑀𝑆6(𝑡) is 𝐴2

12 

1716.77 × 𝑀𝑆5(𝑡 − 1) − 1753.88 ×

𝑀𝑆6(𝑡 − 1) + 1545.48 × 𝑀𝑆1(𝑡) −

1563.70 × 𝑀𝑆2(𝑡) − 762.50 × 𝑀𝑆3(𝑡) +

748.03 ×𝑀𝑆4(𝑡) − 1420.01 × 𝑀𝑆5(𝑡) +

1431.82 × 𝑀𝑆6(𝑡) + 31.50 

𝑅3 

If 𝑀𝑆1(𝑡 − 1)  is 𝐴3
1 , 

𝑀𝑆2(𝑡 − 1)  is 𝐴3
2 , 𝑀𝑆3(𝑡 −

1) is 𝐴3
3 , 𝑀𝑆4(𝑡 − 1) is 𝐴3

4 , 

𝑀𝑆5(𝑡 − 1)  is 𝐴3
5 , 𝑀𝑆6(𝑡 −

1)  is 𝐴3
6 , 𝑀𝑆1(𝑡)  is 𝐴3

7 , 

𝑀𝑆2(𝑡) is 𝐴3
8, 𝑀𝑆3(𝑡) is 𝐴3

9 , 

𝑀𝑆4(𝑡)  is 𝐴3
10 , 𝑀𝑆5(𝑡)  is 

𝐴3
11, 𝑀𝑆6(𝑡) is 𝐴3

12 

Then 𝑓3(𝑡) = 299.44 ×𝑀𝑆1(𝑡 − 1) −

294.48 ×𝑀𝑆2(𝑡 − 1) − 1586.12 ×

𝑀𝑆3(𝑡 − 1) + 1549.42 × 𝑀𝑆4(𝑡 − 1) −

47.38 × 𝑀𝑆5(𝑡 − 1) + 58.26 × 𝑀𝑆6(𝑡 −

1) + 1557.23 × 𝑀𝑆1(𝑡) − 1467.15 ×

𝑀𝑆2(𝑡) + 35.89 × 𝑀𝑆3(𝑡) − 61.80 ×

𝑀𝑆4(𝑡) + 22.33 × 𝑀𝑆5(𝑡) − 44.49 ×

𝑀𝑆6(𝑡) + 4.53 

 

Table 17 Results of the fuzzy rule of ANFIS in estimating the ankle torque in the 

healthy group. 

Fuzzy rules of ANFIS in estimating the ankle torque 

𝑅1 

If 𝑀𝑆1(𝑡 − 1)  is 𝐴1
1 , 𝑀𝑆2(𝑡 −

1)  is 𝐴1
2 , 𝑀𝑆3(𝑡 − 1)  is 𝐴1

3 , 

𝑀𝑆4(𝑡 − 1)  is 𝐴1
4 , 𝑀𝑆5(𝑡 − 1) 

is 𝐴1
5 , 𝑀𝑆6(𝑡 − 1)  is 𝐴1

6 , 

𝑀𝑆1(𝑡)  is 𝐴1
7 , 𝑀𝑆2(𝑡)  is 𝐴1

8 , 

𝑀𝑆3(𝑡)  is 𝐴1
9 , 𝑀𝑆4(𝑡)  is 𝐴1

10 , 

𝑀𝑆5(𝑡) is 𝐴1
11, 𝑀𝑆6(𝑡) is 𝐴1

12 

Then 𝑓1(𝑡) = 37.23 × 𝑀𝑆1(𝑡 − 1) −

35.71 × 𝑀𝑆2(𝑡 − 1) + 178.14 ×

𝑀𝑆3(𝑡 − 1) − 198.26 × 𝑀𝑆4(𝑡 − 1) −

51.87 × 𝑀𝑆5(𝑡 − 1) + 53.61 × 𝑀𝑆6(𝑡 −

1) − 59.92 × 𝑀𝑆1(𝑡) + 73.68 ×

𝑀𝑆2(𝑡) + 22.42 × 𝑀𝑆3(𝑡) − 24.62 ×

𝑀𝑆4(𝑡) − 143.41 × 𝑀𝑆5(𝑡) + 156.98 ×

𝑀𝑆6(𝑡) + 0.74 

𝑅2 

If 𝑀𝑆1(𝑡 − 1)  is 𝐴2
1 , 𝑀𝑆2(𝑡 −

1)  is 𝐴2
2 , 𝑀𝑆3(𝑡 − 1)  is 𝐴2

3 , 

𝑀𝑆4(𝑡 − 1)  is 𝐴2
4 , 𝑀𝑆5(𝑡 − 1) 

is 𝐴2
5 , 𝑀𝑆6(𝑡 − 1)  is 𝐴2

6 , 

𝑀𝑆1(𝑡)  is 𝐴2
7 , 𝑀𝑆2(𝑡)  is 𝐴2

8 , 

𝑀𝑆3(𝑡)  is 𝐴2
9 , 𝑀𝑆4(𝑡)  is 𝐴2

10 , 

𝑀𝑆5(𝑡) is 𝐴2
11, 𝑀𝑆6(𝑡) is 𝐴2

12 

Then 𝑓2(𝑡) = 28.87 × 𝑀𝑆1(𝑡 − 1) −

27.83 × 𝑀𝑆2(𝑡 − 1) − 26.64 × 𝑀𝑆3(𝑡 −

1) + 30.56 × 𝑀𝑆4(𝑡 − 1) + 13.09 ×

𝑀𝑆5(𝑡 − 1) − 14.06 ×𝑀𝑆6(𝑡 − 1) −

11.45 × 𝑆1(𝑡) + 7.78 × 𝑀𝑆2(𝑡) −

3.06 × 𝑀𝑆3(𝑡) + 3.58 × 𝑀𝑆4(𝑡) +

37.53 × 𝑀𝑆5(𝑡) − 38.85 × 𝑀𝑆6(𝑡) +

0.65 

𝑅3 

If 𝑀𝑆1(𝑡 − 1)  is 𝐴3
1 , 𝑀𝑆2(𝑡 −

1)  is 𝐴3
2 , 𝑀𝑆3(𝑡 − 1)  is 𝐴3

3 , 

𝑀𝑆4(𝑡 − 1)  is 𝐴3
4 , 𝑀𝑆5(𝑡 − 1) 

is 𝐴3
5 , 𝑀𝑆6(𝑡 − 1)  is 𝐴3

6 , 

𝑀𝑆1(𝑡)  is 𝐴3
7 , 𝑀𝑆2(𝑡)  is 𝐴3

8 , 

𝑀𝑆3(𝑡)  is 𝐴3
9 , 𝑀𝑆4(𝑡)  is 𝐴3

10 , 

𝑀𝑆5(𝑡) is 𝐴3
11, 𝑀𝑆6(𝑡) is 𝐴3

12 

Then 𝑓3(𝑡) = −32.91 × 𝑀𝑆1(𝑡 − 1) +

35.32 × 𝑀𝑆2(𝑡 − 1) + 72.13 × 𝑀𝑆3(𝑡 −

1) − 66.34 × 𝑀𝑆4(𝑡 − 1) − 19.95 ×

𝑀𝑆5(𝑡 − 1) + 18.70 ×𝑀𝑆6(𝑡 − 1) +

85.78 × 𝑀𝑆1(𝑡) − 99.68 ×𝑀𝑆2(𝑡) −

27.46 × 𝑀𝑆3(𝑡) + 29.76 × 𝑀𝑆4(𝑡) −

119.34 ×𝑀𝑆5(𝑡) + 119.78 ×𝑀𝑆6(𝑡) +

2.19 
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Figure 58 Optimized fuzzy membership functions of joint angle estimation of 

𝑀𝑆1(𝑡 − 1), 𝑀𝑆2(𝑡 − 1), 𝑀𝑆3(𝑡 − 1), 𝑀𝑆4(𝑡 − 1), 𝑀𝑆5(𝑡 − 1), 𝑀𝑆6(𝑡 − 1), 

𝑀𝑆1(𝑡), 𝑀𝑆2(𝑡), 𝑀𝑆3(𝑡), 𝑀𝑆4(𝑡), 𝑀𝑆5(𝑡), and 𝑀𝑆6(𝑡) in the patient group. (A) 

Results based on the ankle joint sagittal angle estimation. (B) Results based on the 

knee joint sagittal angle estimation. (C) Results based on the hip joint sagittal angle 

estimation. 

 

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy1 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy1 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy2 (t)

  Rule 1

  Rule 2

  Rule 3

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy2 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy3 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy3 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy4 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy4 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy5 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy5 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy6 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy6 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy1 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy1 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy2 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy2 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy3 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy3 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy4 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy4 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy5 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy5 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy6 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy6 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy1 (t-1)

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy1 (t)

  Rule 1

  Rule 2

  Rule 3

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy2 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy2 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy3 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy3 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0
D

eg
re

e 
o

f 
M

em
b

er
sh

ip

Synergy4 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy4 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy5 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy5 (t)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy6 (t-1)

  Rule 1

  Rule 2

  Rule 3

-0.4 0.0 0.4 0.8 1.2 1.6
0.0

0.5

1.0

D
eg

re
e 

o
f 

M
em

b
er

sh
ip

Synergy6 (t)

A

B

C



116 

 

 

Figure 59 Optimized fuzzy membership functions of joint torque estimation of 

𝑀𝑆1(𝑡 − 1), 𝑀𝑆2(𝑡 − 1), 𝑀𝑆3(𝑡 − 1), 𝑀𝑆4(𝑡 − 1), 𝑀𝑆5(𝑡 − 1), 𝑀𝑆6(𝑡 − 1), 

𝑀𝑆1(𝑡), 𝑀𝑆2(𝑡), 𝑀𝑆3(𝑡), 𝑀𝑆4(𝑡), 𝑀𝑆5(𝑡), and 𝑀𝑆6(𝑡) in the patient group. (A) 

Results based on the ankle joint sagittal torque estimation. (B) Results based on the 

knee joint sagittal torque estimation. (C) Results based on the hip joint sagittal torque 

estimation. 

 

3.6.3 Results of lower limb joint movement estimation 

Comparison results of each joint (ankle, knee, hip) sagittal angle and torque 

between actual measurements (inverse kinematics/dynamics calculation) and estimated 

(muscle synergy driven ANFIS model) values of subjects 1 to 16 in the healthy group 

are shown in Figure 60. The comparison results of the patient group are shown in 

Figure 61. Error indicator results between the actual measured and estimated values of 

subjects 1 to 16 in the healthy group are shown in Figure 62, and error indicator results 

of the patient group are shown in Figure 63. By comparing the other relevant study 

results, this study showed a small estimation error (Table 18). Combining the results of 

the four error indicators across the estimated variables indicates that the current model 

has excellent predictive performance in estimating lower limb joint motion (Table 19). 

The statistical difference results of the error indicator between the healthy and patient 

groups are shown in Table 19. Their error indicator results are basically consistent, with 

only a few differences in knee joint angle (RMSE: P=0.007; R2: P=0.004) and ankle 

joint torque (RMSE: P<0.001). 
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Figure 60 Comparison results of each joint (ankle, knee, hip) sagittal angle and torque 

between actual measurements (inverse kinematics/dynamics calculation) and 

estimated (muscle synergy driven ANFIS model) values of subjects 1 to 16 in the 

healthy group. 
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Figure 61 Comparison results of each joint (ankle, knee, hip) sagittal angle and torque 

between actual measurements (inverse kinematics/dynamics calculation) and 

estimated (muscle synergy driven ANFIS model) values of subjects 1 to 16 in the 

patient group. 
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Figure 62 Error indicator results (violin plot) of each joint (ankle, knee, hip) sagittal 

angle and torque between actual measured (inverse kinematics/dynamics calculation) 

and estimated (muscle synergy driven ANFIS model) values of subjects 1 to 16 in the 

healthy group. (A) Error indicator results based on the joint angle estimation. (B) 

Error indicator results based on the joint torque estimation. The far right shows the 

results combining subjects 1 to 16. 
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Figure 63 Error indicator results (violin plot) of each joint (ankle, knee, hip) sagittal 

angle and torque between actual measured (inverse kinematics/dynamics calculation) 

and estimated (muscle synergy driven ANFIS model) values of subjects 1 to 16 in the 

patient group. (A) Error indicator results based on the joint angle estimation. (B) Error 

indicator results based on the joint torque estimation. The far right shows the results 

combining subjects 1 to 16. 

 

Table 18 Comparison with related research. 

Ref. Task Method Estimation method 

Estima
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target 

Performance 

Rohit 

et al. 
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autoregressive 
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[221] EMG data Exogenous Model 
R=0.85±0.05 

Lu et 

al. 

[119] 

Stair 

descent 

Surface 

EMG data 

Stacked 

convolutional and 

long–short term 

memory networks 

Ankle 

angle 

RMSE=6.791±0.3

351 

R2=0.908±0.0099 

Knee 

angle 

RMSE=8.463±0.6

105 

R2=0.916±0.0120 

Hip 

angle 

RMSE=2.657±0.8

06 

R2=0.922±0.0158 

Kaitli

n et 

al. 

[120]  

Stair 

descent 

Sonomyogr

aphy and 

surface 

EMG data 

Gaussian process 

regression models 

Ankle 

angle 
RMSE=4.36±1.54 

Knee 

angle 
RMSE=7.67±2.57 

Liu et 

al. 

[98] 

Stair 

descent 

Whole-body 

kinematics 

data 

Two bi-lateral 

long short-term 

memory neural 

networks 

Vertica

l 

ground 

reactio

n 

forces 

RMSE=0.055±0.0

05 

NRMSE=3.462±0.

320 

R=0.991±0.002 

Kaitli

n et 

al. 

[222] 

Stair 

descent 

Sonomyogr

aphy and 

surface 

EMG data 

Gaussian process 

regression models 

Hip 

angle 

RMSE=4.57±2.01 

NRMSE=18.1 

Zhang 

et al. 

[121] 

Jump 

down 

from 

stair 

Lower limb 

joint angles 

and surface 

EMG data 

Long short-term 

memory neural 

networks and 

transfer learning 

Ankle 

torque 

RMSE=0.18 

NRMSE=10 

Knee 

torque 

RMSE=0.16 

NRMSE=5 

Hip 

torque 

RMSE=0.17 

NRMSE=9 

Rober

t et al. 

[131] 

Combin

ation 

surface 

EMG data 

Convolutional 

neural network 

Knee 

torque 
NRMSE=9.2±4.4 

Jonath

an et 

al. 

[223] 

Stair 

descent

/ascent 

IMU, 

surface 

EMG data 

and 

electrogonio

meters 

feedforward 

neural network 

and XGBoost 

Ankle 

torque 
MAE=0.15 

Knee 

torque 
MAE=0.13 

Hip 

torque 
MAE=0.09 

Curre

nt 

Stair 

descent  

Six muscle 

synergies 

ANFIS non-linear 

regression model 

Ankle 

angle 

RMSE=1.54±0.68 

R2=1.00±0.00 
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resear

ch 

were 

extracted 

from twelve 

surface 

EMG 

signals by 

the NNMF 

model 

Knee 

angle 

RMSE=4.01±2.18 

R2=0.99±0.01 

Hip 

angle 

RMSE=3.70±1.91 

R2=0.96±.04 

Ankle 

torque 

RMSE=0.14±0.06 

R2=0.94±0.04 

Knee 

torque 

RMSE=0.19±0.08 

R2=0.98±0.02 

Hip 

torque 

RMSE=0.12±0.06 

R2=0.97±0.02 

 

Table 19 Error indicator detailed results of each joint (ankle, knee, hip) sagittal angle 

and torque between actual measured (inverse kinematics/dynamics calculation) and 

estimated (muscle synergy driven ANFIS model) values, and the statistical difference 

results of error indicator between healthy group and patient group. 

 Joint Error Indicators Healthy Group Patient Group P 

Angle 

Ankle 

MAPE 0.04±0.03 0.05±0.03 P=0.247 

RMSE 1.78±0.98 1.54±0.68 P=0.074 

NRMSE 40.45±22.14 44.38±19.66 P=0.237 

R2 1.00±0.00 1.00±0.00 P=0.756 

Knee 

MAPE 0.06±.04 0.06±0.04 P=0.224 

RMSE 5.02±2.48 4.01±2.18 P=0.007 

NRMSE 46.70±23.03 44.47±24.10 P=0.551 

R2 0.98±0.02 0.99±0.01 P=0.004 

Hip 

MAPE 0.07±0.04 0.07±0.04 P=0.915 

RMSE 3.46±1.75 3.70±1.91 P=0.403 

NRMSE 42.90±21.75 43.13±22.24 P=0.946 

R2 0.96±0.03 0.96±.04 P=0.305 

Lower 

limb 

joint 

MAPE 0.06±0.04 0.06±0.04 P=0.962 

RMSE 3.42±2.26 3.09±2.03 P=0.089 

NRMSE 43.35±22.32 43.99±21.95 P=0.750 

R2 0.98±0.03 0.98±0.02 P=0.929 

Torque 

Ankle 

MAPE 0.08±0.04 0.09±0.05 P=0.144 

RMSE 0.11±0.05 0.14±0.06 P<0.001 

NRMSE 42.76±19.18 47.99±22.15 P=0.112 

R2 0.94±0.05 0.94±0.04 P=0.946 

Knee 

MAPE 0.08±0.04 0.08±0.05 P=0.546 

RMSE 0.21±0.10 0.19±0.08 P=0.134 

NRMSE 57.63±25.69 52.44±22.39 P=0.175 

R2 0.97±0.02 0.98±0.02 P=0.168 

Hip 

MAPE 0.09±0.04 0.09±0.05 P=0.654 

RMSE 0.14±0.06 0.12±0.06 P=0.056 

NRMSE 44.34±20.46 43.43±22.04 P=0.786 

R2 0.97±0.02 0.97±0.02 P=0.922 
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Lower 

limb 

joint 

MAPE 0.08±0.04 0.08±0.05 P=0.154 

RMSE 0.15±0.08 0.15±0.08 P=0.749 

NRMSE 48.24±22.81 47.95±22.36 P=0.888 

R2 0.96±0.04 0.96±0.03 P=0.548 

 

  



124 

 

4. Discussion 

4.1 Influence of fatigue factors on lower limb biomechanical patterns during 

landing 

This work investigated the landing pattern differences between before-fatigue and 

after-fatigue SL, as well as explored the relationship between AICA, AROM and PAF, 

lower limb joint energy dissipation. The main findings of this study: (1) The ACL 

dynamic load force will increase during after-fatigue SL, which suggested that the 

lower limb neuromuscular fatigue factor would increase the risk of ACL injury; (2) The 

increased risk of ACL injury during after-fatigue SL is related to the decrease of AICA 

and AROM, and the relationship between AICA, AROM and PAF is highly negatively 

correlated, the relationship with TED is highly positively correlated. 

Previous studies have reported that lower limb muscle fatigue will exhibit less 

knee and hip flexion, greater GRF, and knee valgus angle during SL, then increasing 

the risk of ACL injury [1, 3, 15, 17, 18]. The results of the current study partially 

confirm previous research that after-fatigue SL is characterized by less knee and hip 

flexion than before-fatigue SL, which is an indication of a "hard" landing. The hard 

landing is considered to be a landing mode that increases the risk of lower limb injury, 

especially in non-contact ACL injuries [17]. This is because smaller flexion angles tend 

to exhibit greater joint reaction forces and joint moments, which will undoubtedly 

increase the risk of lower limb joint injury [1, 3, 7]. Echoing this, after-fatigue SL also 

showed greater knee and hip moments (Figure 23). During the SL mission, the shock 

is transmitted from the foot and ankle joints to the knee and hip joints, of which the 

knee joint plays the main shock absorption role [1, 224]. The degree of energy 

dissipation in the knee joint is significantly reduced when after-fatigue SL (Figure 24E), 

and insufficient energy dissipation directly increases the risk of knee injury [6]. More 

importantly, the results of simulations based on musculoskeletal modeling show that 

the ACL forces are also significantly increased during after-fatigue SL (Figure 22B, 

Figure 22A), which directly increases the risk of ACL injury. Combined with previous 

studies, this study hypothesized that this might be due to the body consciously reducing 

the knee and hip flexion angles to maintain postural stability during after-fatigue SL [1, 

9]. Such a hard landing inevitably results in increased impact loading on the supporting 

leg during SL, thereby increasing the risk of lower limb injury, including ACL injury. 

Based on this, the current work hypothesized that this may be related to changes in 

ankle movement patterns and explored further. 

Firstly, this study revealed that there was a significant difference in ankle motion 

patterns between before-fatigue and after-fatigue SL, in which the total recognition 

accuracy was 71.96% and 66.43% for variables ACI and AROM respectively under 

three classification recognition algorithms. As presented in Figure 24, both the AICA 

(Figure 24A) and AROM (Figure 24B) decreased during after-fatigue SL. During 

landing, the lower limbs experienced a distal to proximal load pattern dominated by the 

foot and ankle joints, and then the load dissipated to the knee and hip joints [1]. The 

foot and ankle joints, which are in contact with the ground, play a vital role in 

cushioning the impact loads during landing. Previous studies have reported that the 
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smaller the AICA (ankle plantarflexion angle) during SL, the shorter the time to reach 

the peak vertical GRF, and the lower the degree to which the plantar-flexor muscle is 

used to attenuate the impact load during this process. At the same time, the smaller 

plantarflexion angle means that the AED is also smaller during SL (Figure 24D), and 

further results showed that this also caused a decrease in the KED (Figure 24E). This 

demonstrates that the changes in AICA and AROM may affect the energy dissipation 

strategy of the lower limb joint. 

The joint power of each joint of the lower limb during before-fatigue and after-

fatigue SL is presented in Figure 23E, where each joint exhibited greater negative 

power in after-fatigue SL. Negative joint power indicates that the joint extensors 

consume the energy impact by doing eccentric work, with greater negative joint power 

implying greater eccentricity of the joint extensors [224]. By integrating the joint power 

to calculate the joint work, this study found that the TED, AED, KED and HED 

decreased in after-fatigue SL, and the relationship between them and PAF was highly 

negatively correlated (Figure 25C, Figure 25D). This provides ample evidence that 

inadequate joint energy dissipation caused by the decreased eccentricity of the lower 

limb extensor muscles during SL can lead to increased ACL forces, thereby increasing 

the risk of ACL injury. 

This study also explored the relationship between AICA (Figure 26), AROM 

(Figure 27) and each joint energy dissipation and found that AICA showed a positive 

correlation with AED (𝑅2 = 0.6455), KED (𝑅2 = 0.3606) and HED (𝑅2 = 0.2189). 

Similar results were found for AROM, which also showed positive correlations with 

AED (𝑅2 = 0.5850 ), KED (𝑅2 = 0.3037 ), and HED (𝑅2 = 0.1538 ). This positive 

correlation with the AED, KED and HED diminishes as the impact during SL is 

transmitted from the ankle joint to the knee and hip joints, both for the AICA and 

AROM, which suggests that its effect on the energy dissipation of each joint diminishes. 

Therefore, the lower limb energy dissipation strategy during SL can be adjusted by 

consciously increasing AICA and AROM, which is specifically manifested as 

increasing the work by lower limb joints to reduce injuries. However, it is unclear 

whether increased AICA and AROM, and consequent changes in lower limb energy 

expenditure strategies, are also associated with ACL injury. As presented in Figure 25, 

the relationship between each variable and PAF was further explored. The results 

demonstrate a strong positive correlation between TED, AIC, AROM and PAF, with 

TED having the highest correlation 𝑅2 = 0.6110 (Figure 25C), followed by AICA 

𝑅2 = 0.4898 (Figure 25A) and AROM 𝑅2 = 0.3768 (Figure 25B). Combined with 

the decrease of AICA and AROM in after-fatigue SL, it is reasonable to believe that the 

increased ACL forces during after-fatigue landing may be caused by insufficient energy 

dissipation in the joints of the lower limbs due to reduced AICA and AROM. 

Therefore, our results demonstrate that increasing the AICA and AROM during SL 

increases the lower limb joint energy dissipation, thereby reducing the impact loads on 

the lower limb joints, and thus reducing the risk of lower limb injuries, including ACL 

injuries. Previous studies have suggested that AICA is negatively correlated with peak 

knee valgus moment (𝑅2 = 0.2500) and with the sum of peak knee valgus and internal 

rotation moments (𝑅2 = 0.3364), thus indirectly suggesting that increasing AICA may 
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reduce the risk of ACL injury [225]. The current study directly demonstrates that AICA 

and AROM are highly negatively correlated with PAF and joint energy dissipation 

during SL. The findings may provide new insights for the optimized application of 

landing strategies, thus providing important theoretical support for the body to reduce 

the risk of lower limb injuries, including ACL injuries. 

Therefore, this study suggest that the individual can consciously increase lower 

limb flexion angles, AIC, and AROM during SL, so as increase the energy dissipation 

in the joints of the lower limbs. This would decrease joint impact loads and ultimately 

reduce lower limb injury risk. For a conscious increase of AICA and AROM, the 

precondition is that the muscles and tissues around the ankle joint of the body have high 

strength [226, 227]. During SL, the ankle joint relies heavily on its surrounding tendon 

units when dissipating impact loads. Especially the ankle plantar-flexor muscle, which 

provides 30%-50% of the shock absorption during SL [1, 28]. Without a higher strength 

of the muscles and tissues around the ankle joint to cope with the increased AICA and 

AROM, the risk of injury to the ankle joint during dissipation of the energy impact is 

instead increased, which is a point to be balanced. 

Some limitations should be considered in the current study. First, this study only 

collected data from male subjects, and whether the ACL injury law based on the results 

applies to female subjects needs to be further studied. At the same time, this study only 

selected a drop-off landing as the biomechanical test movement, which may reduce the 

generalizability of the application. Future studies should take into account test 

movements such as landings and cutting from different directions, as they may also 

contribute to ACL injuries. As a significant portion of the body mass, parameters related 

to the trunk may be an important property in predicting ACL force. The current study 

did not include the trunk in the analysis, which also needs to be improved in future 

studies. 
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4.2 Exploring landing pattern differences before and after fatigue based on 

explainable machine learning 

The primary purpose of this work was to investigate whether XML can help with 

clinical landing pattern recognition and to what extent it can aid in the interpretation of 

prediction results. This work firstly compared the classification recognition 

performances of several classical classification models on two class landing tasks, and 

then constructed the XML model based on the neural network model with the best 

recognition performance combined with LRP to explain the model classification 

recognition results. Meanwhile, the RS results derived from LRP were evaluated from 

the statistical and clinical perspectives. Finally, this study completed the validation of 

the following two questions: 1) which areas of input signals in the two class landing 

patterns are most relevant to the landing pattern recognition? 2) To what extent do these 

regions of input signals identified as most relevant for landing pattern recognition 

remain consistent with statistical evidence and clinical assessment? 

Before constructing the XML model, this study first selected three classical and 

widely used classification algorithm models (SVM, ANN, CNN) for automated landing 

pattern classification tasks. From the current results, both three classification algorithm 

models achieved high recognizability in the nine classification tasks (Figure 30, Table 

12). In order to make a referenceable comparison of classification model performance 

to select the best classification model, this study also compared it with the calculated 

ZRB besides comparing the differences between the models. This kind of theoretical 

accuracy resulting from assigning class labels based on the prior probability of the class 

represents the minimum at which the input signals between classes can be identified. 

There are potential risks in analyzing an unreliable classification model, and high 

identifiability is the basis for further interpretability analysis and the key to providing 

important information [49]. In other terms, only when the selected classification model 

can robustly identify the differences between the target classes, the subsequent 

construction of XML combined with LRP for objective interpretability analysis will be 

more trustworthy. Among the three classification algorithm models, the classification 

performance level of ANN for the input signal is particularly outstanding in comparison 

to the other two models, so the current work only provided the LRP analyzed with the 

ANN algorithm model. For the binary classification task, this approach undoubtedly 

reduces the potential risk to a large extent, and its better recognition performance can 

make the XML model extract more robust features in the input signal. 

Which areas of input signals in the two class landing patterns are most relevant to 

the landing pattern recognition? From the classification performance, this study found 

that based on the knee data as input signals the classification performance was better 

than the classification performance that was based on the ankle data or only hip data as 

input signals (Figure 30B). This result suggests that in the ankle knee hip joints, the 

knee related landing patterns vary more between classes, that is, the contribution of the 

knee to the successful classification of the two classes of landing patterns may be 

greater. As an intermediate joint connecting the distal (hip) and proximal (foot and ankle) 

joints, the knee joint plays a crucial role in the energy impact and transmission process 

of the lower limb movement chain [6]. Especially in single-leg landings, the energy 
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transfer and impact force can only be absorbed by the lower limb muscle tissue in 

contact with the ground (landing leg). At this time, the knee joint plays a dominant role 

in absorbing impact and energy consumption of the whole lower limb [63]. Therefore, 

the movement trend of the knee joint is most pronounced under different control 

conditions, which results from the adaptive adjustment strategy produced by the 

connecting joint in response to the landing impact. This also results in the classification 

performance based on knee data as input signals are significantly better than that of the 

ankle and hip joints. 

In terms of the classification performance, this study found that the classification 

performance based on the sagittal plane data as input signals was better than the 

classification performance based on the frontal plane data or only transversal plane data 

as input signals (Figure 30B). This result suggests that in three planes (sagittal, frontal, 

transversal), the sagittal plane related landing patterns vary more between classes, that 

is, the contribution of the sagittal plane to the successful classification of the two classes 

of landing patterns may be greater. Compared with the frontal and transversal planes, 

the range of motion of lower limb joints in the sagittal plane is significantly larger, 

allowing for greater movement. Also for landing tasks, the energy dissipated in the 

sagittal plane can reach 10-20 times the energy dissipated in other planes [6, 63], so the 

main factor affecting the cushioning performance of the lower limb is the range of 

motion of the joints in the sagittal plane. Previous studies have shown that the most 

obvious change in landing pattern after fatigue intervention is a reduction in the degree 

of sagittal flexion of lower extremity joints, primarily in the knee joint [1, 12]. 

Therefore, it is convincing that there is a greater difference in sagittal landing patterns 

between classes in the three planes. This is also in line with the validation of clinical 

evaluation in terms of joints and planes: the features (input signals) in the knee joint 

and the sagittal plane are better able to identify landing patterns between classes. 

However, are these features also consistent with the predicted interpretation of the 

results? 

Prediction interpretation aims to explain the local behavior of the model, that is, 

to predict a given input signal and then explain which part of the input signal has the 

greatest impact on the prediction of the classifier [53]. The LRP used in this study is 

one of the prediction interpretations, which propagates something importantly relevant 

to the prediction from the output layer of the model to the input layer by backward 

propagation to determine the relative contribution of each input feature, and finally 

completes the relevant evidence identification of a specific prediction [54]. For landing 

pattern recognition, XML can highlight signal regions and characteristic signal shapes 

in the input signal that are associated with a particular landing pattern. So, to what 

extent do these regions of input signals identified as most relevant for landing pattern 

recognition remain consistent with statistical evidence and clinical assessment? First, 

this study can observe two more interesting results from Figure 34B: 1) For each joint, 

the largest summed contribution rate of RS was 41.02% in the knee joint, followed by 

30.62% in the ankle joint and 28.36% in the hip joint; 2) For each plane, the largest 

summed contribution rate of RS was 37.78% in the sagittal plane, followed by 32.55% 

in the transversal plane and 29.67% in the frontal plane. As discussed above, of the 
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three joints, the knee is probably the joint that contributes most to landing pattern 

recognition, and of the three planes, the sagittal plane is probably the plane that 

contributes most to landing pattern recognition. In statistical terms, the statistical 

differences between the two landing patterns are most significant in the sagittal plane 

and the knee joint (Figure 31A, Figure 32A, Figure 33A). In conclusion, the RS results 

derived from the XML model are consistent with the statistical and clinical analysis in 

at least two respects. 

From detailed results of RS distribution, this study also found that the early landing 

phase contributed more to landing pattern recognition between classes (Figure 34A). 

This is difficult for us to evaluate from a statistical point of view, because the statistical 

results can only be partitioned for a given region and cannot be quantified to a specific 

value at each time point. Therefore, this is why the current research proposed the 

combination of interpretable machine learning to help solve the problem of clinical 

landing pattern recognition. The XML constructed by combining ANN and LRP is able 

to support the predicted explanatory output for each variable at different time points 

during the landing phase. However, from a clinical point of view, it is met with clinical 

validation. This is because the early landing phase of single-leg landing is an extremely 

unstable state, while that phase is often accompanied by large impact loads, which leads 

to a sharp change in landing patterns between classes [1, 2, 19, 30]. 

 Combining the statistical and RS results during each joint of each plane, the RS 

in identifying the differences between the two class landing patterns generally agreed 

with the statistical results in the ankle and knee joints (Figure 31, Figure 32). However, 

the statistical results and RS results in the frontal plane of the hip joint were inconsistent. 

This may be related to the fact that the uniqueness of landing patterns of individual 

subjects is also taken into account in the calculation of RS [34, 54]. In contrast to 

statistical analyses where the input signal is based only on the average of individual 

subject characteristics, XML also takes into account the variability of the data for each 

test. This can lead to such discrepancies when the variability of the data is more 

disordered on a per-test basis. However, in most cases, when the XML model extracts 

general features of individual subjects for landing pattern recognition, its output RS can 

be convincing [228, 229]. 

At this stage, an understanding of ML and AI decision making seems inevitable 

for the application of ML and AI in clinical injury screening, intervention, and treatment. 

The lack of transparency is a major problem faced in the application of ML and AI in 

the clinic, and there is an increasing demand for clinical experts to further interpret the 

prediction results of ML [50, 228]. Here, this study demonstrated the feasibility of 

interpreting machine learning predictions in clinical landing pattern recognition by 

combining XML models constructed by LRP, which can not only satisfy the traditional 

decision problem between classes, but also largely solve the lack of transparency in 

clinical landing pattern recognition. However, two potential limitations still should be 

considered in this work. First, only male subject data was collected to train the XML 

models in the current study, future studies should take into account data from female 

subjects to more comprehensively validate the effectiveness of the XML models for 

landing pattern recognition in clinical diagnosis. In addition, the current work has 
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visualized the recognition results in the form of color-coded waveform. For clinical 

application by non-specialists, future research should consider translating predictive 

interpretation results into an easily understandable text format. 
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4.3 Effect of ankle motion patterns on reducing the lower limb injury risk during 

landing 

This work aims to explore an optimized landing strategy to reduce the injury risk 

of the lower limb. Specifically, this study explored the relationship between ankle joint 

motion patterns and lower limb injury risk during SL, as well as investigated how to 

balance the association between the LAS and ACL injury risk under different ankle 

motion patterns. This study hypothesized that the overall injury risk of the lower limb, 

particularly ACL injury, can be minimized by appropriately increasing AICA and 

AROM during SL, but this increases the LAS risk. The current findings partially 

support the hypothesis that the larger AICA and AROM exhibit smaller PVGRF and 

PAF, as well as larger TED and PAIA. In addition, based on the interaction between 

PAIA and PAF, this study confirmed the range of the AICA and AROM that can balance 

the LAS and ACL injury risk. 

During landing, the subject usually adopts ankle plantarflexion, and then 

transitions to dorsiflexion until reaching the steady state. In this study, the maximum 

ankle plantarflexion angle AICA was mainly distributed in the range of 20° to 40° 

(33.47 ± 5.16°) based on the ankle anatomical position in normal standing at 0°. With 

the increase of the AICA and AROM, PVGRF exhibited a negative correlation with 

them, and the correlation coefficient of AICA (r = -0.591) was higher than that of 

AROM (r = -0.451). This indicates that using a larger plantarflexion angle is an 

effective way to reduce lower limb impact loads during SL. It also supports previous 

findings that greater AICA and AROM reduced PVGRF and increased time to PVGRF 

[28, 76, 230]. Overall, a larger AICA during SL allows the body to use the plantar 

flexors to attenuate and cushion the impact load to a greater extent, with the 

accompanying larger AROM also dissipating more load impact [1, 76, 230]. 

In addition, the joint power is shown in Figure 36, the negative joint power 

represents that the joint extensor muscles dissipate the impact by producing eccentric 

work, and the higher negative joint power means a greater eccentric distance of the joint 

extensor muscle [6, 19]. By integrating and calculating the joint power and obtaining 

TED, this study found that TED presented a relatively obvious positive relation with 

AICA (r = 0.490) and AROM (r = 0.687) (Figure 37). Firstly, it is undeniable that the 

increase of AICA drives the increase of AROM to a certain extent, which also leads to 

an increased demand for active muscle contraction of the distal joints, with a 

consequent increase in TED of the lower limb joints. The increase in TED suggests that 

the lower limb is well cushioned against impact loads, and then the load is reduced 

based on the passive joint structures, thus reducing the lower limb injury risk [19, 63]. 

Therefore, the current results demonstrate that changes in ankle motion patterns during 

SL can influence the degree of impact loading on the lower limb, as well as alter the 

joint ability to dissipate energy during transfer. 

To further radiate the specific effect on each joint, the relationships between AICA, 

AROM, peak ankle sagittal moment, peak knee sagittal moment, and peak hip sagittal 

moment were explored. The results showed that both AICA and AROM exhibited 

negative correlations with each joint moment, with a stronger correlation between 

AICA and PADM (r = -0.542), PKFM (r = -0.441). The magnitude of the sagittal joint 
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moment is directly related to the joint injury risk during landing [1]. As shown in Figure 

38, this study can find that the increase of AICA and AROM may reduce the injury risk 

of each joint to a certain extent, which also confirms the conclusion that has been 

derived above. 

The reduction of AICA could raise the energy dissipation demand of the proximal 

joint, which would result in an increased ACL injury risk. Previous studies have also 

speculated that larger body anteverted angle and ankle plantarflexion in contact with 

the ground during SL may show better lower limb cushioning ability with less ACL 

injury [28, 230]. According to Lee et al., there is a negative correlation between the 

AICA and both the peak knee valgus moment (𝑟 = −0.5) and the total of the internal 

rotation moments and peak knee valgus (𝑟 = −0.58 ) [225]. However, there are no 

relevant studies that directly demonstrate this from the dynamic loading of ACL itself, 

which often has a certain bias risk. Based on this, this study developed and constructed 

the ACL model in the OpenSim for musculoskeletal modeling simulations to calculate 

ACL dynamic loading forces during landing, and explored the relationship between 

ACL injury risk and ankle motion pattern. 

As shown in Figure 40, the present work found that both AICA and AROM 

showed a negative correlation with PAF, with AICA (r = -0.554) showing a higher 

correlation than AROM (r = -0.332). The results suggested that increasing the AROM 

and AICA during SL would increase joint energy dissipation and lower the impact loads 

on the joints, thereby lowering the injury risk of the lower limb, including ACL injuries. 

Both AICA and AROM can be adjusted by autonomous awareness during SL, and larger 

AICA is often accompanied by larger AROM. As a result, this study propose that the 

individual can actively and consciously increase the AICA and AROM during SL to 

increase the TED, thus reducing lower limb injury risk. The muscles and tissues 

surrounding the ankle joint must be very strong in order to consciously increase AICA 

and AROM [64]. When dispersing impact stresses during SL, the ankle joint mostly 

depends on the muscle and tendon units surrounding it [1, 28, 64]. In the absence of 

strengthened tissues and muscles surrounding the ankle to accommodate the increased 

AICA and AROM, the LAS risk increases during energy impact dissipation [64]. 

In this study, AICA and AROM showed a strong positive correlation with PAIA, 

and a weak negative correlation with PAIM (Figure 40). The increased PAIA is 

believed to increase the LAS risk, which can further cause ankle instability and thus 

affect lower limb function [3, 75, 231]. Hence, it is essential to determine a feasible 

ankle motion pattern to balance the LAS and ACL injury. As shown in Figure 41, the 

results indicated that the LAS risk is negatively correlated with ACL injury risk (r = -

0.330, p < 0.001). Based on the determined intersection points, this study found that 30° 

to 40° of AICA and 50° to 70° of AROM were the more appropriate range to balance 

the injury risk between them. This range can be referenced by individuals during SL, 

but it should also be adjusted according to the person’s ankle dorsiflexion ability and 

the level of muscle function around the ankle joint. In addition, it is also necessary to 

strengthen the training of the muscles, the medial and lateral tissues, ligaments around 

the ankle joint, so as to increase the AICA and AROM to reduce lower limb injury risk 

while avoiding ankle joint injury. 
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Based on the actual situation in constructing ACL models, this study summarized 

the following optimization directions, hoping to make a breakthrough in future research. 

Throughout the simulation calculations, the model only considers the effect of knee 

motion on the ACL, but does not consider that as the knee joint movement changes, the 

attached ACL ligament will in turn affect the DOF of the knee joint. However, in the 

real human body, the knee DOF and ACL interact with each other. The changes in the 

knee joint can cause ACL strain, which is transmitted to the knee joint structure, and 

then affects the range of motion and stability of the knee joint [232]. Due to the 

complexity of the real human body environment, it is difficult for musculoskeletal 

modeling and simulation to completely restore the real state [233]. In our future 

research, I hope to further optimize and develop a more accurate and realistic 

musculoskeletal model by considering the interaction between various structures. 

This study is a relatively short-term landing action simulation, so the ACL mainly 

exhibits a tensile strain state. This situation only needs to consider the viscoelastic 

properties of ACL under increasing tensile strain, without considering the viscoelastic 

response of ACL between stretching and shortening [1, 64]. Meanwhile, considering 

that setting ACL as a long-term viscoelastic property may increase model complexity 

and computational cost, the current study sets ACL as a nonlinear short-term 

viscoelastic property. Future research can focus on further deepening musculoskeletal 

modeling to develop an ACL model with long-term viscoelastic properties. 

In this work, the parameters of the ACL, such as origin, insertion point, length and 

cross-sectional area of the ligament, were mainly based on data from previously 

published studies. In view of personalized differences, future research can consider 

combining medical imaging data (MRI and CT) to construct a subject-specific ACL 

model of the knee joint. This can make the musculoskeletal modeling simulation more 

closely match the real situation of the human body, and improve the accuracy and 

reliability of the simulation results [234]. On the other hand, researchers may also 

consider combining machine learning and data-driven approaches to optimize the 

model parameters with the help of a large amount of experimental and simulation data 

[64]. This can improve the accuracy and generalization ability of ACL force prediction 

models. 

The current work also has the following two limitations and outlooks. First, only the 

male subjects were studied in this study, and it is not clear whether the movement laws 

explored based on the results are still applicable to females. Next work should consider 

exploring the inherent laws in the SL patterns of female subjects. In addition, when 

assessing the ankle injury risk, this study used only the indicator of ankle inversion 

angle. Although this indicator is largely indicative of the degree of LAS risk, future 

research should focus on more detailed indicators given the complexity of the medial 

and lateral ligaments around the ankle [1, 235]. 
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4.4 Contribution of ankle initial contact angle during landing to reduce the knee-

related injury risk 

This study investigated the effects of different ankle plantarflexion angles during 

SL on knee impact loading and ACL injury risk. This study employed a joint impact 

force to evaluate the impact loads on the knee at various landing angles, and calculated 

the joint negative work to assess the ability of the knee to dissipate the energy impact. 

Additionally, the ACL internal load forces (musculoskeletal modeling) and ACL stress 

(finite element analysis) were simulated and calculated to evaluate the ACL injury risk. 

Based on the possible findings, I hoped to propose landing optimization strategies to 

reduce lower limb injuries. 

During landing, the subject usually adopts ankle plantarflexion, and then 

transitions to dorsiflexion until reaching the steady state. In this study, the maximum 

ankle plantarflexion angle was mainly distributed in the range of 20° to 40° (30.1 ± 6.1°) 

based on the ankle anatomical position in normal standing at 0°. As the ankle 

plantarflexion angle increased during SL, this study found that the knee was under 

decreasing impact loads both in the anterior and vertical directions (Figure 43). 

Especially in the vertical direction, the impact force showed a significant decreasing 

trend. I suppose that this is related to the fact that the increased ankle plantarflexion 

angle will make the ankle joint have a greater range of motion and absorb more impact 

energy [28, 64, 76]. 

First, the contact between the talus and forefoot produces friction during the SL, 

and this friction can help absorb impact energy [236]. As the ankle plantarflexion angle 

increases, the area of the talus in contact with the forefoot increases, making friction 

increase as well. This contributes to the absorption of more impact energy by the foot, 

thus reducing the impact loads on the knee. Furthermore, the joint capsule between the 

talus and the tibia and fibula also helps to absorb impact energy [236, 237]. As the ankle 

plantarflexion angle increases, the volume and mobility of the joint capsule increase 

accordingly. The result allows for increased mobility and flexibility of the joint, which 

in turn helps to absorb the impact forces on the foot during landing [236, 237]. 

Additionally, greater ankle plantarflexion angles have been shown to increase the 

ankle joint's negative joint work, thereby increasing the ankle joint's contribution to the 

total energy dissipated [28, 64]. This naturally reduces the energy impact on the other 

joints of the lower extremity. Also, this study found that the knee joint negative work 

showed a tendency to increase, with significant differences occurring only between 20° 

and 40° (Fig. 5). In the case that the total energy of the impact load borne is reduced, 

the knee joint dissipates more energy by doing negative work, which undoubtedly 

reduces the joint impact force. Thus, the current findings revealed that the use of a larger 

ankle plantarflexion angle during landing may be an effective solution to reduce knee 

impact load. 

Varying landing patterns might result in distinct loading impacts on the 

musculoskeletal, tendon and soft tissues of the lower limb joints [1, 5, 19]. The knee 

and associated components may sustain damage as a result of excessive impact. Of 

these, ACL injuries are notably prevalent and significant in terms of severity [1, 3, 9]. 

As one of the main ligaments around the knee joint, the ACL is extremely critical in 
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knee stabilization [10, 65]. The results of this study suggested that as the ankle 

plantarflexion angle increased during landing, the internal load force of the ACL 

decreased significantly (Figure 44). The current study avoids the possible risk of bias 

by starting with ACL dynamic loading, compared with previous studies that inferred 

ACL injury risk from other indicators such as knee internal and external rotation 

moments [28, 225, 230]. 

Moreover, to better reconstruct the real situation when landing, this study 

constructed a foot-ankle-knee integration finite element model to calculate the stress 

distribution of the knee joint and the surrounding structures. As shown in Figure 45, 

the ACL, meniscus, and femoral cartilage stress also decreases with increasing ankle 

plantarflexion angle. The overall range of variation in ACL stress was small and was 

mainly distributed in the femoral and tibial attachment regions, as well as in the mid-

lateral region. The location of the maximum stress is mainly around the femoral 

attachment area, which quantitatively reveals that ACL ruptures frequently occur in the 

femoral attachment area in actual clinical situations [207, 238]. In conclusion, the 

results of this study revealed that a smaller ankle plantarflexion angle during landing 

may increase the risk of rupture of the medial femoral attachment area in the ACL, and 

other tissues around the knee joint. Meanwhile, the stresses on the meniscus and 

femoral cartilage increased with decreasing ankle plantarflexion angle during landing. 

Increased stress on the meniscus and femoral cartilage implies that the knee is exposed 

to increasing impact loads, which results in an increased risk of knee-related injuries. 

Therefore, a special landing mode by actively increasing the ankle plantarflexion angle 

at initial contact should be proposed to reduce the risk of knee-related injuries, 

particularly ACL injury. 

Based on the actual situation in constructing ACL models, this study summarized 

the following optimization directions, hoping to make a breakthrough in future research. 

Throughout the simulation calculations, the model only considers the effect of knee 

motion on the ACL, but does not consider that as the knee joint movement changes, the 

attached ACL ligament will in turn affect the DOF of the knee joint. However, in the 

real human body, the knee DOF and ACL interact with each other. The changes in the 

knee joint can cause ACL strain, which is transmitted to the knee joint structure, and 

then affects the range of motion and stability of the knee joint [54]. Due to the 

complexity of the real human body environment, it is difficult for musculoskeletal 

modeling and simulation to completely restore the real state [55]. In the future research, 

I hope to further optimize and develop a more accurate and realistic musculoskeletal 

model by considering the interaction between various structures. 

In this work, the parameters of the ACL, such as origin, insertion point, length and 

cross-sectional area of the ligament, were mainly based on data from previously 

published studies. In view of personalized differences, future research can consider 

combining medical imaging data (MRI and CT) to construct a subject-specific ACL 

model of the knee joint [56,57]. On the other hand, researchers may also consider 

combining machine learning and data-driven approaches to optimize the model 

parameters with the help of a large amount of experimental and simulation data [5]. 

This can improve the accuracy and generalization ability of ACL force prediction 



136 

 

models. 

Also, other limitations should be noted. First, this study recruited only male 

subjects in this research, and further exploration is needed as to whether the intrinsic 

laws explored also occur in females. Second, based on the consensus of previous studies 

and estimates of computational costs, this study selected only one standard subject for 

finite element analysis. Considering the inherent inter-individual characteristics, future 

studies need to be further refined. In addition, this study simplified the medial and 

lateral collateral ligaments of the knee to a linear elastic material for simulation. which 

may reduce the accuracy of the simulation results for these ligaments. However, since 

the stress results of the medial-lateral collateral ligament of the knee were not 

considered in this study, and also as a method to improve computational efficiency, this 

setup has been adopted in most studies [5, 90]. 
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4.5 ACL dynamic loading force prediction based on lower limb joint movements 

Data-driven machine learning approaches are believed to perform modeling 

calculations faster than musculoskeletal models and also have higher prediction 

accuracy [99]. This study first introduces a metaheuristic optimization algorithm to 

optimize the prediction model based on existing machine learning models, and further 

optimizes the prediction results by combining the discovered linear relationship 

between AIC, AROM and PAF to achieve accurate prediction of the ACL dynamic load 

force during SL using simple and easy-to-measure kinematic data. Metaheuristic 

optimization algorithms are considered to be able to provide a practical and elegant 

solution in solving complex problems, and their implementation in optimization 

problems is specified in achieving an optimal solution with the shortest practical 

execution time [239]. In the current work, this study use a novel meta-heuristic 

optimization algorithm (SSA) to find the optimal parameter solution for a prediction 

model under a specific data set to improve the model prediction performance [107]. 

The SSA model constantly updates the fitness values to compute the optimal parameter 

solutions by comparing the prediction error between the actual output and the actual 

values [240]. Our work can provide some reference for other researchers in the process 

of constructing prediction models: Determine the optimal parameter solutions to 

optimize the prediction model based on metaheuristic algorithms. 

It is considered that traditional machine learning prediction does not allow for 

personalized modeling like subject-specific musculoskeletal models, which affects the 

accuracy of the variable calculation. Based on this, this study revealed a high positive 

correlation between AIC, AROM and PAF, this study concluded that the regression 

forecasting model constructed by taking AIC, AROM as input variables to predict PAF 

could achieve excellent predictive performance. The results of the current study 

confirmed this conclusion, and the results of the SSA-ELM prediction model are 

presented in Figure 47A, with a high correlation coefficient between the observed and 

predicted values in the test set and a low prediction error (𝑅2 = 0.9992,𝑀𝑆𝐸 =

0.0023, 𝑅𝑀𝑆𝐸 = 0.0474 ). Furthermore, when predicting the ACL dynamic loading 

forces during the whole landing phase, this study used the simple and easy-to-measure 

ankle, knee and hip sagittal angles as input variables into the constructed SSA-LSTM 

prediction model, the output of which is presented in Figure 47B. The overall 

prediction results for the 22 test samples showed good prediction performance (𝑅2 =

0.9937,𝑀𝑆𝐸 = 0.0086, 𝑅𝑀𝑆𝐸 = 0.0928 ) and the individual prediction results for 

each test sample are presented in Figure 48.  

However, this study found a greater prediction error during the 10%-35% landing 

phase (red shaded areas in Figure 47B), and the predictions at this stage are the key 

stage for evaluating the risk of ACL injury [1, 2]. Therefore, this study calibrated and 

optimized the ACL dynamic loading force predicted by the SSA-LSTM prediction 

model during the whole landing phase by the PAF predicted by the SSA-ELM 

prediction model, and the final prediction is presented in Figure 47C. In general, the 

overall prediction results after the final optimization showed excellent prediction 

performance because of a very strong correlation, and it also showed excellent 

prediction performance during the 10%-35% landing phase (𝑅2 = 0.9989,𝑀𝑆𝐸 =
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0.0058, 𝑅𝑀𝑆𝐸 = 0.0762 ), and the prediction error for each test sample during the 

10%-35% landing phase prediction results was also largely smaller than that of the 

SSA-LSTM results (Table 15). On the other hand, compared to previous related studies, 

Zou et al. developed a transfer learning model to estimate the knee contact medial force 

of knee valgus patients during rehabilitation gaits (𝑅𝑀𝑆𝐸 = 0.17) [99]. Johnson et al. 

developed a convolutional neural network model to estimate the vertical GRF during 

running (𝑅2 = 0.9409) [241]. Liu et al. trained two bi-lateral LSTM neural networks 

to estimate the three-dimensional GRF during stair ascent (𝑅2 = 0.9821 ) and stair 

descent (𝑅2 = 0.9742 ) [98]. Therefore, the overall predictive performance of the 

current work is high accuracy (𝑅2 = 0.9947,𝑀𝑆𝐸 = 0.0076, 𝑅𝑀𝑆𝐸 = 0.0873 ). As 

for unavoidable prediction errors, the extremely small errors of the current work are 

certainly permitted in practical ACL injury risk assessment applications [242]. 

Especially for researchers who favor direct application, the computational method 

proposed in the current study avoids the high-cost, time-consuming, and complex 

process of biomechanical model construction and simulation calculations with 

extremely small errors. 

In conclusion, the present study provides a method for constructing a prediction 

model for ACL dynamic loading forces during SL with input variables consisting of 

two discrete variables (AIC, AROM) and three time-series variables (ankle, knee and 

hip sagittal angles during the landing phase). All five variables are extremely simple 

and easy to measure in practice, which gives the prediction model excellent 

generalization capabilities. Furthermore, to ensure excellent performance of the 

prediction model, this study use the metaheuristic optimization algorithm SSA to 

optimize the model parameters and propose a secondary optimization by constructing 

a PAF prediction model, which ultimately results in a highly accurate and easily 

implemented ACL force prediction model. Given the feasibility and ease of operation 

of the prediction model, this study explored simple and easy-to-measure parameters as 

predictors whenever possible, but the data processing still requires users to have some 

basic skills. Therefore, I also plan to package the whole prediction model and gradually 

develop the supporting software for clinical application by routine personnel. 
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4.6 Lower limb joint movements estimation based on muscle synergy patterns 

This study proposed a movement intention detection technology for estimating 

each joint continuous kinematic variable based on the lower limb muscle synergy 

pattern, with a view to developing applications for more efficient exoskeleton-assisted 

rehabilitation training. By extracting the lower limb muscle synergy patterns of healthy 

subjects and patients through NNMF, and then mapping the lower limb muscle synergy 

patterns to each joint continuous motion variable using the developed ANFIS non-linear 

regression model. It reveals that the proposed ANFIS model driven by the NNMF-

extracted muscle synergy patterns will be able to accurately and reliably estimate lower 

limb joint movements, and that the effectiveness will also be radiated to patient subjects. 

Lower limb-powered exoskeletons and orthoses play an essential role in the 

rehabilitation of patients [112, 113]. The basis for seamless control of exoskeleton 

robots and orthoses is to achieve accurate inference of the user's movement intentions 

in the human-machine interface [114, 115]. During this process, surface EMG signals, 

which are generated by muscle contractions during movement, and widely used as a 

tool for detecting movement intentions in rehabilitation robots [117, 118]. Due to the 

problems of insensitive responses and large estimation errors in traditional studies when 

using a single set of surface EMG signal information features as input variables to 

predict movement intention, this study substituted the reconstructed muscle synergy 

pattern based on the NNMF model extraction instead of a single set of surface EMG 

signals into the movement intention estimation system. Being a set of neural control 

information collections, muscle synergy contains coordinated information between 

each muscle and reveals the coordination of muscle recruitment [33, 34]. In the present 

study, this study extracted six muscle synergies from twelve muscle activation signals 

(Figure 51), and the muscle synergies obtained represent the variability of muscle 

coordination corresponding to the movement of each joint under a specific movement 

task. This study can find that each individual's muscle activation pattern is unique from 

the synergy vectors, which also suggests that there is a unique muscle synergy pattern 

between individuals (Figure 52). Meanwhile, from the view of the trend in the synergy 

activation coefficient matrix, the integrative magnitude of muscle activation was more 

or less the same between subjects, which also explains the similarity in muscle 

activation expressed by different subjects when performing the same movement task. 

In other words, the muscle synergy pattern recodes the muscle activation in a specific 

movement pattern, thus achieving the expression of joint movement. 

Given the highly non-linear nature of the correlation between muscle synergy 

patterns and the movement variables to be estimated, this study propose the use of 

ANFIS neural networks that are both interpretable and non-linear to handle the complex 

non-linear information in the mapping of muscle synergy patterns to movement 

variables [145]. As shown in the Methods section, this study provides a comprehensive 

and detailed description of the entire modeling computational process of the ANFIS 

model driven by muscle synergy patterns extracted from the NNMF model. The ANFIS, 

which combines the autonomous learning mechanism of an artificial neural network 

with the fast inference capability of a fuzzy logic inference system, this study 

successfully connected the non-linear relationship between muscle synergistic patterns 
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and joint motion through its determined fuzzy rules and constructed membership 

functions (Table 16, Figure 56). From the results of the four error indicators across the 

estimated variables, this study demonstrated that the current model has excellent 

predictive performance in estimating lower limb joint motion (Figure 62 and Figure 

63). In the estimation of joint angle and torque, the square of the correlation coefficient 

R2 between the model's estimation and the actual measurements reached 0.97 and 0.95, 

which is higher than the results of other related studies (Table 18). 

In the previous study, Rohit et al. proposed a non-linear autoregressive model to 

estimate continuous ankle angles using surface EMG signals and knee angles as inputs 

[221]. Their results showed that the errors between the estimated and actual measured 

ankle angle during the movement of going down the stairs were: RMSE=5.04 ± 1.56, 

R2=0.85±0.05 (this work: RMSE=1.54±0.68, R2=1.00±0.00). Lu et al. proposed a 

stacked convolution and long short-term memory network to estimate continuous ankle, 

knee, and hip angles, and the estimation results are shown in Table 18 [119]. Kaitlin et 

al. used Sonomyography and surface EMG data as input to estimate continuous ankle, 

knee, and hip angles with a Gaussian process regression model (Table 18) [120, 222]. 

For the estimation of joint torque, zhang et al. used Lower limb joint angles and surface 

EMG data as input, long short-term memory neural networks and transfer learning were 

used to estimate the continuous ankle (RMSE=0.18), knee (RMSE=0.16), and hip 

(RMSE=0.17) torque [121]. Table 18 summarized the comparison results with other 

relevant studies, and Table 19 provided the results of the estimation error indicators for 

the current study. 

With movement disorders in patients, the surface EMG signals of their muscles 

during exercise are often different from those of healthy subjects. Abnormalities in 

neural function and deficits in muscle function result in a single set of surface EMG 

signal characteristics that hardly reflect the true physiological phenomenon. As a 

collection of neural control information, the muscle synergy pattern contains 

information on the coordinates between each muscle and can well restore the 

characteristics of muscle activation under a specific motor task [135, 136]. As shown 

in Table 19, the results of the error indicators in the patient group remained largely 

consistent with each other and the healthy group, both showing excellent estimation 

performance. This reveals the generalizability of mapping muscle synergy patterns to 

joint motion variables. 

The extracted muscle synergy pattern shows a different approach to optimization 

theory, which distinguishes it from strictly neural hard-wired synergy. It can achieve 

the most advanced performance by using low-dimensional spatial synergy information. 

Considering the potential of artificial neural networks in solving the problem of non-

linear relationships in mapping muscle synergy patterns to joint motion variables [46, 

145], and the fast inference capability of fuzzy logic inference systems, this study 

developed ANFIS as the estimated model. Finally, the ANFIS model achieves superior 

performance in mapping muscle synergy patterns to joint motion variables from a 

specific movement task. Therefore, in clinical sports rehabilitation applications, muscle 

synergy patterns can be considered as input variables for movement intention detection, 

combined with the ANFIS model to achieve more flexible and precise movement 
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control in lower limb-powered exoskeletons. 

Regrettably but inevitably, several limitations should be noted in the current work. 

First, the current work only selected the data on the movement of stairs descending to 

assess the accuracy of the proposed model. This is because the movements involved in 

stair descending are more complex than in other daily activities and the corresponding 

movement intentions are more difficult to estimate [112, 223]. Future work should 

consider the feasibility and accuracy of detecting other movement intentions. In 

addition, this study used only 16 subjects' movement data on the same day to train the 

model, which may result in poor generalization of the model when detecting other 

subjects' movement intentions [113]. Therefore, future research should also consider 

collecting a large sample of data to train the model in advance, so that the model can 

achieve a fast and accurate estimation of movement intention while having good 

generalization. This study integrated the muscle synergy space of the original time 

series 𝑀𝑆(𝑡)  and the muscle synergy space with the first-time data point removed 

𝑀𝑆(𝑡 − 1) as input variables. From the current prediction results, although the overall 

estimation performance of the model is excellent, future research should also explore 

the effect of different input variables on the estimation performance. 

The objective function defines the magnitude of the error in solving for the muscle 

synergy matrix 𝑊 . In the current study, the objective function is derived from the 

Euclidean distance measure, which is a widely used method. In the future, it should also 

compare the reconstruction errors under different objective functions so that the 𝑊 

can represent the muscle synergy matrix to the greatest degree possible. For the 

approximation methods, this study adopted simplified techniques in muscle synergy 

feature selection. The top 6 muscle synergies (VAF > 90%) were determined as inputs 

to the prediction model to reduce computational costs and increase computational 

efficiency. While this approach is generally accepted, the remaining six muscle 

synergies may also improve the estimation performance of the model. Therefore, future 

research should also consider combining both computational cost and model 

performance to determine the number of muscle synergies. 
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5. Conclusions and future work 

5.1 Conclusions 

This thesis explored the intrinsic laws of lower limb injury risk during landing by 

constructing an advanced musculoskeletal model, as well as developing a prediction 

model of lower limb biomechanics based on machine learning for accurate motion 

monitoring, which ultimately: 1) provide new insights for the optimization of landing 

strategies and thus provide important theoretical support for the development of ACL 

injury prevention training or related rehabilitation programs; 2) will enable applications 

in a wider range of sports training and injury monitoring to improve human 

performance and reduce sports injuries. 

The first section of the thesis revealed that lower limb neuromuscular fatigue 

increases the ACL dynamic loading force during SL, thereby increasing the risk of ACL 

injury. After-fatigue SL is characterized by less knee and hip flexion than before-fatigue 

SL, this hard landing inevitably results in increased impact loading on the supporting 

leg during SL, thereby increasing the risk of lower limb injury. This result is associated 

with a smaller AICA (plantarflexion angle) and AROM movement pattern of the ankle 

joint during after-fatigue SL. There was a significant difference in ankle motion patterns 

between before-fatigue and after-fatigue SL. By increasing the AICA and AROM 

during SL, the energy dissipation of the lower limb joints can be increased and the PAF 

reduced, thus reducing the impact loads on the lower limb joints and reducing lower 

limb injuries, including ACL injuries. The findings of this section can provide new 

insights for the optimization of landing strategies and thus provide important theoretical 

support for the development of ACL injury prevention training or related rehabilitation 

programs. 

The second section of the thesis revealed the applicability of XML methods that 

can interpret the results of ML decisions for clinical landing analysis, and their great 

promise for future application and implementation. This study explored the landing 

pattern recognition between classes, which provided a feasible framework for realizing 

the interpretability of ML decision results in clinical landing analysis, and provided 

methodological reference and a solid foundation for future clinical diagnosis and 

biomechanical analysis. This study can not only satisfy the traditional decision problem 

between classes, but also largely solve the lack of transparency in clinical landing 

pattern recognition. Also, in order to facilitate future clinical applications, in addition 

to the color-coded waveform figures presented in the current study, translation of the 

predictive interpretation results into an easy-to-understand text format should be 

considered. This will enable the research method to be understood by more people, and 

also provide clinical experts with more in-depth and intuitive explanations when 

analyzing landing patterns. 

The third section of the thesis explored the relationship between ankle joint motion 

patterns and lower limb injury risk during SL. To more realistically revert and simulate 

the ACL injury mechanics, this study developed a knee musculoskeletal model that 

reverts the ACL ligament to a nonlinear short-term viscoelastic mechanical mechanism 

(strain rate-dependent) generated by the DCT as a function of strain. The current results 
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revealed that the appropriate increases in AICA and AROM may reduce the lower limb 

injury risk, particularly ACL injuries, but this may increase the LAS risk. AICA in the 

approximate range of 30° to 40° and AROM in the approximate range of 50° to 70° is 

likely to balance the association between the LAS and ACL injury risk. It is essential to 

strengthen the training of the muscles, the medial and lateral tissues, ligaments around 

the ankle. This can reduce lower limb injury risk while avoiding ankle joint injury when 

AICA and AROM are increased. This study has the potential to offer novel perspectives 

on the optimized application of landing strategies, thus giving crucial theoretical 

backing for decreasing the injury risk of the lower limb during SL. 

The fourth section of the thesis concluded that the use of a larger ankle 

plantarflexion angle during landing may be an effective solution to reduce knee impact 

load. This study revealed that a smaller ankle plantarflexion angle during landing may 

increase the risk of rupture of the medial femoral attachment area in the ACL, and other 

tissues around the knee joint. Meanwhile, the stresses on the meniscus and femoral 

cartilage increased with decreasing ankle plantarflexion angle during landing. Increased 

stress on the meniscus and femoral cartilage implies that the knee is exposed to 

increasing impact loads, which results in an increased risk of knee-related injuries. 

Therefore, a special landing mode by actively increasing the ankle plantarflexion angle 

at initial contact should be proposed to reduce the risk of knee-related injuries, 

particularly ACL injury. 

The fifth section of the thesis introduced a metaheuristic optimization algorithm 

to optimize the prediction model based on existing machine learning models, and 

further optimizes the prediction results by combining the discovered linear relationship 

between AICA, AROM and PAF to achieve accurate prediction of the ACL dynamic 

load force during SL using simple and easy-to-measure kinematic data. In general, the 

proposed prediction model has low input variable demands (sagittal joint angles), 

excellent generalization capabilities and superior performance in terms of high accuracy. 

For researchers who favor direct application, the computational method proposed in the 

current study avoids the high-cost, time-consuming, and complex process of 

biomechanical model construction and simulation calculations with extremely small 

errors. Furthermore, this study is expected to be promoted and applied to a wider range 

of sports training and injury monitoring to improve the body's sports performance and 

reduce sports injuries. 

The sixth section of the thesis proposed a movement intention detection 

technology for estimating each joint continuous kinematic variable. We first extracted 

the lower limb muscle synergy patterns of healthy subjects and patients through NNMF, 

and then mapped the lower limb muscle synergy patterns to each joint continuous 

motion variable based on the constructed ANFIS non-linear regression model. It was 

demonstrated that the proposed ANFIS model driven by the NNMF-extracted muscle 

synergy patterns will be able to estimate the joint movements of the lower limb 

accurately and reliably, and that this effectiveness will also be radiated to patients. 

Future work from this study can be applied to sports rehabilitation in the clinical field 

by achieving more flexible and precise movement control of the lower limb assisted 

equipment to help the rehabilitation for patients. 
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5.2 Recommendations for future works 

This thesis only collected data from male subjects, and whether the intrinsic laws 

based on the results applies to female subjects needs to be further studied. Throughout 

the simulation calculations, the model only considers the effect of knee motion on the 

ACL, but does not consider that as the knee joint movement changes, the attached ACL 

ligament will in turn affect the DOF of the knee joint. However, in the real human body, 

the knee DOF and ACL interact with each other. The changes in the knee joint can cause 

ACL strain, which is transmitted to the knee joint structure, and then affects the range 

of motion and stability of the knee joint. Due to the complexity of the real human body 

environment, it is difficult for musculoskeletal modeling and simulation to completely 

restore the real state. In our future research, we hope to further optimize and develop a 

more accurate and realistic musculoskeletal model by considering the interaction 

between various structures.  

In addition, the parameters of the ACL, such as origin, insertion point, length and 

cross-sectional area of the ligament, were mainly based on data from previously 

published studies. In view of personalized differences, future research can consider 

combining medical imaging data (MRI and CT) to construct a subject-specific ACL 

model of the knee joint. On the other hand, researchers may also consider combining 

machine learning and data-driven approaches to optimize the model parameters with 

the help of a large amount of experimental and simulation data. This can improve the 

accuracy and generalization ability of ACL force prediction models. This study selected 

only one standard subject for finite element analysis. Considering the inherent inter-

individual characteristics, future studies need to be further refined. 

Given the feasibility and ease of operation of the prediction model, this study 

explored simple and easy-to-measure parameters as predictors whenever possible, but 

the data processing still requires users to have some basic skills. In the future, I plan to 

combine the proposed ACL force prediction model with a subject-specific 

musculoskeletal model, and use it as an effective and accurate ACL injury risk 

assessment tool. Furthermore, it will be promoted and applied to a wider range of sports 

training and injury monitoring to improve the body's sports performance and reduce 

sports injuries. 

The current work highlights the applicability of XML methods that can interpret 

the results of ML decisions for clinical landing analysis, and their great promise for 

future application and implementation. In order to facilitate future clinical applications, 

in addition to the color-coded waveform figures presented in the current study, 

translation of the predictive interpretation results into an easy-to-understand text format 

should be considered. This will enable the research method to be understood by more 

people, and also provide clinical experts with more in-depth and intuitive explanations 

when analyzing landing patterns. 

For the prediction model of lower limb joint movements, the current work only 

selected the data on the movement of stairs descending to assess the accuracy of the 

proposed model. This is because the movements involved in stair descending are more 

complex than in other daily activities and the corresponding movement intentions are 

more difficult to estimate. Future work should consider the feasibility and accuracy of 
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detecting other movement intentions. In addition, we used only 16 subjects' movement 

data on the same day to train the model, which may result in poor generalization of the 

model when detecting other subjects' movement intentions. Therefore, future research 

should also consider collecting a large sample of data to train the model in advance, so 

that the model can achieve a fast and accurate estimation of movement intention while 

having good generalization. This study integrated the muscle synergy space of the 

original time series 𝑀𝑆(𝑡) and the muscle synergy space with the first-time data point 

removed 𝑀𝑆(𝑡 − 1) as input variables. From the current prediction results, although 

the overall estimation performance of the model is excellent, future research should 

also explore the effect of different input variables on the estimation performance. 

The objective function defines the magnitude of the error in solving for the muscle 

synergy matrix 𝑊 . In the current study, the objective function is derived from the 

Euclidean distance measure, which is a widely used method. In the future, we should 

also compare the reconstruction errors under different objective functions so that the 

𝑊 can represent the muscle synergy matrix to the greatest degree possible. For the 

approximation methods, we adopted simplified techniques in muscle synergy feature 

selection. The top 6 muscle synergies (VAF > 90%) were determined as inputs to the 

prediction model to reduce computational costs and increase computational efficiency. 

While this approach is generally accepted, the remaining six muscle synergies may also 

improve the estimation performance of the model. Therefore, future research should 

also consider combining both computational cost and model performance to determine 

the number of muscle synergies. 
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Thesis points 

1st Thesis points: 

I explored whether there are recognizable differences in the ankle motion patterns 

between before-fatigue and after-fatigue SL, and further explore the relationship 

between AIC, AROM and lower limb energy dissipation and PAF.  

As shown in Figure 64, the results suggested that the ACL dynamic load force will 

increase during after-fatigue SL, which suggested that the lower limb neuromuscular 

fatigue factor would increase the risk of ACL injury. There was a significant difference 

in ankle motion patterns between before-fatigue and after-fatigue SL, in which the total 

recognition accuracy was 71.96% and 66.43% for variables ACI and AROM 

respectively under three classification recognition algorithms. AICA showed a positive 

correlation with AED (𝑅2 = 0.6455), KED (𝑅2 = 0.3606) and HED (𝑅2 = 0.2189). 

Similar results were found for AROM, which also showed positive correlations with 

AED (𝑅2 = 0.5850), KED (𝑅2 = 0.3037), and HED (𝑅2 = 0.1538).  

Therefore, the increased risk of ACL injury during after-fatigue SL is related to the 

decrease of AICA and AROM, and the relationship between AIC, AROM and PAF is 

highly negatively correlated, the relationship with TED is highly positively correlated. 

I concluded that lower limb neuromuscular fatigue increases the ACL dynamic loading 

force during SL, thereby increasing the risk of ACL injury. This result is associated with 

a smaller AICA (plantarflexion angle) and AROM movement pattern of the ankle joint 

during after-fatigue SL. By increasing the AICA and AROM during SL, the energy 

dissipation of the lower limb joints can be increased and the PAF reduced, thus reducing 

the impact loads on the lower limb joints and reducing lower limb injuries, including 

ACL injuries. 

 

 

Figure 64 Recognizable differences in the ankle motion patterns and relevant results 
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between before-fatigue and after-fatigue SL. 

Related articles to the 1st thesis point: 

1. Xu D, Zhou H, Quan W, et al. Accurately and effectively predict the ACL force: 

Utilizing biomechanical landing pattern before and after-fatigue[J]. Computer 

Methods and Programs in Biomedicine, 2023, 241: 107761. Q1, IF=6.1 

2. Xu D, Lu J, Baker J S, et al. Temporal kinematic and kinetics differences 

throughout different landing ways following volleyball spike shots[J]. Proceedings 

of the Institution of Mechanical Engineers, Part P: Journal of Sports Engineering 

and Technology, 2022, 236(3): 200-208. Q2, IF=1.1 

3. Xu D, Zhou H, Baker J S, et al. An investigation of differences in lower extremity 

biomechanics during single-leg landing from height using bionic shoes and normal 

shoes[J]. Frontiers in Bioengineering and Biotechnology, 2021, 9: 679123. Q1, 

IF=4.3 

4. Xu D, Lu Z, Shen S, et al. The differences in lower extremity joints energy 

dissipation strategy during landing between athletes with symptomatic patellar 

tendinopathy (PT) and without patellar tendinopathy (UPT)[J]. Molecular & 

Cellular Biomechanics, 2021, 18(2): 107. Q4, EI 
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2nd Thesis points: 

For the datasets of before-fatigue and after-fatigue landing, I investigated whether 

XML can help with landing pattern recognition and to what extent it can aid in the 

interpretation of prediction results. I compared the classification recognition 

performances of several classical classification models on two class landing tasks, and 

then constructed the XML model based on the neural network model with the best 

recognition performance combined with LRP to explain the model classification 

recognition results (Figure 65).  

Meanwhile, the RS results derived from LRP were evaluated from the statistical 

and clinical perspectives. Both three classification algorithm models achieved high 

recognizability ( 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 > 90% ) in the nine classification tasks, and the 

classification performance level of ANN for the input signal is particularly outstanding 

in comparison to the other two models. From the classification performance, I found 

that based on the knee data as input signals the classification performance was better 

(𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 > 95%). There is a greater difference in sagittal landing patterns between 

classes in the three planes.  

For the detailed results of RS distribution, I found that the early landing phase 

contributed more to landing pattern recognition between classes, and the variable 

contribution during the 1%–22% landing phase reached 27.06%. For each joint, the 

largest summed contribution rate of RS was 41.02% in the knee joint, followed by 30.62% 

in the ankle joint and 28.36% in the hip joint. For each plane, the largest summed 

contribution rate of RS was 37.78% in the sagittal plane, followed by 32.55% in the 

transversal plane and 29.67% in the frontal plane. The knee flexion-extension angle 

variable was the most relevant trajectory variable in landing pattern recognition, and 

the contribution rate of RS reached 8.31%. Secondly, the knee flexion-extension 

moment, knee internal-external rotation moment, ankle dorsiflexion-plantarflexion 

moment, ankle internal-external rotation angle, were the followed relevant trajectory 

variables in landing pattern recognition, and the contribution rate of RS reached 8.03%, 

7.86%, 6.58%, 6.13%, respectively. In conclusion, I highlighted the applicability of 

XML methods that can interpret the results of ML decisions for clinical landing analysis, 

and their great promise for future application and implementation. 

 



149 

 

 

Figure 65 Explainable machine learning models for landing pattern recognition and its 

results. 

 

Related articles to the 2nd thesis point: 

1. Xu D, Zhou H, Quan W, et al. A new method applied for explaining the landing 

patterns: Interpretability analysis of machine learning[J]. Heliyon, 2024. Q1, 

IF=3.4 

2. Xu D, Quan W, Zhou H, et al. Explaining the differences of gait patterns between 

high and low-mileage runners with machine learning[J]. Scientific reports, 2022, 

12(1): 2981. Q1, IF=3.8 

3. Xu D, Zhou H, Jiang X, et al. New insights for the design of bionic robots: 

Adaptive motion adjustment strategies during feline landings[J]. Frontiers in 

Veterinary Science, 2022, 9: 836043. Q1, IF=3.2 
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3rd Thesis points: 

Furthermore, I investigated the relationship between ankle motion patterns (AICA 

and AROM) and the lower limb injury risk during SL, and proposed an optimized 

landing strategy that can reduce the injury risk. As shown in Figure 66, to more 

realistically revert and simulate the ACL injury mechanics, I developed a knee 

musculoskeletal model that reverts the ACL ligament to a NLSV mechanical 

mechanism (strain rate-dependent) generated by the DCT as a function of strain.  

As shown in Figure 66, the AICA exhibits a negative correlation with PVGRF (r 

= -0.591) and PAF (r = -0.554), a positive correlation with TED (r = 0.490) and PAIA 

(r = 0.502). The AROM exhibits a positive correlation with TED (r = 0.687) and PAIA 

(r = 0.600). The results indicated that the LAS risk is negatively correlated with ACL 

injury risk (r = -0.330, p < 0.001).  

Based on the determined intersection points, I found that 30° to 40° of AICA and 

50° to 70° of AROM were the more appropriate range to balance the injury risk between 

them. This range can be referenced by individuals during SL, but it should also be 

adjusted according to the person’s ankle dorsiflexion ability and the level of muscle 

function around the ankle joint. In addition, it is also necessary to strengthen the training 

of the muscles, the medial and lateral tissues, ligaments around the ankle joint, so as to 

increase the AICA and AROM to reduce lower limb injury risk while avoiding ankle 

joint injury. 

 

 

Figure 66 Illustration of the ACL model construction (DCTs with NLSR); 

Visualization of the interaction between the risk of ACL injury, ankle sprain and 

AICA, AROM. 

 

Related articles to the 3rd thesis point: 

1. Xu D, Zhou H, Quan W, et al. New insights optimize landing strategies to reduce 

lower limb injury risk[J]. Cyborg and Bionic Systems. 2024, 5: 0126. Q1, IF=10.5 
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4th Thesis points: 

In addition, I explored the effects of different ankle plantarflexion angles during 

SL on the risk of knee-related injury. This study developed the finite element model of 

foot-ankle-knee integration and ACL musculoskeletal model with NLSV mechanical 

mechanism. The internal load forces (musculoskeletal modeling) and stress (finite 

element analysis) around the knee joint were simulated and calculated to evaluate the 

risk of knee-related injury during SL.  

As the ankle plantarflexion angle increased during landing, both the peak knee 

vertical impact force (p=0.001) and ACL force (p=0.001) decreased significantly 

(Figure 67). The maximum von Mises stress of ACL, meniscus, and femoral cartilage 

decreased as the ankle plantarflexion angle increased. When landing at 20°, 30°, and 

40°, the maximum ACL stresses were 30.856 MPa, 27.053 MPa, and 24.592 MPa; the 

maximum meniscus stresses were 22.315 MPa, 20.073 MPa, and 17.972 MPa; and the 

maximum femoral cartilage stresses were 18.754 MPa, 17.012 MPa, and 15.429 MPa, 

respectively (Figure 67).  

The overall range of variation in ACL stress was small and was mainly distributed 

in the femoral and tibial attachment regions, as well as in the mid-lateral region. The 

current findings revealed that the use of larger ankle plantarflexion angles during 

landing may be an effective solution to reduce knee impact load and the risk of rupture 

of the medial femoral attachment area in the ACL. 

 

 
Figure 67 Overview of the model creation and impact load results. 
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5th Thesis points: 

Data-driven machine learning approaches are believed to perform modeling 

calculations faster than musculoskeletal models and also have higher prediction 

accuracy. I developed an ACL force prediction model by combining deep learning and 

the explored relationship between ACL force and ankle motion pattern.  

By substituting AICA and AROM as independent variables in the SSA-ELM 

prediction model (Figure 68), the model shows excellent prediction performance 

because of very strong correlation (𝑅2 = 0.9992,𝑀𝑆𝐸 = 0.0023, 𝑅𝑀𝑆𝐸 = 0.0474). 

Based on the equal scaling by combining results of SSA-ELM and SSA-LSTM, the 

prediction model achieves excellent performance in ACL force prediction of the overall 

waveform (𝑅2 = 0.9947,𝑀𝑆𝐸 = 0.0076, 𝑅𝑀𝑆𝐸 = 0.0873).  

Therefore, my study proposed a method for constructing a highly accurate and 

easy-to-implement ACL dynamic load force prediction model, which has low input 

variable demands (sagittal joint angles), excellent generalization capabilities and 

superior performance in terms of high accuracy. 

 

 

Figure 68 ACL dynamic load force prediction model and its prediction results. 

 

Related articles to the 5th thesis point: 
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6th Thesis points: 

To achieve an accurate estimation of lower limb joint movements during landing, 

I further proposed a novel movement intention detection technology for estimating 

lower limb joint continuous kinematic variables following muscle synergy patterns, to 

develop applications for more efficient assisted rehabilitation training. The surface 

electromyography of 12 muscles and lower limb joint kinematic and kinetic data from 

healthy subjects and patients during step-off landings from 30 cm-high stair steps were 

collected. The lower limb neuromuscular synergy pattern was then imported into the 

developed adaptive neuro-fuzzy inference system non-linear regression model to 

estimate the human movement intention during this movement pattern (Figure 69).  

Six muscle synergies were determined to construct the muscle synergy pattern 

driven ANFIS model. Three fuzzy rules were determined in most estimation cases. As 

shown in Figure 69, combining the results of the four error indicators across the 

estimated variables indicates that the current model has excellent estimated 

performance in estimating lower limb joint movement. The estimation errors between 

the healthy (Angle: R2=0.98±0.03; Torque: R2=0.96±0.04) and patient (Angle: 

R2=0.98±0.02; Torque: R2=0.96±0.03) groups are consistent.  

The proposed model of this study can accurately and reliably estimate lower limb 

joint movements, and the effectiveness will also be radiated to the patient group. This 

revealed that the models also have certain advantages in the recognition of motor 

intentions in patients with relevant movement disorders. 

 

 
Figure 69 Overview of the NNMF-ANFIS model creation and prediction model 

results. 

 

Related articles to the 6th thesis point: 
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